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Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.1 Solving Biological Problems using ComputersWe are interested in computational problems motivated by Molecular Biology. The prob-lems are interesting and practical solutions are much needed. Most of the problems oneruns into, almost without exceptions, are hard. Sometimes, the idealized problems, assum-ing no experimental error, are not very di�cult - consider the problem of sequencing usingk-tuple probes [23]1. This has a polynomial time solution but the presence of experimentalerrors makes the problem di�cult. Thus in most cases the task then is to devise practical,e�cient approximate algorithms.Needless to mention, it is important to understand not just the problems but the processesthat give rise to them. Most of the problems arising today are due to the prevalentDNA (or other) technology. It is quite conceivable that a surprising discovery/inventionmay change the total nature of the problems within half a decade! For example, the GelElectrophoresis technology (see section 2.9.1) gave rise to partial digest and double digestproblems (see section 2.11.1) which are undoubtedly interesting computational problems.But came along a new technology called Optical Mapping which completely bypasses theissue of ordering of segments, but has brought in a host of other interesting computationalproblems.Keeping the volatile nature of this �eld in mind, the �rst section briey reviews some ofthe aspects of Molecular Biology and the current technology employed in the laboratories.The di�erent computational problems are many and varied - sometimes the problems arefuzzy (What is the objective function in the alignment of trees problem? ), and the toolsemployed novel and controversial (Is genome rearrangement a string problem or an energyoptimization problem?). As the reader may already suspect, it is hard to place one's �ngerson the right set of tools. In the second section we discuss, in some details, some of thetools that have been around for a while and are fairly well-studied and what we believetackles problems close to currently posed computational biological problems.In the next section we give our version of the taxonomy of the various problems based onthe currently o�ered solutions.We conclude with a short discussion on Genomics.
1This is equivalent to �nding conditions under which an Eulerian cycle exists in an intersection graph.4



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.2 Molecular Biology - a whirlwind tourThe term molecular biology was coined in 1939, by Warren Weaver, in a report to thepresident, at a time when X-ray crystallography was being fervently pursued to unravelthe structure of proteins. By now, which is about six decades later, it is a well established�eld with open problems challenging natural scientists and mathematicians alike.In this section we will briey go over the basics to understand the the source of the variouscomputational problems, and, familiarize ourselves with the vocabulary of biologists andbiochemists as much as we possibly can.2.1 Living OrganismsLet's start at the very beginning, a very good place to start: the classi�cation of livingorganisms.� Virus: A sub-microscopic organism that is incapable of reproduction outside a hostcell. It consists of a genome, DNA or RNA, and, a protein body. Thus a virus hasno bio-synthetic activities: it usurps the host bacteria and multiplies.� Prokaryotes: Unicellular; the only organelles in the cell are ribosomes and, a genomeconsisting of a single closed loop of DNA2. Note the absence of nucleus in the prokary-otes. Almost no genetic diversity and asexual reproduction via cell division3.Example: bacteria.� Eukaryotes: Single or mostly multi-cellular; have various specialized organelles asshown in Figure 1. Sexual reproduction, a mechanism for increasing the geneticdiversity is common.Example: all higher order organisms like plants, mice, humans etc.2.2 Atomic BondsAtoms are the basic construction units of molecules, whose aggregates make up the or-ganelles in the cell. We take a look at the bonds between atoms as it is believed that thenature of the bonds are critical in determining the three dimensional con�guration of themolecules.The most commonly found atoms in molecules of living organisms are carbon (C), hydro-gen (H), nitrogen (N), oxygen (O), phosphorus (P) and sulfur (S). The atoms are heldtogether, to form molecules, by basically two kinds of bonds discussed below. The energyis given in the number of kilocalories in the bonds of a mole (6:02 � 1023 molecules), theunits are kcal/mol.2Further, prokaryotes have no introns in their DNA sequence.3omnis cellula e cellula: cell divides to multiply!5
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Figure 1: Membrane-bound internal structures, called organelles, and their functions ineukaryotic cells. 6



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.1. Covalent Bonds: Such bonds are said to exist when two atoms are held togetherbecause electrons in their outer shells are shared by both atoms. The energy isaround 100 kcal/mol.2. Weak Bonds: These are weak bonds whose energy varies from 0:1 to about 5kcal/mol. They are of several types:(a) Hydrogen bond: A weak electrostatic bond formed between a negatively chargedatom (say oxygen) and a hydrogen atom.(b) Ionic Bond: This is formed between oppositely charged components of molecules.They are considerably weakened (thus in the weak bond category) in water.(c) Van der Waals Interactions: When two atoms are close together, random move-ments of electrons bring about a bonding in neighboring atoms, irrespective ofwhat speci�c atoms they are.(d) Hydrophobic interactions: This is between molecules in water that can not in-teract with it: the attraction is due to their aggregation in water.Cells have at three kinds of \large" molecules, called macromolecules: DNA, RNA andProteins.2.3 Structure of DNA/RNAOur focus is on the chromosomes, found in the nucleus, which contain the blueprint forthe entire organism. In the following sections we study its structure and the mechanismby which the blueprint is interpreted.The \genetic material" in organisms are genes, which is composed of deoxyribonucleic acid,DNA. DNA is a very large molecule, and is made of small molecules called neulceotides.It consist of two complementary chains twisted about each other in the form of a doublehelix. Each chain is composed of four nucleotides that contain a deoxyribose residue, aphosphate, and a pyramidine or a purine base. The pyramidine bases are thymine (T) andcytosine (C); the purine bases are adenine (A) and guanine (G). The \side" of the doublehelix consist of deoxyribose residues linked by phosphates. The \rungs" are made of anirregular order of pyramidine and purine bases. The two strands are joined together byhydrogen bonds existing between the pyramidine and the purine bases: Adenine is alwayspaired with thymine (AT) and guanine is always paired with cytosine (GC). See Figure 2.RNA is very similar to DNA with the following di�erences:1. It is single stranded, i.e., only one backbone, with the bases, is present;2. OH is attached to C20 of the sugar residue, instead of H, in the backbone, as shownin Figure 2, and,3. Uracil replaces the pyramidine base Thyamine.7
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Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Orientation of DNA strands: Note that the structure of the sugar is asymmetric, i.e., itsbottom and top ends (where it is attached to the neighboring phosphates) are not identical.These are designated 50 and 30 to distinguish the two ends. Also the the backbone pair isoppositely directed. Thus, the ends of the DNA strands are designated 50 and 30.Size of DNA: How large is the macromolecule? Let us look at its size in terms of thebase pairs. The human genome contains 23 chromosomes which consists of approximately3:6 � 109 base pairs. In contrast, the chromosome of Escherichia Coli contains only4�106 DNA base pairs. Also, mitochondrial DNA (mt-DNA)4 for is about 16�103 basesin length, and is circular rather than linear.DNA can be classi�ed in at least two ways:� By structure.1. Repetitive DNA (SINES & LINES) : The major human SINE (short interspersedrepeated sequences) is the Alu DNA sequence family which is repeated be-tween 300; 000 and 900; 000 times in the human genome. The function of Aluis unknown and the reason for their very high frequency in the human genomeremains a mystery. LINES (long interspersed repeated sequences) has a con-sensus sequence of 6400 base pairs. This is repeated between 4000 and 100; 000times. As with the Alu sequence the function of these sequences are unknown.2. Unique sequence DNA: This contain sequences that code for mRNA. In general,genes are comprised of unique sequence DNA that encodes information for RNAand protein synthesis. mt-DNA consists mostly of unique sequence DNA.� By function.1. Exons: These are the functional portions of the gene sequences that code forproteins.2. Introns: These are the noncoding DNA sequences of unknown function thatinterrupt most mammalian genes.2.3.1 Chromosome StructureThe genome of an organism consists of smaller units, chromosomes: corn has 20, certainfruities have 8 chromosomes, rhinoceroses 84, humans and bats have 46.Each chromosome contains a single molecule of DNA organized into several orders ofpackaging to construct a metaphase chromosome: the length of this is about 0:0001 timesthe length of its DNA. DNA, along with the binding proteins, is called chromatin. Histonesare the structural proteins of the chromatin and are the most abundant proteins in thenucleus. Figure 3 shows some interesting details.4As the name suggests this is non-genomic DNA found in the mitochondria. It codes some 13 proteinsin humans and mutation in the mt-DNA is responsible for diseases like Leber's optic atrophy and istransmitted solely by mothers - an example of nonmendelian inheritance.9
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telomerescentromereFigure 3: Packaging of DNA: the �gure gives a sense of the scale we are dealing with.Euchromatin forms the main body of the chromosome and has relatively high density ofcoding regions or genes. The chromosome bands de�ne alternating partitions of euchro-matin with di�ering properties.� R bands: These stain light with a procedure called the G banding procedure. Theyhave a relative high content of guanine and cytosine; have the majority of SINES(see section 2.2), and, have the highest gene density.� G bands: These stain dark with the G banding procedure. They have a higher contentof adenine and thymine; have the majority of LINES (see section 2.2), and, haverelatively fewer genes.Heterochromatin is chromatin that is either devoid of genes or has inactive genes.Each chromosome consists of two parallel strands, the sister chromatids, which are heldtogether by a centromere. the centromere consists of speci�c DNA sequences that bindproteins. Telomeres are DNA sequences found at the ends of the chromosomes, whichare required to maintain chormosome stability. Chromosomes without telomeres that tendto recombime with other chromatin segments are generally subject to breakage, fusion,and eventual loss. The terminal segments of all chromosomes have a similar sequence(TTAGGG), whihc is present in several thousand copies. Telomere sequences facilitateDNA replication at the end of chromosomes.DNA Supercoiling: Every cell in a complex multicellular organism has identical copies ofDNA, yet a liver cell functions di�erently from a skin cell, say: how does each cell know10



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.its di�erent functions? It is quite clear that the base pair sequence information alone doesnot su�ce to explain the functions of the chromosomes. This and many other questionscan, perhaps, be understood by studying the 3-dimensional structure of the chromosomes.It is believed that understanding the highly coiled structure of the DNA strand is criticalin de�ning its 3-dimensional structure and its functionality. Figures 4 and 5 explain asimple model based on linking numbers.
a b cFigure 4: Supercoiling of DNA: (a) A pair of DNA strands with no twists. (b) Helicalstructure of the pair of DNA strands: T is the number of twists. (c) In a closed loop,shown by joining the ends of the dotted line, the twisted helical structure can be furthercoiled (hence called supercoil): W denotes this twist or writhe. The linking number, L, ofa closed DNA loop is de�ned as L = T +W .2.3.2 RNA Secondary StructureA single stranded RNA viewed as a linear sequence of nucleotide bases is called theprimary structure. Secondary Structure is the one obtained by allowing the bases of thissingle strand to form Watson-Crick pairs without crossing5. Figure 6 shows a secondarystructure.An interesting set of problems is predicting the RNA structure, given the sequence ofbases[17].5In other words this is a planar graph which satis�es the following: if ai pairs with aj and ak with al,with i � k � j, then i � l � j. 11



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997. a
b c dFigure 5: Conservation of linking number of a closed DNA loop: (a) 3 twists of a linearDNA unwound. (b) Loop formed by the DNA shown in (a): its linking number has gonedown by 3. (c) A possible supercoil structure making up for the loss if 3 in T , so that Wgoes up by the same number. (d) An alternate structure to (c).

Figure 6: RNA secondary structure: The dots denote the bases, the dotted lines denotethe pairing of bases and the solid line denotes the backbone of the RNA. This is a possibleRNA secondary structure, termed the clover leaf.12



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.2.4 Structure of ProteinProtein consists of amino acids linked together by peptide bonds. The commonly occur-ing amino acids are of 20 di�erent kinds which all contain the same dipolar ion group+H3N�CjH�COO�-. The -NH�CjH�CO- group derived from it by the elimination of H2O,forms the backbone of the polypeptide chain6. See Figure 7. The carbon in the center iscalled the �-carbon, �-C. Speci�city is provided by the 20 di�erent kinds of side-chainsattached to the �-carbon.Orientation of the polypeptide: As in the backbone of the DNA/RNA, we note that eachmonomer is really not symmetric: it has -NH- on one end and -CO- on the other conferringa natural orientation to the chain.3-dimensional conformations: The amino acid sequences of proteins dictate their three-dimensional structures. This is the mechanism by which the one-dimensional geneticcode stored in DNA is translated into three dimensions (see section 2.7): Nucleotidesequence enciphers amino acid sequence; amino acid sequence encodes three-dimensionalconformation. We cannot predict the conformation of a novel protein structure fromits amino acid sequence. However, some general principles of protein architecture havebecome clear, in that the nature of the interactions that stabilize native conformations, andsome of the structural implications have been identi�ed.2.4.1 Classi�cation of Protein TopologiesThe most useful classi�cation of families of protein structures is based initially on thework of Levitt and Chothia [19]. Their classi�cation is grounded on the general propertiesof secondary and tertiary structure in proteins. The hierarchical classi�cation of proteins,or domains within protein structures, is as follows.1. Primary Structure: A protein molecule may consist of one or more polypeptide chainsthat, together, may contain between a hundred and several thousand amino acidresidues. The longest chain yet discovered is a muscle protein, titin, with over27; 000 residues!Some proteins contain one or more nonprotein (prosthetic) groups which form thesites of their catalytic activity. These may be metal ions or metal-organic compounds.2. Secondary & Tertiary Structure: Secondary structure refers to the next level of detailof the polypeptide chain; tertiary structure refers to the relationship between thesecommonly occuring secondary structures.At �rst sight it would appear that a polypeptide chain might be able to assume avery large number of di�erent con�gurations, but they are subject to the followingrestrictions:� rotation is restricted to a greater or lesser extent about each of the three dif-ferent bonds making up the chain (see Figure 7), and,6This is analogous to the backbone of the RNA strand.13
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Figure 7: Linkage of two amino acids forming a single polypeptide. The dotted ellipseshows the peptide bond. The bonds shown in bold are the only three axis of rotation givingrise to a conformation.� no con�guration is stable unless it allows every imino group (NH3) to be hy-drogen bonded to a carbonyl (CO) belonging either to the same chain, that isthe next amino acid residue, or to a neighboring chain.The secondary structures (along with their tertiary structures) are as shown below:(a) �-helical: The polypeptide chain has a helical structure de�ned by (1) rise perresidue, and, (2) angular displacement per residue.Example: hair and wool.(b) �-sheet: This is formed by the lateral hydrogen-bonding of di�erent strands.The strands may all be parallel, in the sense of the orientation described before,or may be anti-parallel, that is alternate in orientation, or mixed. The sheetmay be at or twisted. Some of the tertiary structure is as follows.i. parallel �-sheet: Contains two sheets packed face to face in which thestrands are almost parallel.Example: prealbumin.ii. orthogonal �-sheet: Contains two sheets packed face to face in which thestrands are almost perpendicular.Example: concanavalin.iii. other �-sheet: The strands of the sheets may be shaped like a \propeller"or a \barrel".Example: Inuenza neuraminidase.(c) �=�, � + �: The secondary structure contains both �-helix and �-sheets. Thetertiary structure is as follows:i. �=�: Helixes and sheet assembled from �-�-� units and the strands ofsheet are parallel. These are further of two kinds:14



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.A. �=�-linear: The line through centers of strands is roughly linear.Example: alcohol dehydrogenase.B. �=�-closed: The line through centers of strands is roughly circular.Example: triose phosphate isomerase.ii. � + �: �-helixes and strands of �-sheet separated in di�erent parts of themolecule (without the �-�-� supersecondary structure).Example: papain.(d) Irregular structures: A classi�cation of proteins based on secondary structuremust eventually face the structures that contain very few of their residues inhelix and sheets. These tend to be stabilized by additional primary chemi-cal bonds, like disulphide bridges in wheat germ agglutinin, or, iron-sulphurclusters in ferridoxin.(e) Loops: (It is not clear where loops �t in this structural hierarchy.) Loops refer tosections of the polypeptide chain that connect regions of secondary structure. Atypical globular protein contains two-thirds of its residues in helix and sheets,and one-third in loops. In many enzymes, loops contain functional residues.Because loops tend to be more exible in conformational changes than helixand sheets, they are often used when a protein needs to respond to changes instate of ligation.2.4.2 Protein Structure PredictionWhen the nucleotide sequences of genes coding for unknown proteins are determined, howis the structure and function obtained? This is not easy to answer. Basically there aretwo approaches to the problem: the computational approach and the matching approach.1. The Computational Methods: For the computational model, we may look upon thesequence of amino acids as a string of beads. The input to these computationalmethods is an ordered sequence of amino acids A0; A1; : : : ; AN7.Let us look at some important properties of the amino acids that are critical in thecomputational methods. Each bead is either hydrophobic (H) or polar (P). TheH-type monomers (beads) exhibit strong pairwise attraction.(a) Energy Minimization Model: This assumes that there exists a potential energyfunction for the protein and further, that the native or the folded state corre-sponds to the structure with the lowest potential energy and is thus in a stateof thermodynamic equilibrium.The three dimensional con�guration of the sequence de�ned by the following:� l1; l2; : : : ; lN where li is the Euclidean distance between Ai�1 and Ai.� �1; �2 : : : ; �N�1 where �i is the angle between the two segments Ai�1Ai andAiAi+1 in the plane de�ned by the positions of Ai�1; Ai and Ai+1.7Recall that there exist about 20 possible amino acids, hence each Ai can have one of the 20 possiblevalues. 15



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.� �2; �3 : : : ; �N�1 where �i is the angle of torsion between the plane de�nedby the positions of Ai�2; Ai�1 and Ai and the segment AiAi+1.It is easy to see that the li's, �i's and �i's de�ne a unique con�guration. Thegoal is to obtain these 3N � 3 values.Let us de�ne the potential energy U , whose global minimum we are seeking asthe solution [20]. U = L + � + � + Cwhere, L = NXi=1Kl(li � l0i)2;� = N�1Xi=1 K�(�i � �0i)2;� = N�1Xi=2 Kn[1 + cos(n�i + �)];C = NXi=1 NXj=1;j>i+1 �i;j 0@ �i;jri;j !12 � 2Hi;j  �i;jri;j !61A :Kl and K� are the bond stretching and angle bending force constants; l0i and�0i are the preferred lengths and bends. Kn is the n-fold torsional constantwith a phase shift of �. This term provides for prefered torsion angles withinthe molecular structure. If n = 3, and � = 0, the preferred torsion angles are60�, 180�, and 300�. C is the Lennard-Jones pairwise potential. �i;j and�i;j are the Lennard-Jones coe�cients. ri;j is the Euclidean distance betweenAi and Aj. Hi;j = 1, if Ai and Aj are both H-type and 0 otherwise.As the reader may observe this function is indeed very di�cult to minimizeglobally. In the literature there are various reports of solving this approximatelyfor simpli�ed models (homo-polymer problems for instance where A1 = A2 =: : : = AN , for small N) [21].(b) The Lattice Model:The number of all possible conformations of a polypeptide chain is too large tobe sampled exhaustively, yet protein sequences do fold into unique native statesin milliseconds - this is known as the Levinthal paradox. Lattice models havebeen used to address the protein folding problem - one simple model is shownin Figure 8 where the protein chain is a represented as a string of beads on a3D cubic lattice. The energy of the con�guration, U is:U =Xi Xj;j>i �i;jCi;j;where �i;j = 1 if Ai and Aj are in contact and is 0 otherwise. Ci;j is the contactenergy as shown in the last section.The problem can be further simpli�ed by letting a monomer take a positiondepending on whether it is H-type or P-type and the types of its neighbors.Even this is a hard problem. 16
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Figure 8: Lattice model for protein folding. An example of a compact self-avoiding struc-ture of 27 monomers (numbered circles).2. The Pattern Matching Method: In this the structure is predicted by a process ofmatching with the known data base. The Protein Data Bank (PDB) is the collec-tion of publicly available structures of proteins, nucleic acids, and other biologicalmacromolecules. Currently, it has around 600 structures determined by X-ray crys-tallography or neutron di�raction or X-ray �ber di�raction or hypothetical models.The protein of known structure that is closest to the new protein is obtained, byusing some distance measures between the amino acid sequences (see section3.1.5).In the most favorable case, the new protein will be recognizable as a family of pro-teins of known structure. If, in an optimal alignment, over 25% of the residues areidentical, it is fairly safe to conclude that the two proteins have the same fold.2.5 Cell Division (Mitosis & Meiosis)There are two kinds of cells: somatic and germ, (also called gamete) cells. For lack of abetter description, somatic cells are regular cells and germ cells are the reproductive cells.Both the cells, multiply by division, called mitosis. Germ cells also have a special celldivision called meiosis. We shall not get into the details of each of this but give a generaloverview of the processes.Chromosomes eluded mankind until early this century, even after the advent of powerfulmicroscopes. It was seen, early this century, that during the cell division process, mitosis,certain structures became visible when appropriately dyed - hence the term chromosomes.These condense during mitosis, becoming visible under a microscope.17



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Meiosis process is more interesting than the mitosis, in the sense that mitosis is an exactcopying mechanism so far as the chromosomes are concerned whereas meiosis producessome variations, called cross over, leading to genetic variations. In this the pair of ho-mologous chromosomes in diploids 8, exchange material from corresponding regions. Thecross over information can be used to form a genetic map based on traits. Lot of traits arelinked, in the sense that these traits are passed on together, as a single package deal, tothe o�springs: for example, color of eyes, size of wings and color of the body in Drosophila.But occasionally, the traits switch groups and this is attributed to cross over. The moreoften a linked pair get separated, the further they are on the chromosome. Thus a mapcan be formed for each chromosome, listing the traits (or the genes corresponding to thetraits) in linear order with rough distances between them. The unit of this distance wasnamed morgan 9, by the biologist J. B. S. Haldane.The cell division involves the replication of the chromosomes, that is, the DNA. Let uslook at the replication process occuring naturally in living cells and also see how molecularbiologists use this knowledge to carry out controlled replication within and without livingcells.2.6 A Simpli�ed Model of HeredityThe chromosomes can be grouped into pairs: similar members of a pair are said to behomologous to one another. As seen in section 2.4.2, there are two kinds of cells: somatic,which are diploids10, and, gametes, which are haploids11. An allele, or gene, is responsiblefor a trait12, say the color of eye (in Drosophila). Most alleles are of two types: dominant,say A, and, recessive, say a. Each allele type corresponds to an attribute of the trait: forinstance, A could be responsible for purple eyes and a for red eyes. Since the allele ispresent in both the homologous pair, which trait is expressed when one of each is present?The dominant allele, as the name suggests, dominates: trait of a is expressed for the pair(a; a) and trait of A for (A;A), (A; a), (a;A).After understanding the mechanism of heredity, a natural question that arises is, whatare the chances of two (non-twin) siblings, of the same parents, being (genotypically)identical? Assume the organism has N pairs of chromosomes. Let's look at the aspectsthat bring about genetic variety.� Chromosome combination: A gamete is a haploid, consisting of one chromosomedrawn from each of the N homologous pair. Thus there are 2N possible kinds ofgametes for each of the parent. Thus the chance of two siblings having the samegenotype is 12N�2N = 14N .8Diploids are those that have two homologous chromosomes.9Thomas Hunt Morgan and colleagues, early this century, gave a physical basis to to the then forgottonMendelian theory by demonstrating structural relationship between genes and chromosomes.10It has pairs of homologous, i.e., two copies (not necessarily identical), chromosomes.11It has only one copy of each of the chromosome.12Certain traits cannot be attributed to a single allele pair. Traits that are a result of a single allelepair are called monongenic. 18



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.� Crossing-over: This is further complicated by the crossing-over between sister chro-matids during meiosis. Assuming, on an average, upto k cross-overs occur per chro-mosome, the number of possible gametes from one parent is dN where d = Pi=ki=0 2i(using a very simpli�ed model). The probability of identical siblings is 1d2N .� Random Variations: Further, some short sequences of base pairs may undergo changes,that is switch to other bases, due to unexplained reasons.Signi�cant random variations, or the third factor, bring about mutation, and it is believedto be the mechanism of evolution. Thus studying the transformation of the genome of onespecies (like the mouse, for instance) into another (like the human) has given rise to the(computational) Genome Rearrangement Problems [11], [12].2.7 DNA ReplicationLet us look at the chief actors and the roles they play in the replication process:� Primer: This is the initiator of the new strand. The usual primer is a very shortstrand of RNA with four to twelve nucleotides.� Catalytic Agents(DNA polymerase): An enzyme that catalyzes the polymer formationprocess.� A Master template: The parental DNA strand.� Building Blocks(dNTPs/deoxyribonucleoside triphosphates): As expected, they areof four kinds : dATP, dCTP, dTTP and dGTP corresponding to the four bases.Starting from a single double-stranded parental DNA molecule, the replication processgives two identical double-stranded daughter molecules. Both the daughter molecules aresuch that one of the strands is that of the parent and the other is the new synthesizedstrand.The replication of the entire strand of DNA occurs in parallel in short strands all over themolecule and merges �nally in a rather complex way. Let us look at the steps involved inthe replication at a single site, anked by two origins of replication.1. The parent strand uncoils or denatures.2. The two uncoiled strands replicate.(a) A base in the parental strand attaches to the dNTP, by hydrogen bonds, con-taining the complementary base. Thus the dNTP is �xed in position.(b) The DNA polymerase catalyzes the creation of an -O-P-O- bridge between thebases, thus forming covalently bonded bases.19



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Note that the chain grows only in one particular direction, the 50-to-30 direction. Asa result one strand duplicates continuously but the other (which must proceed in theopposite 30-to-50 direction) does so in short strands called Okazaki fragments.3. The two new pairs of strands recoil or renature or anneal.How erroneous is the process? The chances are one in a billion that a base in the synthe-sized daughter DNA would be incorrect!2.8 Protein Synthesis (DNA!RNA!Protein)This section describes how the \blueprint" is put into e�ect. Every protein, found in theliving body, is synthesized by \executing the program encoded in the DNA".The protein synthesis follows in the following steps:1. Transcription: A DNA segment, a gene, serves as the template for the synthesis ofa single stranded RNA, messenger RNA (mRNA). Note that the base Uracil (U)replaces the base T.This is similar to DNA replication and requires the essential ingredients: catalyticagent, the RNA polymerase; the Master template, the DNA segment; the buildingblocks, the NTPs (ribonucleoside triphosphates). Note the absence of the primer.(a) The RNA polymerase attaches itself to the promoter segment of the doublestranded DNA.(b) The DNA segment denatures.(c) The RNA polymerase facilitates the hydrogen bonding of exposed bases withthe complementary NTPs. The RNA polymerase further catalyzes the covalentbonding between the bases (see DNA replication for more details). Thus themRNA grows in the 50-to-30 direction.(d) The DNA segment renatures.2. Splicing: In eukaryotes, both the exons and the introns are transcribed. The resultingprimary transcript is spliced; that is, each intron is removed and the exons are linkedtogether.This step is absent in prokaryotes. The mRNA leaves the nucleus via the pores andenters the cytoplasm for the next step.3. Translation: The mRNA serves as a template for stringing together the amino acids inthe protein. The succession of codons (triplets of adjacent ribonucleotides) determinethe amino acid that composes the protein.Again, this process is similar to DNA replication and requires the essential ingredi-ents: the ribosome13 functions as the catalytic agent; mRNA as the master template.The building blocks are the amino acid monomers, but the process of assemblyrequires a transfer RNA (tRNA).13A very large molecule composed of ribosomal RNA and at least �fty di�erent proteins.20



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.(a) Getting the building blocks ready: A tRNA is a tiny clover-leaf-shapedmoleculethat has at one end a triplet of ribonucleotides, an anticodon, that binds witha complementary codon on the mRNA, and, an attachment site for a singleamino acid at the other end. A catalyst, aminoacyl synthetase, converts thetRNA to an aminoacyl-tRNA by attaching the appropriate amino acid to theother end.(b) The ribosome travels along the mRNA in 50-to-30 direction synthesizing a poly-mer of amino acids, a protein.i. An aminoacyl-tRNA attaches itself to the START codon of the mRNA.ii. An appropriate aminoacyl-tRNA attaches to the next codon and the aminoacid at its end forms a peptide bond with the previous amino acid. ThetRNA of the previous one is released. Thus a chain of amino acid is formedwith the last monomer still attached to the tRNA.iii. The process continues until a STOP codon is reached.The ribosome detaches itself and the protein is released into the cytoplasm.2.9 Molecular Genetic TechniquesLet us look at the prevalent techniques for manipulating and analyzing DNA. They canbe categorized as:1. DNA Fragmentation,2. Fractionating DNA fragments,3. DNA Ampli�cation,4. DNA Sequencing, and,5. Hybridization.2.9.1 DNA Fragmentation (Molecular Scissors)Since a single molecule of DNA has about 130 million base pairs, it is important to \chop"the molecule into manageable pieces.DNA molecules are fragile and mechanical aspects of sample preparation, such as stirringand pipetting, break some of the covalent bonds of the backbones. But the disadvantageis that it is not repeatable, that is, is not expected to break at the same sites. RestrictionEnzymes14 are biochemicals capable of cutting the double-stranded DNA, by breakingtwo -O-P-O- bridges on each backbone of the DNA pair, at speci�c sequences called therestriction sites.14Arber, Smith, and Nathan received the Nobel prize for their discovery of restriction enzymes in 1978.21



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Note that restriction enzyme is a naturally occuring protein in a bacteria that defendsthe bacteria from invading viruses by cutting up the DNA of the latter. How does thebacterium's own DNA escape the assault? The bacterium produces another enzyme thatmethylates the restriction sites of its own DNA - this prevents the cleaving action of therestriction enzyme.Restriction Sites: Let's look at an example to see the e�ect of the cleaving. The restrictionenzyme EcoRI recognizes and binds to the palindromic sequence50-GAATTC-3030-CTTAAG-50If allowed to interact for a su�ciently long time, it cuts the DNA as shown below:50-GjAATT C-3030-C TTAAjG-50The staggered cuts produce fragments with very \sticky" single stranded ends. Thesecan combine with other matching strands. Some restriction enzymes might cut straightwithout producing \sticky ends". For example, HaeIII,50-GGjCC-3030-CCjGG-50What is the average length of a fragment cut by a restriction enzyme? This is easy tocompute: let it be an \n-base cutter", then the pattern occurs on an average every 4n basepairs. This is the best estimate we have in the absence of any more information: realitymight be quite di�erent.2.9.2 Fractionating DNA fragmentsThe DNA could be fragmented by any method including the one above and fractionatedas follows.1. By Length - Gel Electrophoresis: This is a process whereby the fragments are separatedaccording to their size or electrical charge, on a slab of gelatinous material under theinuence of an electric �eld.The phosphate groups in the DNA are negatively charged, hence under the inuenceof an electric �eld, the fragments migrate towards the anode. The rate at which itmigrates is approximately inversely proportional to the logarithm of its length.On a slab of gel, wells are made at the top (see Figure 9). The leftmost well containsthe calibrating fragments, that is, a sample whose lengths are known. The relativepositions of the rest of the columns of fragments with respect to this calibrator givean estimate of the lengths. 22
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test samplesFlow of the fragmentswells for the samplescalibrating sampleGel MediumFigure 9: Gel Electrophoresis: The fragments are separated by lengths. The leftmostknown sample calibrates the tracks (vertically) - thus the lengths of the remaining samplescan be read o� using the �rst reference.Large fragments, over about 50; 000 base pairs, do not move well under the inu-ence of steady electric �eld: pulsed-�eld gel electrophoresis employs a �eld that istemporarily constant in both direction and magnitude. This solves the problem oflarge fragments.2. By Structure - Renaturing: A double strand of DNA denatures at around 100�C. Whenthe temperature is lowered the strands randomly renature. Rapid renaturing implieshigh repetitive sequences and slow indicates unique sequence DNA. This techniqueis used to separate sequences by the repetitive pattern.2.9.3 DNA Ampli�cation (Molecular Copier)Most techniques used in the analysis of DNA rely on the availability of many copies of thesegment. Two such methods are:1. Molecular Cloning: In this method some living cells are used to replicate the DNAsequences. The necessary ingredients are:(a) Insert: The DNA segment that is to be ampli�ed.(b) Host Organism: This is the the host cell, usually a bacterium, whose replicationmechanism is being exploited.(c) Vector: This is a DNA segment, with which the insert is combined. This isusually a plasmid, a nongenomic DNA in the host organism. Some commonexamples of host organism, vector pairs are shown below.23
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bdCycle 2 PCR PrimersFigure 10: PCR is based on the ampli�cation of a DNA fragment anked by two primersthat are complimentary to opposite strands of the sequence being investigated. In eachcycle, (a) heat denaturation separates the strands. (b) Primers are added in excess andhybridized to complementary fragments. (c) dNTPs and polymerase are added while thetemperature increases. (d) The primer is extended in the 30 direction as new DNA isextended in the 50 direction. 24



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Host Vector1 Escherichia Coli (a) � phage genome(found in a vertebrate's (b) plasmid (natural)intestine) (c) cosmid (synthetic)2 Saccharomyces cerevisiae yeast arti�cial chromosome (YAC)(baker's yeast) (synthetic)The following steps are involved:(a) Preparing the recombinant DNA: This is done in vitro, that is, outside a livingcell. The insert is combined with the vector, say the plasmid. The plasmidis circular, hence it is linearized by digesting with an appropriate restrictionenzyme. The DNA strand is digested with the same restriction enzyme, so thatthe \sticky" ends ligase in the presence of the enzyme, DNA ligase.The rest of the steps are carried out in vivo, that is, inside the living cell.(b) Host Cell Transformation: The host cell is exposed to the ligation mixture so thatthe recombinant DNA may enter the cell. This process is not fully understood,although it can be fairly well controlled.(c) Cell Multiplication: The solution with the transformed host cells is moved toculture dishes and allowed to multiply in a solid growth medium.(d) Colony Selection: A colony of cells is produced in the dishes. Note that thereis a possibility that the recombinant DNA failed to transform a host cell instep (b). At this step, the di�erent colonies are checked for the presence ofthe recombinant DNA by various methods (say checking for the expression ofa characteristic of the recombinant DNA).2. Polymerase Chain Reaction (PCR)15: This is an in vitro process which is re-markably simple to understand. The requirement is to amplify a segment of thepaired DNA. Recall the essential ingredients for DNA replication:primer, catalysts,template and the dNTPs. But here we wish to replicate only certain segment, hencetwo primers, which form the complementary ends of the segment are used. Further,we replicate many times, hence repeated denaturing and renaturing is carried out bychanging the temperature. The steps are shown in Figure 10. Every cycle doublesthe number of the existing segment, thus the number of cloned segments increasegeometrically.2.9.4 DNA SequencingWe will discuss two such methods, the Maxam-Gilbert Method and, the Sangar Method16which have the following important characteristics:1. Work on short segments of about 500 to 2000 base pairs.15Mullis and Smith received the Nobel prize in 1993 for this technique, which has become a householdterm after the O. J. Simpson trial.16Sangar and Gilbert received the Noble prize, in 1980, for their work on sequencing techniques.25



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.2. The �nal step involves reading o� the sequence from a radiogram of a gel elec-trophoresis process, hence it can be done mechanically and thus automatic sequenc-ing machines exist.For the details of the methods the reader is directed to the references [26]. We brieysketch the underlying principle: both operate on the ability to identify the base at one endof the segment, with the other end being �xed or labeled. Since the gel electrophoresisfractionates by length, the longest length gives the rightmost base, the shortest gives theleftmost and so on. Thus the rows in the Gel Electrophoresis correspond to the di�erentlengths and the four columns correspond to the four bases A, C, G and T. The naturalquestion is whether Gel Electrophoresis can acutally resolve segments di�ering in lengthby a single base: the answer is yes.� In the Maxam-Gilbert Method, a clever scheme of cleaving at base A or C or G orT is employed. Thus one has four test tubes each with segments cleaved at one ofthe bases.� In the Sangar Method, a complementary segment is allowed to grow and stop selec-tively at the four bases. Thus this newly synthesized strand terminates at the fourdi�erent bases in a controlled manner in di�erent test tubes.The samples from the separate test tubes, in both the methods, are used to produce thefour di�erent lanes in the gel electrophoretic method.2.9.5 HybridizationThis refers to the hydrogen bonding that occur between any two single-stranded nucleic-acid fragments that are complementary along some portion of their lengths.If a short fragment of known sequence is labeled with a uorescent molecule and allowedto interact with denatured chromosomes, the presence or absence of the complementarysegment in the chromosome can be ascertained. In particular, in-situ Hybridization (ISH),can be used to locate a sequence in a chromosome, or the position within a single chro-mosome. Southern Hybridization is used for identifying among a sample of many di�erentDNA fragments, the fragment(s), identi�ed by length, containing the particular sequence.2.10 Problems in a NutshellLet us summarize the various computational problems arising in molecular biology in thefollowing table. 26



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.DNA/RNA ProteinsStructure � The base sequences.� The superhelical/secondarystructure. � The amino acid sequences.� Con�guration in3-dimensional space.Function � Patterns/repetitions etc. inthe base sequence.� Locating exons/introns,genes, etc. on the genome. � Patterns in the amino acid se-quences.� Relation of the structure tofunction.Applications Rational drug design.2.11 Molecular Computers/ DNA ComputingWe conclude this tour by looking into the possibility of harnessing the DNA molecules forgeneral computing. Let us note two important features of the bio-chemical reactions wehave seen so far in this section 17.1. Speed Chemical reactions occur very fast and in parallel. For example, a single E.Coli cell can, under suitable conditions, multiply into more than a billion cells inabout 10 hours.A typical desktop computer performs about 106 operations/second, the fastest super-computer about 1012; assuming the ligation of two DNA molecules as one operation,about 2 � 1019 operations/second is a very feasible number.2. Space The DNA molecules are extremely small! See Figure 3. It allows for infor-mation density of 1 bit/cubic-nanometer, whereas conventional storage media likevideotapes, store about 1 bit/1012 cubic-nanometer.Most discrete problems of size n have a simple solution that take time O(n!): try all then! possible con�gurations of the input. The current state of computing technology is suchso as to make this approach look hopelessly impractical. But with a molecular computer,this may be quite practical!17It is also believed that molecular computation is much more energy-e�cient, that is, consumes muchless energy than conventional computing 27



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.2.11.1 Solving Hard ProblemsConsider a well known NP-complete problem, the directed Hamiltonian Path Problem(HPP): Given a directed graph G(V;E), with jV j = n, does there exist a path of lengthn� 1 that covers every vertex, v 2 V exactly once? We will show how to solve HPP in areasonable time, using the DNA techniques that we have seen so far.This involves the following steps:1. Data ! DNA-strands: Let a sequence of DNA nucleotides be represented as N ,and its reverse complementary sequence is represented by N 0. Let N1N2 denote theconcatenation of the two sequences N1 and N2. Note that the reverse complementof N1N2 is N 02N 01.Each vertex, vi 2 V , is represented by a sequence N1iN2i. Every directed edgefrom vi to vj is represented by N 02iN 01j, and a directed edge from vj to vi by N 02jN 01i.It is easy to see that the edge-sequence can ligase with the vertex-sequences in adirection preserving manner.We construct short k-base DNA fragments representing each vertex and edge of thegraph.2. DNA Ampli�cation & Ligation: The input data is ampli�ed (see 2.9.2) and allowedto ligase or renature. This requires the right temperature and the right enzymes.3. Sequence Testing: 18 We test the output in the following order:(a) Right length? Extract all those strands which have length kn using fragmentfractionating by length (see 2.9.1).(b) Right path? We have to check if any vertex appears more than once in thisstrand, extracted in step 1. This can be done by doing a hybridization (2.9.4)with each vi, that is N1iN2i, in a sequence ensuring that there is exactly onesuch sequence.Extract all those strands that have a single occurence of every vertex.(c) Verdict. If at the end we are left with an empty test tube, then there is no HP,else the strand in the test tube de�nes the path.The exact protocols to carry out the above have been identi�ed and used to solve a HPPof a modest size of 7 [13].The reader may note that in principle all NP-complete problems could be solved in thismanner. But what are the sources of problems in practice? The following issues are worthnoting: (a) The increase in size of the problem is likely to increase the size of the data-DNAsegments. This may require a very large amount, for example a 70-node HPP may require425gms of DNA (a human body has about 300gms)! Further, carrying out the experiments18It is easy to see that if a directed graph is modeled as above and many copies of nodes and edges isthrown in, and if there exists a Hamiltonian path, a double stranded sequence (molecule) whose length isthe sum of the size of the nodes will be obtained. 28



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.may become cumbersome due to the sheer size. (b) Let us take the speci�c problem of thehamiltonian path. With the increase in the number of nodes (and edges), it is importantto construct data-DNA sequences with no common patterns within or in concatenations.If sub-strings begin to match, then the molecules may pair up unexpectedly, or the testingof the sequences might fail.

29



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.3 A close look at some well-studied ToolsMolecular Biologists are seeking the help of computer scientists for assisting in the variouskinds of problems they face. Reports of such joint e�orts, or dealing with molecular biologyproblems, abound in literature. In the following sections, we will attempt to describe someof the tools employed, in the abstract, and, then its mapping to the molecular/structuralbiology problem.3.1 Intersection GraphsWe will look at some basic de�nitions leading to interval graphs and some of its interestingproperties.Let F be a family of nonempty sets. The intersection graph of F is obtained byrepresenting each set in F by a vertex and connecting two vertices by an edge if and onlyif their corresponding sets have a nonempty intersection.3.1.1 Interval GraphsThe intersection graph of a family of intervals on a linearly ordered set 19 is called aninterval graph. Alternately, an undirected graph G is called an interval graph if itsvertices can be put into one-to-one correspondence with a set of intervals I of a linearlyordered set such that two vertices are connected by an edge of G if and only if theircorresponding intervals have nonempty intersection. Why are we interested in intervalgraphs? If the DNA is considered a linear strand, the various clones correspond to theintervals and the graph gives a consistent linear ordering of the clones.A B C DB DCAFigure 11: Intervals on a line and the corresponding interval graph.19The real line, for instance. 30



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Figure 11 shows a set of intervals on a line and the corresponding interval graph. Inspiredby the the structure of this graph, let us look at the following de�nitions.A graph G is triangulated if every simple cycle of length strictly greater than 3 possessesa chord. This is also called the chordal graph.abc e gdfFigure 12: A graph that is not an interval graph.The next natural question is: Are all interval graphs triangulated ? The answer is yes; butthe converse is not true. Figure 12 shows a triangulated graph that is not an interval graph.This calls for further restrictions on a triangulated graph to satisfy the requirements of aninterval graph.
Figure 13: A graph, and the orientation for the comparability graph.An undirected graph G is called a comparability graph if each edge can be assigneda one-way direction in such a way that the resulting oriented graph (V;E) satis�es thefollowing condition: ab 2 E; bc 2 E ) ac 2 E(8a; b; c 2 V ):Informally, this graph captures a transitive relation (such as subset, for instance) of theelements of a set. See Figures 14 and 15 for some examples.31



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.AB C AB CFigure 14: An incorrect and a correct orientation of a comparability graph. [As anillustration let A = f2; 3g; B = f2; 3; 5g; C = f2; 3; 5; 7g and the transitive relation is �between the sets.]
f e cadbgFigure 15: Two graphs that are not comparability graphs. The graph on the bottom isthe complement of the graph of Figure 12. 32



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Let us de�ne the maximal clique, since it has some interesting properties for intervalgraphs.The maximal cliques,M1;M2; : : : ;Mn, of a graph G are the set of cliques that cover allthe vertices of the graph and n is the smallest such possible number called the clique covernumber, k(G). Note that the largest value n can take is jV j=2 by considering each pair ofvertices as a clique in a complete bipartite graph.It may be interesting to note that k(G) can be jV j=2 in a dense graph such as a completebipartite graph, KjV j=2;jV j=2 (with [jV j=2]2 edges), and also in a sparse graph such as a pathwith jV j vertices (with jV j � 1 edges).A clique matrix, M, is a matrix with rows corresponding to cliques and columns tovertices, and entry [i; j] is 1 if clique Mi contains vertex vj and 0 otherwise.A matrix whose entries are are zeroes and ones, is said to have the consecutive 1'sproperty for columns if its rows can be permuted in such a way that the 1's in eachcolumn occur consecutively. v xwFigure 16: v, w and x are astroidal triples.A set of three vertices in an undirected graph G is said to be an astroidal triple if theyare pairwise nonadjacent and any two of them is connected by a path which avoids theimmediate neighbors of the third vertex. See Figure 16.After the rather long list of de�nitions, we are now ready to look at some importantcharacteristics of interval graphs.Theorem 1 Let G be an undirected graph. The following statements are equivalent.1. G is an interval graph.2. G is triangulated and its complement �G is a comparability graph.3. The maximal cliques of G can be linearly ordered such that, for every vertex x of G,the maximal cliques containing x occur consecutively.33



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.4. G's clique matrix M has the consecutive 1's property for columns.5. G is triangulated and contains no astroidal triples.Informal arguments for some of the proofs 1) 2: It is easy to see that a chordlessfour or more cycle can not be an interval graph, since it violates the linear ordering20.Next, why must �G be a comparability graph ? Let \to the left of" (or \to the right of")be the transitive relation. All the edges of �G correspond to the pairwise intervals thatdo not intersect (else they would be in G). But, since G is an interval graph, \to theleft of" is a consistent relation: hence the result. Figure 14 shows graphs that are notcomparability graphs. uv wxFigure 17: uv and wx are edges in G and uw and vx in �G.2 , 3: Let us look at two cliques A1 and A2 from the set of maximal cliques. Theremust exist some x 2 A1 and some y 2 A2, such that xy 2 �G, for if it were not thenA1SA2 would be a maximal clique. Hence, every pair of cliques Ai and Aj must have atleast one edge with each of its endpoints in Ai and Aj respectively. The next claim wemake is that if there exist more than one such edge between cliques, they must all havethe same orientation in the comparability graph of �G. See Figure 17. Assume u and vare distinct points in Ai and w and x are distinct points in Aj. Of course, if they arenot distinct the claim is trivially true. Further, both ux and vw cannot be in G (since, ifuw, vx 2 �G, we would have a chordless 4-cycle). Without loss of generality, let ux 2 �G.Now, what orientation must ux have in the comparability graph of �G ? It is easy to seethat it is impossible to have uw and vx with di�erent orientations. Thus we have shownthere is a linear ordering of the maximal cliques (corresponding to the orientation of thecomparability graph �G).Next we have to show that a vertex x occurs in consecutive cliques. Assume the contrary:let A1; A2; A3 be cliques in that linear order and x 2 A1; x 2 A3 but x 62 A2. Let y 2A2where y 6= x. Then the orientation of xy (x 2 A1; y 2 A2) and yx (y 2 A2; x 2 A3) givea contradiction.1 ( 3: For each vertex v 2 V , let I(x) denote the set of all maximal cliques of G whichcontain x. To show xy 2 E , I(x) \ I(y) 6= �. But xy 2 E , both the vertices are inthe same maximal clique.3, 4: By de�nition (4 is a paraphrasing of 3 or vice-versa).20How can a � b, b � c, c � d, with a 6� c, turn around and have a � d (� de�nes the linear order, say)? 34



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.1, 5: This can be seen by studying Figure 16. Note that it is impossible to have intervalscorresponding to these vertices just as in Figure 12. 2For the remainder proofs and more formal version of the arguments here, the reader isadvised to look at [2].3.1.2 Data Structure - PQ TreesThe general consecutive arrangement problem is the following: Given a �nite set X and acollection I of subsets of X, does there exist a permutation � of X in which the membersof each subset I 2 I appear as a consecutive subsequence of �? PQ-tree is a data structurethat solves this problem very e�ciently in linear time. What is the relation to intervalgraphs ? In the interval graph problem,X is the set of maximal cliques and I = fI(v)gv2V ,where I(v) is the set of all maximal cliques containing v. The consecutive arrangementand consecutive 1's problems are equivalent which is the interval graph problem.Let us look at the details of this data structure in the context of the consecutive arrange-ment problem. Let X be a �nite set and I a collection of subsets of X. A PQ-tree is arooted tree whose internal nodes are of two types: P and Q. The children of a P -nodeoccur in no particular order while those of a Q-node appear in a left to right or right toleft order. We designate a P -node by a circle and a Q-node by a rectangle. The leavesof T are labeled bijectively by the elements of the X. In other words, we do not permitmore than one leaf to have the same label. What happens if we do? In that case, we havethe shortest common superstring problem which is de�ned as follows: Given a �nite setX and a collection I of subsets of X, what is the shortest string in which the membersof each subset I 2 I appear as a consecutive subsequence? This problem is known to beNP-hard [16].The frontier of a tree T is the permutation of X obtained by reading the labels of theleaves from left to right. Two PQ-trees T and T 0 are equivalent, denoted T � T 0, if onecan be obtained from the other by applying a sequence of the following transformationrules:1. Arbitrarily permute the children of P -node.2. Reverse the children of a Q-node.Any frontier obtainable from a tree equivalent with T is said to be consistent with T , andwe de�ne CONSISTENT(T ) = fFRONTIER(T 0)jT 0 � Tg:See Figure 18 for an example.The classes of consistent permutations of PQ-trees over a �nite set X form a lattice. Thenull tree, TO, has no nodes and CONSISTENT(TO) = �. The universal tree, TU , has oneinternal P -node, the root, and a leaf for every member of X (Figure 19). Note thatCONSISTENT(TU) = all possible permutations of X:35



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.X = fa; b; c; d; egTa b c d e T1a b c e dFRONTIER(T ) = abcde FRONTIER(T1) = abcedT2 T3d e a b c d e c b aFRONTIER(T2) = deabcT4 T5e d a b c e d c b aFRONTIER(T4) = edabc FRONTIER(T5) = edcba
FRONTIER(T3) = decba

Figure 18: A tree T , with T1; T2; : : : ; T5 equivalent to it. Note thatCONSISTENT(T )=fabcde; abced; deabc; decba; edabc; edcbag.
� � �x1 x2 xmTuX = fx1; x2; : : : ; xmg

Figure 19: The Universal tree, TU .36
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B C A DFigure 20: The tree corresponding to �(I) where I = ffA;B;Cg; fA;Dgg.Let I be a collection of subsets of a set X, and let �(I) denote a collection of all permuta-tions � of X such that the members of each subset I 2 I occur consecutively in �. For ex-ample, if I = ffA;B;Cg; fA;Dgg, then �(I) = f[DABC]; [DACB]; [CBAD]; [BCAD]g.Figure 20 shows the corresponding PQ tree.Let us note, without proof, two important facts about PQ-trees.� For every collection of subsets I of X there exists a PQ-tree T such that �(I) =CONSISTENT (T ).� For every PQ-tree T there exists a collection of subsets I such that �(I) = CONSISTENT(T ).There is one important pattern matching algorithm called REDUCE on the PQ-trees. Thealgorithm is briey sketched here, for details refer to [1].Input: A PQ-tree T and a set I.Output: A PQ-tree T 0 such that CONSISTENT(T 0) = CONSISTENT(T ) T Set of allpermutations where the elements of I are consecutive.Essence of the algorithm: The algorithm looks at the elements of I and looks for a speci�cpattern in the tree T modifying it locally, by looking at 2 (or fewer) levels at a time, in abottom-up fashion. The authors call this the template matching process: they have shownthat 11 templates are su�cient to accommodate all possible con�gurations. The localmodi�cations are repeated until all the requirements are met or an impossible situation isobtained. The former reports a success with T 0 and the latter a failure. It is importantto note that with a clever pre-processing of the tree T , the algorithm can compute T 0 inlinear time. Figures 21 and 22 illustrate the algorithm.The description of the last paragraph really gives no insight into why (or how) the algo-rithm works. The most intriguing part seems to be the templates; let's see how a smallset of 11 patterns can capture all that is required in the pattern matching process.The algorithm works in two phases:Phase 1: Mark the nodes.1. A leaf node is marked full or empty depending on whether it belongs to I or not.37



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.2. A non-leaf node is marked full, empty or partial depending on whether its childrenare all marked full, empty or otherwise. Marking a P node full or empty is equivalentto the use of template P0 and similarly Q0.Phase 2: Moving bottom-up, replace certain structures (templates) by appropriate pat-terns of the nodes. De�ne ROOT(T; I) as the root of the smallest subtree in T such that Iis a subset of the descendents. Further, a Q node can be singly-partial if it has all full nodesto the left and all empty nodes to the right or vice-versa. A Q node can be doubly-partialif it has a sequence of empty nodes followed by full nodes followed by empty nodes.The templates are of the following kinds:1. The root of the template is a P node.(a) All its children are full (template P1).Replacement: The P node is marked full.(b) Not all its children are full.i. The P node is ROOT(T; I).A. The P node has no partial children (template P2).Replacement: Create a P node as the parent of all the full children andmake this new node the child of the P node.B. The P node has one partial child (template P4). Replacement: Createa full P node which is the parent of all the full children. This new nodeis made the child of the partial node at the full end (so that all the fullchildren are adjacent).ii. The P node is not ROOT(T; I).A. The P node has no partial children (template P3).Replacement: Create two P nodes, one empty and the other full, withthe former as the parent of all the empty children and the latter thatof all the full children. Replace the P node by a singly-partial Q nodewhich is made the parent of the two new P nodes.B. The P node has one partial child (template P5).Replacement: Create two P nodes, one empty and the other full, withthe former as the parent of all the empty children and the latter that ofall the full children. Make these two new P nodes the siblings of thepartial child (empty P node at the end adjacent to empty children, andsimilarly, the full children). Replace the P node by a singly-partial Qnode.C. The P node has two partial children (template P6).Replacement: Create a full P node as the parent of all the full children.The two partial children (which are necessarily Q nodes) are mergedinto one doubly-partial Q node with the new full P node next to theother full children.2. The root of the template is a Q node.38



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.(a) All its children are full (template Q1).Replacement: The P node is marked full.(b) Not all its children are full.i. The Q node has one partial child (template Q2).Replacement: Make all the children of the partial child, the children of theQ node in an appropriate order (maintaining adjacency). The Q node islabeled singly partial.ii. The Q node has two partial children (template Q3).Replacement: The Q node is made doubly partial, with all the children ofthe partial children becoming the children of the Q node in an appropriatesequence (maintaining adjacency).The reader may note that the linear ordering enforces only 2 possible situations of 1 or2 partial children, with all other con�gurations being equivalent to one of the two. Thishelps keep the number of templates down. It is an interesting exercise to informally verifythat these templates are su�cient.See Figures 21 and 22 for applications of the templates to two examples.Possible Extension: It may be worthwhile to explore if this idea can be extended to carryout pattern matching in 2 dimension and if a small number of such templates can beidenti�ed.3.1.3 Algorithms for Interval GraphsLet us de�ne a few more characteristics of graphs and see how easily they can be computedfor the graphs under study.!(G) is the number of vertices in the maximum clique of G; it is called the clique numberof G.A stable set (or an independent set) is a subset of the vertices no two of which areadjacent. �(G), the stability number of G, is the size of the largest possible stable set.�(G) is the minimum number of colors required to color the vertices of G such that notwo adjacent vertices have the same color, called the chromatic number.Note the duality of the above notions,!(G) = �( �G) and �(G) = k( �G):Recall that k(G) is the clique cover number.Theorem 2 For an interval graph G, �(G), !(G), �(G) and k(G), with the maximalcliques, can be computed in linear time. 39
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T3 N3P1 N3QD C B A
I = ffB;Cg;fA;Bg;fB;Dgg Full nodeEmpty nodeSingly partial Q nodeDoubly partial Q nodeInput : Tu = T1 and I1 = fB;CgOutput: T2ROOT(Tu; I1) = N 0PTu = T1N 0PA B C D Template (P2) T2 N2P1 N2P2A D B CInput : T2 and I2 = fA;BgOutput : T3ROOT(T2; I2) = N2P1Template (P3)T2 N2P1A DB CN2P2 A D C BTemplate (P4)Input : T3 and I3 = fB;DgOutput :ROOT(T3; I3) = N3PT3 N3P N3QD C B A No template NULL TREE

Iteration 1Iteration 2
Iteration 3

Figure 21: An example showing the REDUCTION process.
40
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Template (P3)
E A F B CD

Template (P4) EA FD C B E

I = ffA;D; Fg; fB;C;Dg; fB;EggInput : Tu = T1 and I1 = fA;D; FgOutput : T2ROOT(T1; I1) = N1PT1 N1P Template (P2) B C E A D FT2Input : T2 and I2 = fB;C;DgOutput : T3ROOT(T2; I2) = N2PT2 N2P Input : T3 and I3 = fB;EgOutput : T4ROOT(T3; I3) = N3PT3 N3PE A F D B C EA F D BC EA FD C B
Template (P4)B C E A F D

A B C D E F
B C E A D FTemplate (P3)

Template (Q2)Iteration 3 :

Iteration 1
Iteration 2

Figure 22: Another example demonstrating the use of the templates.41



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.a b c defg x y zpr qFigure 23: � = [a; g; b; f; c; e; d] is a perfect vertex elimination scheme, not necessarilyunique. The second graph, on the other hand, has none.Informal argument This is going to be a mere sketch of the arguments. For details see[2]. Let us accept the following without proof:� G is triangulated , G has a perfect vertex elimination scheme, � = [v1; v2; : : : ; vn].The perfect vertex elimination scheme is an ordering of the vertices of G such thatXi = fvj 2 Adjacent(vi)jj > ig is complete 8i. See Figure 23.� � = maxif1 + jXijg, i = 1; 2; : : : ; n.� On �, de�ne a sequence y1; y2; : : : ; yt, for some t, as follows:1. y1 = �(1).2. yi is the �rst vertex that follows yi�1 and yi =2 Xy1 SXy2 S : : :SXyi�1 : The setfy1; y2; : : : ; ytg is a maximum stable set of G and Yi = fyigSXyi (i = 1; 2; : : : ; t)comprises the minimum clique cover of G.�(G) = t. 2Theorem 3 An interval graph can be recognized in linear time.Informal argument An interval graph is necessarily triangulated. It takes linear timeto compute the set of maximal cliques of a triangulated graph. The consecutive one'sproperty in clique matrix M is equivalent to the consecutive arrangement which can becomputed in linear time. 23.1.4 Proper Interval GraphsIf the primary goal is obtaining the linear ordering of \intervals", the ones that are fullycontained in others shed no new light, and, removing them might be useful. Let us studysuch a subclass of interval graphs called the proper interval graphs.42



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Before studying an interesting theorem, let us look at a de�nition. A real-valued functionu : V ! R is called a semiorder function for a binary relation (V; P ) if the followingcondition is satis�ed:xy 2 P , u(x) � u(y) + � 8x; y 2 V and some � > 0:Theorem 4 Let G = (V;E) be an undirected graph. The following are equivalent:1. �G is a comparability graph and every transitive orientation of �G = (V; �E) is asemiorder.2. G is an interval graph containing no induced copy of K1;3 21.3. G is a proper interval graph.4. G is a unit interval graph, i.e., all intervals are of unit length.Informal argument 3, 2: See Figure 24.See [2] for the details of the rest of the proof. 2A BCD B C DAK1;3Figure 24: The only possible layout of the intervals corresponding to K1;3 are shown onthe right (B, C, D can be placed in any order).3.1.5 Circular-arc graphsThe intersection graphs obtained from collections of arcs on a circle are called circular-arc graphs. This kind of interval graphs are of interest to us, since some DNA strandslike that of E. Coli are circular.21A complete bipartite graph with 1 and 3 vertices in the partitions.43



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.A5 A1 A2A3A4 1 2345Figure 25: The circular arc representation of the circular-arc graph on the right.See Figure 25 for an example. Note that a circular-arc graph is not even triangulated.Further, it is not a perfect graph. A graph G is perfect if and only if �(G) = !(G). Notethat an interval graph is perfect since it is necessarily triangulated (and, all triangulatedgraphs are perfect).We look at some results without proofs:Theorem 5 An undirected graph G = (V;E) is a circular-arc graph if and only if itsvertices can be (circularly) indexed v1; v2; : : : ; vn so that 8 i and j,vivj 2 E ) ( either vi+1; : : : ; vj 2 Adj(vi)or vj+1; : : : ; vi 2 Adj(vj) :If i < j, then vj+1; : : : ; vi means vj+1; : : : ; vn; v1; : : : ; vi.Theorem 6 An undirected graph G is a circular-arc graph if its augmented adjacencymatrix (adjacency matrix by adding 1's along the main diagonal) has the circular 1'sproperty for columns.3.2 Dynamic ProgrammingDivide-and-conquer solves problems by dividing the problem into independent subproblemsand then combining the solutions. If the subproblems are not independent, i.e., they havesome overlapping subsubproblems, dynamic programming is applicable. In this method,the solution to the common subsubproblem is computed and stored in a table, calledmemoization, and subsequent computations refer to this computed value.A problem exhibits optimal substructure if an optimal solution to the problem con-tains within it optimal solutions to subproblems. We illustrate the dynamic programmingmethod by giving examples where it is applicable.44



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.The Longest Common Subsequence (LCS) ProblemGiven two sequences X = hx1; x2; : : : ; xmi and Y = hy1; y2; : : : ; yni, the problem is to �ndZ = hz1; z2; : : : ; zli with largest l where z1 = xm1 = yn1; z2 = xm2 = yn2; : : : ; zl = xml =ynl , with m1 < m2 < : : : < ml, and n1 < n2 < : : : < nl.It is easy to see that this satis�es the optimal subproblem property. The following recursiveformula is obtained.Len[i; j] = 8><>: 0 i = 0or j = 0Len[i� 1; j � 1] + 1 xi = yj and i > 0; j > 0max(Len[i� 1; j];Len[i; j � 1]) xi 6= yj and i > 0; j > 0Len[i; j] denotes the length of the longest common subsequence of hx1; x2; : : : ; xii andhy1; y2; : : : ; yji.Clearly, the running time of this algorithm is O(mn). Further, if the values are stored inan m � n table, the longest common subsequence may be generated, from this table, inO(m + n) time.Edit Distance of StringsGiven two sequences X = hx1; x2; : : : ; xmi and Y = hy1; y2; : : : ; yni, and a set of permis-sible edit operations (like insert, delete, twiddle etc) with costs, the edit distance is theminimum cost of transforming X to Y using a sequence of editings.Note that the cost of every edit operation need not be the same, thus indicating a preferenceof some edit operations or the probability of such a transformation occuring if the stringshave been obtained from experiments or nature (like the DNA strings).Let us make a very general de�nition of the edit operations and give speci�c instanceslater. Let the total number of edit operations allowed be R with each edit operation Ercosting er that uses Kr characters from the �rst string and Lr characters from the secondstring22. It is easy to obtain the following recursive formula.C[i; j] = 8>>><>>>: 0 i = 0or j = 0C[i� 1; j � 1] xi = yj and i > 0; j > 0minr(C[i�Kr; j � Lr] + er) xi 6= yj and i > 0; j > 0where Er is applicableC[i; j] denotes the minimum cost of edit-transforming hx1; x2; : : : ; xii to hy1; y2; : : : ; yji.Of course, the burden is on �nding e�ective Er with meaningful er. Speci�c de�nitionsof Er give rise to otherwise well known problems in practice. Below, we list a set ofwell known problems [17] whose solution are built around the basic edit distance problemshown above.� Fitting one sequence into another:Here the assumption is that m << n, although this does not a�ect the mathematical22For example we may de�ne E1 to be the edit operation of replacing 3 characters by 2 characters: thenK1 = 3 and L1 = 2 45
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Y

X

Y

XFigure 26: (1) Fitting a sequence into another. (2) The local alignment problem.formulation. Figure 26 shows the situation where the smallerX is �tted in the longerY . The formulation stays the same except for an additional index l that moves over Ydenoting the starting point of matching x1 at yl. Let Cl[i; j] denote the minimum editdistance between hx1; x2; : : : ; xii and hyl; yl+1; : : : ; yji. The following modi�cationsare called for:1. Let Cl[i; j] = C[i; j] with the added restriction Cl[i; j] = C[i; j] = 0when i < l.2. Compute Cl[i; j] for l = 1; 2; : : : ; n.3. Best-�t-distance = minl;j l<jfCl[m; j]g.The time taken is O(mn2).� Local Alignment & Clumps:See Figure 26. Here we are looking for similar segments hxk; xk+1; : : : ; xii andhyl; yl+1; : : : ; yji. As before, we use the same formulation as that of edit distance ex-cept for two more indices l and k. l moves over Y and k moves over X. Let Ckl[i; j]denote the minimum edit distance between hxk; xk+1; : : : ; xii and hyl; yl+1; : : : ; yji.The following modi�cations are called for:1. Let Ckl[i; j] = C[i; j] with the added restriction Ckl[i; j] = C[i; j] = 0when i <k and j < l.2. Compute Ckl[i; j] for k = 1; 2; : : : ;m; l = 1; 2; : : : ; n.3. Best-�t-distance = mini;j;k;l; k<i; l<jfCkl[i; j]g.The time taken is O(m2n2).� Self Comparison:The task is to �nd repeated non-overlapping sequences in a (single) string. We cantreat it exactly like the local alignment and clumps problem where X = Y with thefollowing restriction: Ckl[i; j] = C[i; j] = 0when i < k; j < l and l < i. This makessure that we are always comparing a substring that appears strictly to the left of theother substring thus ensuring non-overlap.� (Non-intersecting) Inversion:For our purposes, this is the same as the edit distance problem with inversion as46



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.one of the edit operations. Inversion is placement of a substring hxk; xk+1; : : : ; xii ash�xi; �xi�1; : : : ; �xki 23.� Map Alignments:Let us de�ne the problem in abstract. We are given two strings, as before, X andY . Along the strings there are marked points each denoting a pair of information:the position, an integer, and an attribute. The task is to get a best correspondencebetween the marked points in the two strings.This can be treated as the general edit distance problem with an appropriate distancefunction de�ned over the tuples and a set of acceptable edit operations like replace,delete etc. The distance between unmarked points is de�ned to be zero.We have given the most naive formulation for the above problems. In practice, there canbe ways of making them work much better by using restrictions that apply to the problemsat hand.Dynamic Program seems to be a pancea for most problems in practice. But, the usermust proceed with caution: there are lots of problems out there (which have not yet beenproved to be NP-complete/NP-hard) which can not be conquered by this otherwise verye�ective tool.3.3 Model-based Matching (Geometric Hashing)Object recognition is a major task in computer vision. Geometric Hashing [18] is atechnique for recognizing objects in a cluttered scene, and, works particularly well forrigid objects. We wish to use ideas from this in the protein docking or the molecularrecognition problem.There are two aspects to a recognition system:1. Models: These are objects the system must potentially recognize. The system isfamiliarized with these objects in various ways depending on how the recognitionsystem works.Analogy: In molecular recognition, the models would be short DNA sequences orsmall molecules such as an enzyme inhibitor, the ligand.2. Scene: The system is presented with the scene in which it is to locate the objects,whose models it is acquainted with.Analogy: In molecular recognition, this could be the DNA or the protein, the receptor.An object may look very di�erent in di�erent scenes, depending on the view (from whatangle and what distance it is being viewed, for instance) or on the lighting (was it capturedduring the day, twilight, evening?) and various other factors. So, the basic question is:what is it that de�nes the object unambiguously? This is a hard question to answer.23In the language of DNA nucleotides �A = T; �T = A; �C = G; �G = C.47



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Geometric Hashing technique takes the view that an object is de�ned by a collectionof interest points and their relative positions24. These object-models are indexed in atransformation invariant way. In order to recognize partly occluded objects su�cientredundancy is allowed.The following steps capture the geometric hashing process:1. Model Inversion: Let us �rst look at what the input and output are and thendescribe how the inversion is carried out.Input: M objects with N models each (i.e., a total ofMN object models). We couldassume that for each of these MN object-models, we have extracted K interestpoints (with attributes if any 25). In other words, the input to the model inversionprocess is the 2D coordinates of the K interest points of each of the MN object-models.Output: A two dimensional hash table, H, with each entry carrying the followinginformation:� a pointer to a (model-object, integer) pair. This integer corresponds to a basis,which we discuss in the next step.� a weight reecting the con�dence with which that association is made. It is areal number between 0 and 1.We need to carry out a transformation invariant indexing for each of the object-models i; i = 1; 2; : : : ;MN . De�ne a new coordinate system for every three non-collinear points of an object-model (called the basis): there are at most P = 6� �k3�such possibilities. For each possibility p; p = 1; 2; : : : ; P , for all the interest points(xipk ; yipk ); k = 1; 2; : : : ;K, transform them to the new coordinates, (x0ipk ; y0ipk ); k =1; 2; : : : ;K. Now, H[round(x0ipk ); round(y0ipk )] = (i; p). Recall that i is the pointer tothe object model under consideration, and, p the pointer to the basis.What is the size ofH? Let the range of the �rst index be xlow : : : xhigh and similarlythat of second index be ylow : : : yhigh. Then,xlow = mini;p;k(round(x0ipk )); ylow = mini;p;k(round(y0ipk ));xhigh = maxi;p;k(round(x0ipk )); yhigh = maxi;p;k(round(y0ipk )):Uncertainity Factor: An uncertainty window with Gaussian distribution is builtaround every entry in the table. This is the weight that we store with every entryin H. In other words, the immediate neighbours around the entries of H in the laststep, also point to the same (object-model,basis) pair but with lower weight.2. Scene Inversion: This step is exactly like that of the model inversion except thatthere is only 1 scene (unlike MN models). We construct the hash table, T , in asimilar fashion with the following exception: there are no model pointers since there24These points can be high curvature points or junction points.25The attribute could be the curvature value. 48



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.is only one scene and no uncertainity window is computed. Note that T is only anotion and in practice the table may not be explicitly created.Assume L interest points are collected from the scene where L >> K.3. Matching: This is done separately for every basis of the scene. We maintain scoresfor each (object-model,basis) pair of step 1: this is initialized to zeroes for all entries.Let T [x; y] point to the basis being considered. Now, if H[x; y] is non-empty, thenwe add the weight of this entry to the score of the (object-model,basis) pair of thisentry.For each basis, we obtain a table of scores of the (object-model,basis) pairs.4. Verdict: Now, we are ready to give the verdict of a \hit" or \no-hit". We pick upthe model that has been hit most over all the bases of the scene a su�cient number oftimes. Once we have all the score cards (corresponding to each scene basis), we candevise clever ways of giving the verdict. Also, note that we can give some indicationof con�dence of the recognition by refering to the scores obtained.More sophisticated systems, would further match edges or other attributes of themodels with that of the scene to con�rm or reject the recognition.We have logically separated out all the tasks carried out in the geometric hashing process.The actual implementation may combine the various steps or prune them for e�ciencyand other reasons. Figure 27 shows a block diagram for a possible implementation of thegeometric hashing technique.

49
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No
No

Scene

Object ModelsHash Table H
InversionScene Next scene basis triplet l

Yes
Yes

Inversionwith allbasis tripletsConformationwith otherinformation?
Tlconclusive?Voting

Figure 27: The steps in the geometric hashing process.50



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.4 Taxonomy of Computational Biology ProblemsIn this section we will list a few porblems in Computational Biology and the techniques(which we call tools) currently employed to tackle these problems. The following is onlya sample and there are various solutions being o�ered to some of the problems statedbelow. It must be emphasized that lot of solutions, which are very promising, are basedon statistical methods and is not listed in the following tables. The following is just toindicate the variety in the arsenal that the computer scientists have been employing.Tool Problems ReferencesIntersection Graphs Sequencing by hybridization (SBH) See [23].SBH using k-tuple probes: Given 4k indicator values, 0 or 1,each denoting the absence/presence of one of the k-consecutivepatterns over the alphabet A, C, G, T, the task is to determinethe unique super-string that is consistent with the data.Interval Graphs, Partial Digest See [4].& PQ-trees &Double Digest ProblemPartial Digest Problem: Given a set of N real values l1; l2; : : : lN ,where possibly li = lj; i 6= j, the task is to obtain a real P > 0,with an ordered sequence p0 = 0 < p1 < p2 < : : : < pM = Psuch that 8i; li = jpk�pj j; for somek > j and P is the minimumsuch value.Double Digest Problem: Given three sets of real valuesa1; a2; : : : aN (possibly ai = aj; i 6= j), b1; b2; : : : bN (possiblybi = bj; i 6= j), and, c1; c2; : : : cN (possibly ci = cj; i 6= j),the task is to obtain a real P > 0, with an ordered sequencep0 = 0 < p1 < p2 < : : : < pM = P such that 8i; ai =jpk � pjj; for somek > j, similarly for bi, ci and P is the mini-mum such value.Remarks: These problems arise while constructing the physicalmap of clones from Gel Electrophoresis (see section 2.9) tech-nique which gives the length/mass of each segment when cleavedwith a restriction enzyme (see section 2.9.1). In the double digestproblem two restricition enzymes are used, to give sequences aiand bi. ci is obtained by using both the restriction enzymes. Thesingle digest problem can possibly give many plausible solutions,double digest attempts to pin down the right one.Dynamic Programming Evolutionary Tree Comparison See [10]Maximum Agreement Subtree Problem: Given a set A of tworooted trees T1 and T2 leaf-labeled by the elements of A, thetask is to �nd a maximum cardinality subset B of A such thatthe restriction of T1 and T2 to B are topologically isomorphic.51



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Tool Problems ReferencesAlternating Cycles Genome Rearrangement Problem See [11], [12].& Edge-colored Graphs Genome Rearrangement Problem: Given two sequences (orgenomes), the task is to �nd the shortest sequence of transfor-mations that take one genome to the other.The transformations can be deletions, reversals, additions etc.,which helps understand the evolution process.Algebraic Techniques, Protein folding See [6].Geometric Matching Protein Docking problems. See [6].& Geometric Hashing Protein Docking: Here a protein, the receptor, is matched withanother smaller protein, a DNA sequence or an enzyme inhibitor,called the ligand. The goal is to determine if the two can asso-ciate. Essentially two problems must be addressed: �rst is thegeometric problem of obtaining a feasible con�guration and thesecond is the chemical problem of evaluating the energies (seesection 2.4.1).Algebraic Techniques Protein folding See [6].(Inverse Kinematics) Ring ClosureProtein folding: See section 2.4.1.Ring Closure: The problem is to compute conformations of amolecule with a cyclic structure in which the constraints imposedby the bond lengths and angles are respected.Motion Planning Protein Docking See [25].(Robotics)Numerical Optimization Protein folding See section 2.4.1.Also see [21].Computational Linguistics Understanding genetic sequences. See [22].Text Compression DNA Classi�cation See [24].Techniques DNA Sequence Identi�cation Task: It is hard to give a veryprecise de�nition of the problem. This can only be explainedby giving examples: classifying bacterial promoters from non-promoters.Given a corpus of DNA sequences, a degree of similarity canbe obtained between the test sequence and the corpus by com-pressing the the corpus with the test sequence appended andsubtracting the size of this compressed �le from the compressedcorpus alone. 52



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.5 GenomicsGenomics encompasses the study of the genome, the totality of a cell's genetic information,and related issues. The purpose of this e�ort is to understand the DNA sequences thatdetermine an organism's phenotypic (physical or expressed) characteristics.Classical Genetics refers to those aspects of genetics that can be studied by observingtraits or phenotypes. Molecular Genetics is studied with the reference to the moleculardetails of genes. See the next section for more related information.5.1 The Human Genome ProjectThe Human Genome Project [26] is the �rst internationally coordinated e�ort to read theentire genetic DNA text of three billion base pairs that constitute the human genome. Italso includes the identi�cation of hundred thousand or so genes that de�ne the humanspecies.What is the problem in reading o� the DNA sequence? Recall from section 2.2 that asingle DNA molecule is very long! In its native state it is highly coiled and condensedas shown in Figure 3. It is inconcievable that a single DNA molecule can be read o� (orsequenced) at one go. Once we realize that the task is not as simple as it seems, we willappreciate the following non-intuitive steps in the process:1. Dis-assemble: Break up a single DNAmolecule into smaller segments. Mere handlingof large DNA molecules, breaks them up mechanically in a rather unrepeatablefashion. They can be further broken up into smaller pieces by restriction enzymes(in a repeatable fashion). This is the task of producing clones and clone libraries.See [26] for details.2. Read/Sequence: At this step, the smaller pieces are handled. The task is so daunting,that as a �rst step, it su�ces to locate critical sites along the molecule (called thePhysical Map - see section 5.3): the sites are locations where a restriction enzymecleaves the DNA molecule. Reading the entire sequence is called sequencing, andthe obtained information is called the Sequence Map.Classical linakage analysis is used to determine the arrangement of genes on thechromosomes. By tracing how often di�erent forms of two variable traits are co-inherited, we can infer whether the genes for the traits are on the same chromosome:such genes are said to be linked. The genetic distance, measured in centi-morgans,is a measure of the proclivity of the genes to crossing-over26 (which could verywell be just the distance in base pairs!). This map is called the genetic map. Ofcourse, the study of this map started o� before the inception of Molecular Genetics.Nevertheless, they continue to remain an important objective as they determine thelocus of the gene or allele of a trait. Figure 28 shows a comparison of the maps.26Also see section 2.4.2. 53



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997. Genetic MapSequence MapPhysical Map(about 2� 108 bases)(about 100; 000 bases)(about 1000 bases)Figure 28: The relative \resolution" of each map.3. Assemble: Now the task is to put the \annotated" segments, of the last step, togetherback again (the inverse of the �rst step). At a smaller scale this is called the contigproblem (see section 5.3).5.2 The Lander-Waterman ModelThis relates to the �rst step (dis-assemble) mentioned in the last section.Problem: Given1. L base pairs long DNA,2. N fragments of l base pairs each, and,3. an average depth of c, i.e., for any base a, it appears on an average c times in thefragments.Question: What is Pk, the probability of a being covered by exactly k fragments?Suggested Answer: By the Lander-Waterman [29] model, Pk = e�cckk! .Rationale: Let us look at Poisson's theorem [30].Theorem 7 Consider a double sequence of eventsE11;E21; E22;E31; E32; E33;: : : : : : : : : : : : : : : : : : : : : ;En1; En2; En3; : : : ; Enn;: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : :54



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.in which the events in any row are mutually independent and each of them has a probabilitypn depending only on the number of the row. We denote by �n the number of actualoccurences of an event An in the nth row. If pn ! 0 as n!1; thenlimn!1 Pf�n = mg = amnm!e�anwhere an = npn.Let us now map our problem into the above scenario.� Let Eij denote the event of base a contained in the jth fragment, when there are ifragments, with the indicator variable corresponding to this as Xij .� 8n, Xnj , j = 1; : : : ; n, are mutually independent, and PfXnj = 1g = qnj, say.� Since we have a constant coverage of c, qnj = cn ; for n � c, 8j. Let pn = qnj , forany j.� Also, note that as n!1, pn ! 0. Thus an = npn = n cn = c.� �n denotes the actual occurences of event An, that is, the number of fragments thatcover base a.Hence for large n, Pm ! e�ccmm! .Thus the fraction of a that is covered by at least one fragment is27 1 � e�c. This showshow the fraction of a covered increase with c. See [29] and [23] for further details.5.3 Physical Mapping and Contig ProblemsRestriction enzymes cut a DNA molecule at certain speci�c base pair pattern termed site.A biologist obtains valuable information if she or he is told the order of the sites alongwith distances between each of them. This is called the Physical Mapping Problem.Given di�erent pieces of DNAmolecules, the Contig Problem is to �nd the overlap betweenthese strands. This is done by �rst obtaining the physical map of each molecule, and thenusing the physical maps to detect the overlap between the DNA molecules.What kind of information does a biologist/chemist provide a computer scientist? Firstly,for the physical map, the computer scientist is given the results of an experiment carriedout in a laboratory: hence this is technology driven. Gel Electrophoresis (see 2.9) andOptical Mapping (see [27], [28]) are two methods to provide input for the physical mappingproblem.Gel Electrophoresis is a popular method of studying the fragments of DNA moleculesobtained by digesting with restriction enzymes. It gives the number of fragments of a271� P0 = 1� �1� 1N �nL � 1� e� nLN = 1� e�c.55



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.particular size, but gives no information of the order of these segments on the DNAmolecule. The physical mapping problem is to �nd this order. Optical Mapping wasintroduced by David Schwartz and we look at it in the next section.5.4 The Optical TechniqueThe DNA molecules are so small that it did not seem feasible to take pictures of themto process them - but optical mapping has made it possible to do uorescent microscopyon them and study the fragments. Thus, this is reduced to an imaging/vision problem ofdetecting the fragment sizes from images. But this also means that there is no estimate ofthe mass, and it can be estimated only from the image - this is the new problem absent inthe Gel Electrophoresis method.Optical Mapping has been a signi�cant breakthrough in the experimental method to studythe cutting of DNA molecules by restriction enzymes. The next paragraph explains themethod briey. The long and short of the story is that the physical mapping problem isvastly altered - the order of the fragments is not the critical problem any more.The current optical mapping technique is the second generation28 approach which can useDNA fragments as small as 300 base pairs[28]. The process �xes elongated DNA moleculesonto polylysine-treated glass surfaces. The �xation conditions are carefully controlled tominimize DNA coil relaxation e�ects but allow enough relaxation at endonuclease cleavagesites for their detection by uorescence microscopy29. This surface based optical mappingapproach will provide the necessary basis for the development of a fully automated ap-proach to genomic analysis that should eliminate the need for electrophoretic techniques.What is the advantage of optical mapping over conventional methods? It is believedthat optical mapping is more suitable for automated approach than other conventionalmethods. The automated approach should help analyze genomes of other biologicallyvaluable organisms.It must be pointed out that the digestion rate 30 is fairly high in the Gel Electrophoresismethod but is poor in the optical method. In the former it is believed to be 99% whereasin the latter it could be as low as 30%. But, recent experiments have shown that this canbe improved signi�cantly by using specially treated surfaces.The error model in optical mapping is also a little di�erent from that of the electrophoreticmethod: now there could be cuts that are optical and actually do not exist on the molecules.This is the Type II or false positive error. Due to unexplained reasons, sometimes therestriction enzymes fail to cleave at a site: this is the Type I or false negative error.The reader may note that the contig problem is independent of the way by which thedigestion is carried out: hence it is the same in both the approaches.28The �rst generation approach used agarose gel and was less accurate; the second generation is com-bining simplicity of the procedure along with increased accuracy.29Here we are talking about a balance between a molecule coiling up into a ball, which gives very littleor no information about its length, or not retracting at all so as to completely hide the cutting site.30The e�ciency with which the restriction endonucleuses digest (cut) the DNA molecule.56
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Physical MapContig
Vision Problem(pro�les)

Figure 29: A schematic diagram for the Physical Map and the Contig Problem arising inthe Optical method. At the top is the DNA segment which is digested using restrictionenzymes: the imaging process captures this, and, the \vision problem" computes theintensity pro�les, which produces the data for the physical map problem. The result ofthis process, on di�erent segments, forms the input to the contig problem.57



Journal of the Indian Inst. of Science, vol 77, pp 283-326, July-August 1997.Let us summarize the pros and cons of the two techniques in the following table:The Physical Map Problem TheTechniques Digestion Error Order of Computational Contig AutomationRate Types fragments Problems ProblemGel good Type I unknown hard same notElectrophoresis (99%) combinatorial conduciveOptical fair Type I known vision & same conduciveTechnique (33%) & II tractable (but, morecombinatorial reliableresult)In the table, we say that the contig problem, using the Optical technique, gives a morereliable result, since its input comes from the \better" Physical map (since the orderingis known).5.4.1 The Imaging ProcessLet us briey study the process of imaging to understand the various factors that contributeto the intensity of the molecules. Once we have a fair understanding of that, we mustcompensate for these factors in computing the mass estimation.In the following we describe the process that is being carried out at David Schwartz'slaboratory at the Department of Chemistry, NYU.A DNA molecule is made \visible" by adding uorescent dye to it. Fluorescence is thephenomenon by which an object emits light of a particular wavelength when excited bysome �xed wavelength light. The phosphorescent dye attaches itself to a speci�c basepattern in the DNA molecule and it is assumed that this is random enough to give theright estimate of the mass.Figure 30 shows the schematic diagram of the working of phosphorescent microscopy.On the left is the light source, the arc lamp. The light emitting from this source is�ltered to ensure that the appropriate wavelength for the phosphorescent dye goes through.This light is reected o� the dichroic coating of the plate in the cube (\square" in thediagram). This hits the specimen and the phosphorescent dye emits light at a higherwavelenth which passes through the plate. Note that this plate has a coating that reectslight of the incoming wavelength and transmits light of the reected wavelength. Thistransmitted light is further �ltered to ensure that no spurious wavelengths pass throughit. Nevertheless, the matching wavelengths of the ambient light do get through.The camera is a charge coupled device (CCD). Every pixel has a little \well" associatedwith it. Each well emits electrons proportional to the number of photons striking it. Theintensity in the image is a measure of the number of electrons. Further, this is a linearfunction for all practical purposes, as assured by the manufacturers of the cameras.58
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light source

filter

emission filter

anti-reflective coating

dichroic coating

SpecimenFigure 30: Schematic diagram of a uorescent camera.5.4.2 Estimating Mass from the ImageIn the ideal situation, the intensity is a (linear) function of the amount of uorescent dyein the molecule, if any, which in turn is a (linear) function of the number of molecules.Thus the intensity should give a fair estimate of the mass within a linear factor.Unfortunately, the present state of uorescent microscopy does not provide this level ofsimplicity and convenience. The scientists in the laboratory are closely studying the imag-ing process. The proposed model is as follows:Ii = gi + dibi;where Ii is the �nal intensity at the pixel i, gi is the ground value31, di is the amount ofdye factor and bi is the brightness due to the light source and (probably) ambient lightat pixel i. It is easy to understand that the ground is an additive term since the numberof electrons that will be emitted from the well will just add on to the amount that existin the "ground" state. The dibi factor is quite intuitive and we will not attempt at itsjusti�cation here.The value that we are really interested in is di because this is the believed to be themeasure of the mass of the molecule. If every pixel gave the same value of gi and bi, thenIi would be �xed function of di and that would serve our purpose. Unfortunately thatdoes not hold. Experimentally, it has been observed that gi is (more or less) constant forthe entire image, say g; in fact the value 32 is a good indicator of the background value.The notorious factor is bi which varies, albeit uniformly, over the entire image. Currently,bi is being computed experimentally in the laboratory. Thus the estimate of the amount31This is the measure of the electrons that exist in the "well" of the CCD camera in the absence of anylight.32It is 4096 for the current camera in use. 59
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33The image to estimate gi is called the dark image and the one to compute bi is called the bright �eld,in the laboratory. 60
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The Scope of Bioinformatics:  Overview 

Bioinformatics has come to encompass a large number of disciplines and 
techniques applied to solve complex problems in biology.  As the name suggests, 
it can be thought of as a general sub-discipline of Informatics or Information 
Science.  Professionals comfortable in these disciplines may also find themselves 
described as biologists, chemists, librarians, computer scientists, statisticians, and 
so forth. 
 
Complex problems generate huge quantities of information that are not easily 
comprehended by inspection.  Information must be created, stored, managed, 
retrieved, and disseminated.  To be useful, that information must be analyzed and 
understood using statistical parameters and visualization. 
 
Much of what has happened in Bioinformatics over the last 20 years has lead to 
an increasingly detailed understanding of smaller and smaller problems.  In part 
as a reaction to this emphasis on the minute, an overarching discipline is 
developing called Systems Biology. Systems Biology seeks to unite the sub-
disciplines directed at genes, proteins, protein expression, metabolism and 
physiology to model larger entities from organs to organisms and populations. 
 
On the whole, these varied disciplines all depend on databases and computer 
programs (applications) that distinguish patterns.  The patterns can be used to 

http://www.ncbi.nlm.nih.gov/
http://www.ncbi.nlm.nih.gov/books/
http://en.wikipedia.org/
http://www.nature.com/ng/journal/v32/n1s/index.html


compare two sequences, structures, or images to approximate similarity with each 
other or similarity to a recognized sequence, structure or image. 

 
Data 
What sorts of data are studied in bioinformatics and, for each of the following  

• how is sequence data obtained? 
• what is the nature of the output using current technology? 

 
• Sequences  

o Nucleic acids 
o Protein 

• Molecular structures 
o Proteins 
o Nucleic acids 
o Small molecules (ligands/drugs) 
o Complexes 

• Indicators of cellular function 
o Micorarray profiles 
o Proteomic profiles 

 
History 

• Sequences 
o Protein sequencing began in 1951 
o By comparing sequences of amino acids from the same protein from 

different organisms, Margaret Dayhoff and colleagues began to assemble 
family trees as reflected by sequence similarity 

 Not all differences are equal.  Since the substitution of 
biochemically similar amino acids is likely functionally less 
disruptive than the substitution of dissimilar amino acids, 
comparisons needed to be weighted 

 PAM (Percent Accepted Mutation) accounts for observed changes 
among closely related sequences of proteins.   

• PAM1 matrix derived from sequences having only 1% 
sequence dissimilarity 

o DNA sequencing  
 Chain Termination Method (Frederick Sanger)  
 PhiX-174 genome sequenced 1977 – 5400 bp 

o DNA sequence databases 
 Los Alamos / GenBank 
 Conceived in 1979 (Walter Goad) 
 In production 1982 – 1992 
 Transferred to NCBI in 1992 
 Coordinated with international databases 
 1 billion bases in sequence from 165,000 organisms (Feb., 2006) 
 complete, structured output of all sequences from one organism 

constitutes the sequence of the genome 



• Structures 
o Long history of X-ray crystallography 
o Seven protein structures deposited to database at Brookhaven National 

Laboratory in 1971 
o Data transferred to Research Collaboratory for Structural Bioinformatics 

(RCSB) in 1998 
 Rutgers University, tUniversity of Wisconsin, National of 

Standards and Technology and the San Diego Supercomputer 
Center 

 Approaching 35,000 structures 
 Each structure described the a pattern in an XYZ matrix 

describing the position of each heavy atom in the protein 
• Gene Activity 

o Northern Blot (PubMed: 1980) 
 mRNA separated by gel electrophoresis, transferred to membrane, 

probed with DNA 
 highly labor intensive 

o DNA Micorarray (PubMed: 1991-1999) 
 Short oligonucleotides or cDNA’s bound to substrate in a matrix 
 Population of mRNA extracted from experimental material and 

controls 
• reverse transcribed to fluorescent-tagged cDNA 
• hybridized to matrix 
• fluorescent pattern representative of up- or down-regulated 

genes 
• output said to be a profile of the transcriptome 

o Proteomics (PubMed: 1997) 
 Population of proteins extracted from experimental material and 

controls 
 Proteins partially digested to peptides and separated by gel 

electrophoresis into a pattern of peptides 
 Peptides generate characteristic patterns during mass spectrometry 

analyses which, in mature systems, can be associated with specific 
protein sequences and gene 

 Output said to be a profile of the proteome. 
 
 
Part II Overview:  Comparative Gene Structure and Genomics 
 

Google finds a variety of definitions for genomes.  Are they accurate or 
comprehensive? 

• The complete set of genetic information of an organism including DNA 
and RNA. 

• The total genetic composition of an individual. The complete genetic 
information possessed by an organism. 

• The complete genetic material of an organism. 



• All the genes of an organism. 
• All of the genetic information; the entire genetic complement; all of the 

hereditary material possessed by an organism. 
• All genetic material of a living organism 
• The total hereditary material of a cell, comprising the entire 

chromosomal set found in each nucleus of a given species. 
• The total genetic information of a particular organism. The normal human 

genome consists of 3 billion base pairs of DNA in each set of 23 
chromosomes from one parent. 

• The complete genetic content of an organism. 
• Genetic endowment of a species. 
• All the genetic material in the chromosomes of a particular organism; its 

size is generally given as its total number of base pairs. 
• All the genetic material in the chromosomes of a particular organism.  

 
Genomics is the study of the genome (see above!)  Issues include 

 
• Sequence 

o Computer-assisted assembly from smaller sequence 
o Association of sequence with structures 

 Chromosomes and chromosomal sub-structures 
 Segments 
 Organelles 

• Function 
o Coding sequences 
o Other functional RNA species 

• Genomic structures 
o Introns and Exons (when present) 
o Intergenic sequences 
o Overlapping sequences 
o Pseudogenes 

• Genomic organization 
o Which sequences lie on which chromosomes? 
o What is the order of genes on a chromosome 

• Size vary enormously 
o Eukaryotes: 4x105 (nucleomorphs) to 1x108 bases 
o E. coli: 4.6 x106 bases 
o Genome size is not directly proportional to information content 
o Some genomes are much more compact than others 

 Aradibopsis: 25 genes/100kb 
 Homo sapiens: 0-64 genes/100kp 
 The puffer fish, Takifugu rubripes has about as many 

structural genes as does a human, but its genome is 1/8 the 
size 

 
 



Genomic anatomies are related to taxonomy 
• Eukaryotes (animals, plants, fungi and protozoa) carry their genomes in 

membrane-bound nuclei and in organelles, when present 
• Bacteria and archaea carry genomes w/o membrane bound nuclei 
• Viral genomes depend upon a wide variety of nucleic acid strategies 

 
In Eukaryotes 

• Genes are unevenly distributed along the chromosome 
o Centromeric regions are gene-poor 

• Classical methods in biology have modern implication 
o Gimsa staining (banding).  Dark bands reflect high A/T regions 

 The human genome is roughly 59.7%AT 
 Dark bands on stained chromosomes must be >60% AT 
 Most genes have AT at 45-50% 
 Cytogenetic bands likely gene-poor 

o  
 
Comparative Genomics 
 
Annotated Genomes are Moving Targets (NCBI – February 2006) 
 
Map Viewer - genome annotation updates: 
Species    Build  Map Viewer Release 
Mus musculus    35.1     December 12, 2005 
Dictyostelium discoideum   1.1     November 22, 2005 
Caenorhabditis elegans   WS144    November 22, 2005 
Arabidopsis thaliana    TAIR6.0    November 21, 2005 
Bos taurus (cow)   2.1     October 12, 2005 
Canis familiaris (dog)   2.1     September 8, 2005 
Strongylocentrotus purpuratus  
`(sea urchin)      1.1     August 17, 2005 
Drosophila melanogaster  
`(fruit fly)    4.1     July 28, 2005 
Danio rerio (zebrafish)  Zv4     July 5, 2005 
Anopheles gambiae (mosquito) 2.2     June 30, 2005 
Apis mellifera (bee)   2.1     May 31, 2005 
Rattus norvegicus (rat)   3.1     April 26, 2005 
Pan troglodytes (chimpanzee)  1.1     November 23, 2004 
Homo sapiens (human)  35.1     August 29, 2004 
 
Formal Languages and Systems for Bioinformatics 
 
Organisms.  Classifying organisms has long been the goal of taxonomy.  As taxonomy 
reflects biologic similarities and distances, it is closely tied to bioinformatics. 

• How can I become a taxonomist? 
o http://www.ncbi.nlm.nih.gov/Taxonomy/ 



 
Genes and proteins.  Genetic structures (genes, regulatory protein binding sites, proteins, 
etc.) requires formal, structured ways to describe and relate these elements. 

• What genes and proteins do?  Gene Ontology (GO) 
o http://www.geneontology.org/ 

 Molecular Function 
 Biological Process 
 Cellular Compartment 

o Categorizes genes/proteins into functions, pathways, and location 
 Example - Cytochrome C 

• Function term  
o electron transporter activity 

• Biological process terms  
o oxidative phosphorylation  
o induction of cell death,  

• Cellular component terms  
o mitochondrial matrix  
o mitochondrial inner membrane 

 
Protein domains.  Evolution repeatedly uses certain signature of peptides to provide 
common function, whether that be transversing a membrane or adding a phosphate 
group.  Domains are sought by looking for similarities in sequence and sometimes 
even structure 
 

• Conserved Domain Databases and Tools - Sequence 
o NCBI Conserved Domain Database 

 http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml 
o Sanger Institute Pfam database 

 http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml 
• VAST – Vector Alignment Search Tool 

o http://www.ncbi.nlm.nih.gov/Structure/VAST/vast.shtml 

http://www.geneontology.org/
http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
http://www.ncbi.nlm.nih.gov/Structure/VAST/vast.shtml
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Informatics — genome and genetic databases
Michael Ashburner∗ and Nathan Goodman†

Databases for biologists are becoming increasingly important.
Some of these can be regarded as ‘core’ resources, such as
the bibliographic databases, whereas others are of greater
interest to specialists. As comparative genomics develops,
however, even databases limited in their scope (e.g. to a
single organism) are of great interest to a wider community.
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Abbreviations
URL universal resource locator
WWW World Wide Web

Introduction
Databases are now essential for biologists. There are three
reasons why this is so. The first is that the increasing
rate of growth in conventional publications makes it hard
for scientists to know what is actually known — despite a
parallel growth in review journals such as Current Opinion in
Genetics & Development. The second is that many scientific
data are not now published in the conventional sense.
It has already been some years since most journals have
declined to publish nucleic acid sequence data — these are
now simply deposited in a data library. Sequence data from
the mega-sequencing projects may not even be linked to
conventional publications. There is an increasing trend for
other classes of data to be published only in a database.
The third and final reason for our statement is the need
for computational analyses of the data. Computational
analyses of sequence data are commonplace and familiar
to all. There is, however, an increasing need to analyse far
more complex data and to integrate such analyses across
many different data classes and different organisms.

For these reasons, there has been a growth in public
databases in the fields of genetics and genomics. In this
review, we identify — and very briefly describe — some
of these. All of the resources we identify are available
through the World Wide Web (WWW); we give the
universal resource locators (URLs) for these at the end
of this review. We have tested all of these URLs and all
are functioning at the time of press but readers should
be aware that WWW URLs can change. Fortunately,
public WWW search engines, such as AltaVista [1],

make it easy for anyone with WWW access to find a
resource should this occur. The FTP sites of both the
National Center of Biotechnology Information (NCBI)
[2] and EBI [3] act as public repositories for many
databases. One of the databases to be found there is
a database of databases, “Listing of Molecular Biology
Databases” (LiMB) [4]. Other very useful general indices
are K Robison’s Biosciences pages at Harvard [5], the
genetics page at Oak Ridge National Laboratory [6] and
“Pedro’s BioMolecular Research Tools” pages [7]. Many
databases are ‘mirrored’ at different sites in the world for
faster local access (we have not included the URLs of
these specific sites in this review, for reasons of space.)

There is one remarkable feature of the majority of
resources that we describe — they are available free. This
is a tribute to both many individuals and funding agencies,
and one which we would like to acknowledge.

Core resources
By a ‘core resource’ we mean a resource that is useful to
all biologists, irrespective of their particular interests.

Bibliographic
Services that abstract the scientific literature have a
long and distinguished history. From the early 1960s,
these services began to make their data available in
machine-readable form and several are now available. The
best known is “MEDLINE”, and now “PUBMED” [8],
most usefully accessed through the NCBI’s ENTREZ
product [9]. EMBASE is a commercial product for the
medical literature. BIOSIS [10] is the inheritor of the old
Biological Abstracts and covers a broad biological field;
the Zoological Record (see BIOSIS homepage) indexes
the zoological literature. CAB International [11] maintains
abstract databases in the fields of agriculture and parasitic
diseases. The analog of MEDLINE for the agricultural
field is AGRICOLA [12]. These last five databases [8–12]
are available through commercial database vendors. Users
should be aware that none of these abstracting services has
a complete coverage (e.g. for Drosophila, only about half
the records now captured by MEDLINE are also captured
by BIOSIS, and vice versa).

Sequence
The International Nucleic Acid Sequence Data Library
(often, though inaccurately, referred to as “GenBank”)
is a joint production from the DNA Data Bank of
Japan [13], the EMBL/European Bioinformatics Institute
(EBI [14]), and the NCBI [15]. It is a data repository,
accepting nucleic acid sequence data from the community
and making it freely available. Despite its name, the
database also contains protein sequences obtained from
the ‘conceptual translation’ of nucleic acid sequences. The
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database serves as a repository for experimental data and
strives for completeness, with the aim of recording every
publicly known nucleic acid sequence. These data are
heterogenous, they vary with respect to the source of the
material (e.g. genomic versus cDNA), the intended quality
(e.g. finished versus single pass sequences), the extent of
sequence annotation and the intended completeness of
the sequence relative to its biological target (e.g. complete
versus partial coverage of a gene or a genome).

Although the data are checked for integrity and obvious
errors by the data library staff, the quality of the data
is the responsibility of the submittor. As a consequence,
there are many errors in the database: many sequence
entries are either mislabeled, contaminated, incompletely
or erroneously annotated, or contain sequencing errors.
In addition, the database is very redundant, in the sense
that the same sequence from the same organism may be
included many times, simply reflecting the redundancy
of the original scientific reports. One major ‘value-added’
service is the imposition of a curated taxonomic hierarchy
(see below).

Sequence-cluster databases such as UniGene [16], EGAD
[17] and STACK (Sequence Tag Alignment and Consen-
sus Knowledgebase [18]) attack the redundancy problem
by coalescing sequences that are sufficiently similar that
one may reasonably infer that they are derived from the
same gene. At present, such databases are only available
for human sequences but efforts are underway in other
species.

For organisms whose genomes are either completely or
largely sequenced, the sequence data are often stored in
an organism-specific database in addition to being stored in
the major nucleic acid sequence database. A useful source
of information in this regard is the list of complete genomic
sequencing projects kept by Terry Gaasterland (Argonne
National Laboratory), Siv Andersson (Uppsala University),
and Christoph Sensen (Dalhousie University) [19]. This
resource has links to the public data.

All of the megasequencing centres maintain their own
databases which can be accessed via their homepages.
Five particularly useful ones — because of the diversity
of organisms being studied — are those of The Institute
for Genomic Research (TIGR) [20], the Washington
University Genome Sequencing Center [21], The Sanger
Centre [22], The University of Oklahoma Advanced Cen-
ter for Genome Technology [23] and Stanford Genomic
Resources [24].

Several specialised sequence databases are also available.
Some of these are for particular classes of sequence
(e.g. the Ribosomal Database Project for ribosomal
genes [25], the HIV Sequence Database for HIV and
related viruses [26], and the International Immunogenetics
[IMGT] Database for immunogenetic molecules [27]);

others for particular features, such as transcription factor
binding sites (and sequences of transcription factors
themselves) TRANSFAC [28], promoters (Eukaryotic
Protein Database) [29], and restriction enzyme sites
(and restriction enzymes), REBASE [30]. GOBASE is a
specialised database of organelle genomes (e.g. those of
mitochondria, plastids and nucleomorphs), and is available
from the Organelle Genome Megasequencing Program
[31]. A more general database for mitochondrial genomics
is mitBASE from the EBI [32].

For protein sequence data, SWISS-PROT [33] — the
product of a collaboration between the University of
Geneva and the EBI — is a curated non-redundant
database that includes extensive annotation. Because of
its objective for quality, there is inevitably a time lag
between the publication of a sequence or its appearance in
the nucleic acid sequence database and its availability in
SWISS-PROT. To help ameliorate this time lag, SWISS-
PROT is accompanied by TREMBL, which contains
conceptual translations of coding sequences extracted
from the nucleotide sequence database. PIR [34,35] is
another protein sequence database that is less extensively
annotated and is more redundant than SWISS-PROT.

The redundancy of sequence databases creates diffi-
culties for scientists wishing to use these resources.
A biologist wanting a nucleic acid sequence of the
Drosophila melanogaster alcohol dehydrogenase gene (e.g.
for comparative purposes) would recover 36 different
nucleic acid sequence records from the EMBL nucleic
acid data library. None of these is annotated to reflect
current knowledge of, for example, transcription factor
binding sites. Some will be of mutant alleles, some
of different wild-type alleles, but there is no complete
annotation of the differences between them. The poor
biologist just wants the definitive sequence of this gene.
This is, of course, not truly meaningful, yet it is very
useful! There is a clear need for a ‘second generation’ of
sequence databases in which biological content is attached
to sequences in a more systematic manner, and redundant
sequences are merged (with appropriate annotation).
These should be based on the primary sequence database
but curated by the appropriate communities who have the
necessary expertise. Some genetic databases are beginning
such projects.

For genomes that have been completely sequenced,
there are several projects which provide the results of
various automatic analyses of the sequence data; these
include D Frishman’s PEDANT at MIPS [36], C Sander’s
“GeneQuiz” at the EBI [37], T Gaasterland’s MAGPIE
project at the Argonne National Laboratory [38] and
E Koonin’s analyses at the NCBI [39].

Protein
There is no comprehensive database of proteins per se.
Protein sequences are found in the sequence databases
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discussed above. The ENZYME database [40] is an anno-
tated extension of the Enzyme Commission’s publication,
linked to SWISS-PROT. LIGAND is another extensive
database of information about enzymes [41]. PROSITE
[42] includes extensive documentation on many protein
families, as defined by sequence domains or motifs; other
databases in which proteins are grouped, using various
algorithms, by sequence similarity include PRINTS [43],
Pfam [44], BLOCKS [45], and SBASE [46]. There are
also databases of enzyme properties — LIGAND (see
above) and the Database of Enzymes and Metabolic
Pathways [47] — and these are linked to other databases
of metabolic pathways (e.g. WIT [48] and KEGG [49]).
An index of protein family sites and related databases is
maintained by Jorja Henikoff, Shmuel Pietrokovski, and
Steven Henikoff [50].

Databases of two-dimensional gel electrophoresis data are
available from Expasy [51] and the Danish Centre for
Human Genome Research [52]. A useful resource for
mass spectrometry protein data, including protein cleavage
products, is maintained at Rockefeller University [53].

A comprehensive database of the properties of proteins
is badly needed. This should include not just the
obvious links of proteins to sequence and structure but
also of function (in its many aspects) and distribution
(from subcellular to taxonomic). This database would
also encourage nomenclatural stability — sorely needed for
proteins not listed by the Enzyme Commission.

Structure
The number of known protein structures is increasing very
rapidly and these are available through the Protein Data
Bank (PDB) [54]. The Nucleic Acid Database (NAD) [55]
is the database for structural information about nucleic
acid molecules. There is also a database of structures
of ‘small’ molecules, of interest to biologists concerned
with protein–ligand interactions, from the Cambridge
Crystallographic Data Centre [56].

Taxonomy
Taxonomic databases are rather controversial because one
taxonomist’s meat is another’s poison! Despite global (e.g.
“Species 2000” [57] and the International Organization
for Plant Information, [58]) and national (e.g. Integrated
Taxonomic Information System [59]) efforts, and some
interesting resources (e.g. “The Tree of Life” project
[60]) the most generally useful taxonomic database
is that maintained by the International Nucleic Acid
Sequence Data Library collaboration at the NCBI [61].
This hierarchical taxonomy is used by the Nucleic Acid
Sequence Database, SWISS-PROT, and TREMBL and is
curated by an informal group of experts.

Genetic databases
For organisms of major interest to geneticists, there is
a long history of conventionally published catalogues of

genes or mutations. In the past few years, most of these
have been made available in an electronic form and a
variety of new databases have been developed. These
various databases vary greatly in form and content: varying
in the classes of data captured and how these data are
stored.

Escherichia coli
There are several databases for Escherichia coli. CGSC, the
E. coli Genetic Stock Center, maintains a genetic database
associated with strain lists [62]; the E. coli Database col-
lection (ECDC) in Giessen maintains curated gene-based
sequence records for this bacterium [63]. EcoCyc, the
“Encyclopedia of E. coli Genes and Metabolism” [64] is a
database of E. coli genes and metabolic pathways. Both the
US and Japanese E. coli genome projects have associated
databases [65,66].

Bacillus subtilis
A database of Bacillus subtilis genes, sequences, and
proteins is available from the Institut Pasteur in Paris
[67]. In addition, NRSub is a non-redundant database of
B. subtilis sequences [68].

Saccharomyces cerevisiae
The Saccharomyces Genome Database [69] is the major
yeast database. The MIPS yeast database [70] is also an
important resource for information on the yeast genome
and its products. The Yeast Protein Database [71] is
a very useful source of information concerning proteins
of S. cerevisiae, including both computed properties of
these proteins and information curated from the primary
literature.

Arabidopsis thaliana
AtDB, the database for Arabidopsis, is the first genetic
database that we know of to be implemented in a new
generation of database management systems — object-
relational, specifically the Informix Universal Server — and
is the successor to the ACEDB-based AAtDB. It can be
accessed from the University of Stanford [72]. The original
AAtDB remains accessible via AGIS (see below).

Zea mays
MaizeDB is the database for genetic data on maize and
can be accessed through AGIS (see below) or from its
source in Missouri [73]. For other plants, AGIS (the
Agricultural Genome Information System [74]) provides
access to many different genome databases (mostly in
ACEDB format [see below]), including Chlamydomonas,
cotton, alfalfa, wheat, barley, rye, rice, millet, sorghum
and species of Solanaceae and trees. MENDEL (available
through AGIS) is a plant-wide database for plant genes.

Caenorhabditis elegans
ACeDB is the database for genetic and molecular data
concerning Caenorhabditis elegans. The database manage-
ment system written for ACeDB by R Durbin and
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J Thierry-Mieg has proved very popular and has been
used in many other organismal databases. ACEDB (spelled
with a capital ‘E’) is now the name of this database
management system, resulting in some confusion relative
to the C. elegans database. There is gopher access to
ACeDB sensu strictu [75] and WWW query and browsing
access via AGIS (see below). The entire database can be
downloaded, for instance from the Sanger Centre [76].

Drosophila melanogaster
The most comprehensive database for Drosophila melano-
gaster is FlyBase [77] although a number of smaller
databases are also available (see [78]). From January 1998,
the original FlyBase consortium will be enlarged by the
addition of the informatics teams from the Berkeley [79]
and European [80] Drosophila genome projects to ensure
the complete integration of genetic and sequence data.

Brachydanio rerio
ZFIN, the zebrafish database project, is now being
implemented [81].

Mus musculus
The various mouse databases have now converged as the
Mouse Genome Database [82]. Also accessible from this
homepage is the mouse Gene Expression Database.

Agricultural animals
There are genetic databases available for several animals
of economic importance to humans. These include pig
(PIGBASE), cows (BovGBASE), sheep (SheepBASE) and
chicken (ChickBASE). In addition, there is a database of
mutant phenotypes modeled on Mendelian Inheritance in
Man (see below), Mendelian Inheritance in Animals. All
these databases are available via the AGIS server [74] and
most from the Roslin Institute server [83] and from the
Japanese Animal Genome Database [84].

Homo sapiens
Two major databases for human genes and genomics
are in existence. V McKusick’s Mendelian Inheritance in
Man (MIM) is a catalogue of human genes and genetic
disorders and is available in an online form (OMIM)
from the NCBI [85]. The Genome Database (GDB) [86]
is the major human genome database including both
molecular and map data. Both MIM and GDB include
information on genetic variation in humans but there
is also a Human Gene Mutation Database [87] and a
human mutation server, with links to the many single gene
mutation databases at the EBI [88]; this has a sequence
retrieval system (SRS) interface (see below) to many
human mutation databases. The GeneCards resource
at the Weizmann Institute [89] integrates information
concerning human genes from a variety of databases,
including GDB, OMIM and the sequence databases.
GENATLAS [90] also provides a database of human
genes, with links to diseases and maps. Human genetic
maps are particularly complex. Integrated genetic maps

are available at GDB and also from LDB, the Location
Database in Southampton, UK [91].

Parasite genomes
A parasite genome database is supported by the World
Health Organisation (WHO) at the EBI [92], covering the
five ‘targets’ of its Tropical Diseases Research programme:
Leishmania, Trypanosoma cruzi, African Trypanosomes,
Schistosoma and Filariasis. It does not include Plasmodium
but a malaria database (MalDB) is available from WEHI
in Melbourne [93]. There is also a database of gene
tags sequenced from Plasmodium [94]. Databases for some
vectors of parasitic diseases are also available, such as
AnoDB for Anopheles [95] and AaeDB for Aedes aegypti [96].

Comparative databases
A new Comparative Animal Genome Database is being
developed at the Roslin Institute and should be available
soon [97]. The Mouse Genome Database group [98]
maintains a database of homologous mammalian genes,
with links to mammalian single-species databases.

Transgenic organisms
A database of transgenic organisms, Tbase, is maintained
at the Division of Biomedical Sciences at the Johns
Hopkins University [99]; other similar resources are to be
found on Internet Resources for Transgenic and Targeted
Mutation Research [100].

Gene regulation
Representing the complexity of gene interactions charac-
teristic of both metabolic and developmental regulation
in a bibliographic and searchable form presents a major
challenge. Some interesting attempts are now being made,
for example the GeNet Database [101] and GIFTS (Gene
Interactions in the Fly) [102] and Brody’s Interactive Fly
project (accessed through FlyBase).

Conclusions
This review, as incomplete as it is, will give some idea
of the variety of database resources now available to
biologists interested in genomes and genes. As we have
indicated, the present situation is far from ideal.

A major problem is the limited integration of existing
databases. A common trap is for database builders to think
that their database will only be used by their own research
community. This is rarely the case — at least for successful
databases — because comparative and integrative analyses
are very powerful in biology. For this reason, it is important
to make all databases accessible — intellectually, as well
as technically and practically — to the widest possible
audience.

One obstacle to intellectual integration is the disparity in
the way basic biological concepts are defined in different
databases. Take the concept of ‘gene’, for example: in the
nucleic acid sequence data library and FlyBase, the term
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refers to disparate objects, depending on context; in the
Mouse Genome Database, the term refers to any genetic
factor associated with a phenotype. (The definition of the
‘gene’ feature in the nucleic acid sequence database is “[a]
region of biological interest identified as a gene and for
which a name has been assigned.”) There is some hope
that the community may come together to bring some
order to the present “semantic chaos”.

Beyond such intellectual issues lies the technical problem
of creating software and databases to accomplish the
desired integration. One solution — which we would
oppose — would be to legislate the problem away by
creating one central database for all genomic data. In
addition to the distaste we have for letting central
authorities dictate the practice of science, this would surely
be futile because the policy makers would never be able
to keep pace with the rapid changes in science. A better
solution is to encourage informaticists and other scientists
to create new databases and software that combine and
organise data from multiple databases. One simple way to
enable this is for database providers to make the entirety
of their data available in formatted flat-files with rigorously
defined syntax and semantics (rather than just via a WWW
query interface or database tables); flat-files are a lingua
franca for computation and can also be processed by
SRS [103], which allows powerful queries across different
flat-files that share fields in common. Other more advanced
solutions are being pursued in the industry, based on
technology for creating standardized program-to-program
interfaces (see [104]).

Beyond both the intellectual and technical issues lies a
quagmire of licensing and related legal problems. Many
database developers assert intellectual property rights over
their products and impose restrictions on how the data
may be used. Though sensible from the standpoint of
the individual database developer, a database integrator
is faced with the fact that his intellectual work is
encumbered with the sum of all restrictions imposed by
the databases being integrated.

Now that databases are essential for biology, it is equally
essential that biologists play an active role in guiding the
direction of this work. Many biologists view the ‘database
problem’ as a technological one that lies outside their
area of expertise. We disagree. Although some aspects are
clearly technological, the key issues are squarely scientific.
This is not unlike the conundrum that exists in the wet
laboratory side of genomics where few biologists are in
the position to evaluate the robotic systems required for
megasequencing projects but the major issues of what to
sequence, what to annotate, and how much all of this
should cost are well within the ken of most. Likewise,
most biologists are well equipped to answer the major
database issues: what data should be stored in databases,
what types of scientific studies should be possible using

these data, and how much the community is willing to
spend to make this possible.
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http://www.mips.biochem.mpg.de/mips/HOME–GEN.HTMLX

36. PEDANT: Protein Extraction, Description, and Analysis Tool.
http://pedant.mips.biochem.mpg.de/frishman/pedant.html

37. GeneQuiz. http://www.sander.ebi.ac.uk/genequiz/

38. MAGPIE: Automated Genome Project Investigation
Environment. http://www.mcs.anl.gov/home/gaasterl/magpie.html

39. NCBI: Complete Genomes. http://www.ncbi.nlm.nih.gov/
Complete–Genomes/

40. ENZYME: Enzyme Nomenclature Database.
http://www.expasy.ch/sprot/enzyme.html

41. LIGAND. http://www.genome.ad.jp/dbget/ligand.html

42. PROSITE: Dictionary of protein sites and patterns.
http://www.expasy.ch/sprot/prosite.html

43. PRINTS: Protein Motif Fingerprint Database.
http://www.biochem.ucl.ac.uk/bsm/dbbrowser/PRINTS/
PRINTS.html

44. The Sanger Centre: Pfam. http://www.sanger.ac.uk/Pfam/

45. Fred Hutchinson Cancer Center: Blocks WWW Server.
http://www.blocks.fhcrc.org/

46. The SBASE 5 Page: A Collection of Annotated Protein Domain
Sequences. http://base.icgeb.trieste.it/sbase/

47. Database of Enzymes and Metabolic Pathways (EMP).
http://biobase.com/emphone.html/homepage.html/

48. What Is There (WIT)? Interactive Metabolic Reconstruction on
the Web. http://www.cme.msu.edu/wit/

49. KEGG: Kyoto Encyclopedia of Genes and Genomes.
http://www.genome.ad.jp/kegg/kegg.html

50. BLOCKS: Other Protein Sites. http://www.blocks.fhcrc.org/
other.html

51. SWISS-2DPAGE: Two-dimensional Polyacrylamide Gel
Electrophoresis Database. http://www.expasy.ch/ch2d/ch2d-
top.html

52. Biobase, The Danish Biotechnological Database at the
University of Aarhus, Denmark. http://biobase.dk/cgi-bin/celis/

53. PROWL: A Resource for Protein Chemistry and Mass
Spectrometry. http://prowl.rockefeller.edu/

54. The Protein Data Bank (PDB): Brookhaven National Laboratory.
http://www.pdb.bnl.gov/

55. The Nucleic Acid Database (NAD). http://ndbserver.rutgers.edu/

56. Cambridge Crystallographic Data Centre (CCDC).
http://www.ccdc.cam.ac.uk/

57. Species 2000. http://www.sp2000.org/

58. The International Organization for Plant Information (IOPI).
http://iopi.csu.edu.au/iopi/

59. Integrated Taxonomic Information System (ITIS).
http://www.itis.usda.gov/itis/

60. The Tree of Life Project Root Page. http://phylogeny.arizona.edu/
tree/life.html

61. The NCBI Taxonomy Homepage. http://www.ncbi.nlm.nih.gov/
Taxonomy/taxonomyhome.html

62. CGSC: E. coli Genetic Stock Center. http://cgsc.biology.yale.edu/
top.html

63. The E. coli Database Collection (ECDC). http://susi.bio.uni-
giessen.de/ecdc.html

64. EcoCyc: Encyclopedia of E. coli Genes and Metabolism.
http://www.ai.sri.com/ecocyc/

65. E. coli K-12 Data. http://www.genetics.wisc.edu/html/k12.html

66. Escherichia coli Databank. http://genome4.aist-nara.ac.jp/GTC/
mori/research/dbservice/ecoli-e.html

67. The Complete Bacillus subtilis Genome Sequence and
Annotations. http://www.pasteur.fr/Bio/SubtiList.html

68. A Non-Redundant Database for Bacillus subtilis.
http://ddbjs4h.genes.nig.ac.jp/

69. Saccharomyces Genome Database. http://genome-
www.stanford.edu/Saccharomyces/

70. MIPS Yeast Genome Project.
http://www.mips.biochem.mpg.de/mips/yeast/index.htmlx

71. YPD Proteome, Inc. http://www.proteome.com/YPDhome.html

72. Arabidopsis thaliana Database. http://genome-www.stanford.edu/
Arabidopsis/

73. MaizeDB: A Maize Genome Database.
http://www.agron.missouri.edu/

74. AGIS: Agricultural Genome Information System.
http://probe.nalusda.gov:8000/index.html

75. Caenorhabditis elegans Genome Gopher Search.
gopher://weeds.mgh.harvard.edu/77/.index/
Caenorhabditis–elegans–Genome

76. The C. elegans Genome Project. http://www.sanger.ac.uk/
Projects/C–elegans/

77. FlyBase; A Database of the Drosophila Genome.
http://flybase.bio.indiana.edu/

78. The Drosophila Virtual Library. http://www-leland.stanford.edu/
∼ger/drosophila.html

79. Berkeley Drosophila Genome Project. http://fruitfly.berkeley.edu/

80. European Drosophila Genome Project. http://www2.embl-
ebi.ac.uk/EDGP/

81. Zebrafish Information Network (ZFIN). http://zfish.uoregon.edu/
ZFIN/

82. The Jackson Laboratory: Mouse Genome Informatics.
http://www.informatics.jax.org/

83. Roslin Institute: Genome Mapping. http://www.ri.bbsrc.ac.uk/
genome–mapping.html

84. Animal Genome Database in Japan. http://ws4.niai.affrc.go.jp/

85. OMIM Home Page: Online Mendelian Inheritance in Man.
http://www3.ncbi.nlm.nih.gov/Omim/

86. The Genome Database (GDB). http://www.gdb.org/

87. Human Gene Mutation Database (HGMD). http://www.cf.ac.uk/
uwcm/mg/hgmd0.html

88. EMBL–EBI: Mutations. http://croma.ebi.ac.uk/mutations/

89. GeneCards: Encyclopedia of Genes, Proteins and Diseases.
http://bioinfo.weizmann.ac.il/cards/

90. GENATLAS. http://bisance.citi2.fr/GENATLAS

91. Location Database. http://cedar.genetics.soton.ac.uk/pub/

92. Parasite Genome Databases and Genome Research
Resources. http://www.ebi.ac.uk/parasites/parasite-genome.html

93. Malaria Database. http://www.wehi.edu.au/MalDB-www/who.html

94. The Plasmodium falciparum Gene Sequence Tag Project.
http://parasite.arf.ufl.edu/malaria.html
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95. An Anopheles Database (AnoDB). http://konops.imbb.forth.gr/
AnoDB/

96. Mosquito Genomics WWW Server. http://klab.agsci.colostate.edu/

97. TCAGDB: The Comparative Animal Genome Database.
http://www.ri.bbsrc.ac.uk/tcagdb.html

98. Mouse Genome Informatics (MGI): Mammalian Homology
Query Form. http://www.informatics.jax.org/homology.html

99. TBASE: The Transgenic/Targeted Mutation Database.
http://www.bis.med.jhmi.edu/Dan/tbase/tbase.html

100. Internet Resources for Transgenic and Targeted Mutation
Research. http://www.bis.med.jhmi.edu/Dan/tbase/docs/
databases.html

101. GeNet: Concept and Structure. http://www.csa.ru/Inst/gorb–dep/
inbios/genet/concept.html

102. GIF-DB: The Gene Interactions in the Fly DataBase.
http://gifts.univ-mrs.fr/GIFTS–home–page.html

103. SRSWWW server at EMBL-EBI, Hinxton, UK: Sequence
Retrieval System. http://srs.ebi.ac.uk:5000/

104. Object Management Group (OMG) Homepage.
http://www.omg.org/



Organism- & Genome-centered Information Resources  

You will be introduced to the main information for molecular (and other) data of prokaryotic and 
eukaryotic organisms. The tour includes NCBI Taxonomy Browser, Genome Biology Hubs and 

others.  

(1) Genomic Biology (Link from the NCBI homepage – left blue column)   
 

Scope: This page is an information hub for genomic biology resources that are organized in  
organism-specific categories. Access to NCBI databases and tools that are useful to search  
and analyse genomic data is also provided from this page.  

• Genome Resources 
• Organism-Specific Resources 

 
 
(2) Taxonomy Database/Browser (http://www.ncbi.nlm.nih.gov/Taxonomy/taxonomyhome.html/)  

 
Scope: “The NCBI Taxonomy Database contains the names and lineages of ~247,000 organisms, 
both living and extinct, that are represented in the genetic databases with at least one nucleotide or 
protein sequence“.  
 
Search examples: “dog”, HIV  
 
Practice question: Substantial data are available for three species of filarial nematodes that are 
human parasites. Use the Taxonomy Browser to examine the number of nucleotide sequences for the 
superfamily Filaroidea and determine which species these are. How many nucleotide and protein 
sequences are there for each of these two species? Display nucleotide records for each of these. What 
kinds of sequences are most of these? (@ 
http://www.ncbi.nlm.nih.gov/Class/FieldGuide/problem_set.html)  
 
 
(3) Entrez-Genome Project (http://www.ncbi.nlm.nih.gov/sites/entrez?db=genomeprj)  
 
Scope: “The NCBI Entrez Genome Project database is intended to be a searchable collection of 
complete and incomplete (in-progress) large-scale sequencing, assembly, annotation, and mapping 
projects for cellular organisms. The database is organized into organism-specific overviews that 
function as portals from which all projects in the database pertaining to that organism can be 
browsed and retrieved.” 
 
Examples:  Prokaryotes/Eukaryotes 

Definition: Taxonomy  
Taxonomy is the science of classification, identification, and nomenclature. For classification 
purposes, organisms are usually organized into subspecies, species, genera, families, and higher 
orders. For eukaryotes, the definition of the species usually stresses the ability of similar 
organisms to reproduce sexually with the formation of a zygote and to produce fertile offspring. 
… Other criteria such as the production and utilization of energy are used for classification of 
prokaryotes. (For Definitions on Classification, Identification, Nomenclature or Species please go 
to Medical Microbiology, Baron S,1996, 4

th

 Ed. (ISBN 0-9631172-1-1)  

• Life on Earth from the “Tree of Life” Web Project (http://tolweb.org/, Root of the tree) 



 
(4) Entrez-Genome (http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Genome)  
 
Scope: “Sequence and map data from the whole genomes of over 1000 organisms are provided. The 
genomes represent both completely sequenced organisms and those for which sequencing is in 
progress. All three main domains of life - bacteria, archaea, and eukaryotes - are represented, as well 
as many viruses, phages, viroids, plasmids, and organelles. Entrez-Genome provides graphical 
overviews of complete genomes/chromosomes, and the ability to explore regions of interest in 
progressively greater detail”.  
 
Searching Entrez-Genome with Standard Entrez-Genome functions:  

• Limits - limit search using specific criteria  
• Preview/Index - view search counts and terms  
• History - use your search history  
• Clipboard - temporarily store a list of items  
• Details - explain search strategy  

 
Search examples:  dog (1. without field qualification, 2. with field qualifier “Organism”), 
compare the retrieval for “human” in Entrez-Genome to the search in Entrez-Nucleotide.  
 
 
Comparison of Entrez Databases. 

(http://www.ncbi.nlm.nih.gov/genomes/static/gprj_help.html#introduction)  

Entrez 
Database 

Organism-
specific  
sequences 

Project-
specific  
sequences 

Submitter-
specific  
sequences 

Complete 
and  
in progress

GenBank 
and  
RefSeq 
sequences 

Genome Yes No Yes No Separated 
Taxonomy Yes No No No Together 
Genome 
Project Yes Yes Yes Yes Separated 

 
 
(5) RefSeq (http://www.ncbi.nlm.nih.gov/RefSeq/) 

 
Scope: The Reference Sequence (RefSeq) collection aims to provide a comprehensive,  
integrated, non-redundant set of sequences, including genomic DNA, transcript (RNA), and  
protein products, for major research organisms.  

• Explantations & Accessions (http://www.ncbi.nlm.nih.gov/RefSeq/key.html#accessions) 
 
 
 
 
 
 
 
 
 



(6) MapViewer (Link from NCBI homepage and other pages)  
 
Scope: The MapViewer is a software component of Entrez-Genome that provides special browsing 
capabilities for a subset of organisms. It allows you to view and search an organism's complete 
genome, display chromosome maps, and zoom into progressively greater levels of detail, down to the 
sequence data for a region of interest.  
 
Example: Browse Chromosomes and Maps, Look at the MapViewer Help pages.  
 
  
(7) ENSEMBL Genome Browser (http://www.ensembl.org/index.html)  
 
Scope: This site provides free access to all the data and software from the Ensembl project, a joint 
project between EMBL - EBI and the Sanger Institute to develop a software system which produces 
and maintains automatic annotation on selected eukaryotic genomes. Click on a species name to 
browse the data.  
  
  
(8) UCSC Genome Bioinformatics (http://genome.ucsc.edu/) 

 
Scope: This site contains the reference sequence and working draft assemblies for a large  
collection of genomes. It also provides a portal to the ENCODE project.  
 
 
 
(9)  Organism-specific databases & Web Server @ Nucleic Acids Research  

o Molecular Biology Database Collection  
(http://nar.oxfordjournals.org/content/vol37/suppl_1/index.dtl) 

o Web Server issue  
(http://nar.oxfordjournals.org/content/vol36/suppl_2/index.dtl)  

 
 
 
MPG Bioinformatics Support Service 
(http://www.biochem.mpg.de/en/sg/ivs/User_Support_and_Training/BISS/biss.html)  
 

o Internal Resources, Tools & Groups 
(http://www.biochem.mpg.de/en/sg/ivs/User_Support_and_Training/BISS/InternalResou
rces/internalresources.html)  

o Selected External Resources 
(http://www.biochem.mpg.de/en/sg/ivs/User_Support_and_Training/BISS/ExternalReso

urces/index.html)  
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Call for Papers

Special Issue on Methodologies for Translational Bioinformatics

Guest Editors:

Yves Lussier, MD (University of Chicago)
Atul Butte, MD, PhD (Stanford University)

Lawrence Hunter, PhD (University of Colorado)
Submission Deadline: August 1st, 2009

In keeping with the shift in bioinformatics focus for JBI to translational bioinformatics, we are pleased to solicit papers for a special issue
of the journal that will appear in 2010. The issue will focus on original methodological research papers in the area of translational bioinfor-
matics. We define translational bioinformatics broadly as in the AMIA Strategic Plan [1]. Papers submitted to the special issue accordingly
should include methods for dealing with (i) molecular-level data (genes, gene products, macromolecules, chromosomes or other subcel-
lular components in human cells) and/or (ii) clinical-level data (clinical signs and symptoms, diseases, clinical procedures or medications).

With the completion of human and model organism genomes, and the increasing utilization of biomedical computational methods,
translational bioinformatics is evolving rapidly into a complex multidisciplinary field overlapping with nearly all areas of biological, bio-
medical and clinical research. Indeed, key factors have synergistically brought about momentous opportunities for computations in the era
of molecular medicine [2]: (i) the availability and cost reduction of molecular measurements that are improving at an accelerated pace, (ii)
the public availability of large datasets of molecular measurements in diseases states (e.g., GEO), (iii) the culture of sharing molecular data
and tools, (iv) the increasing expectation for clinicians critically to interpret discoveries in molecular medicine that appear in clinical jour-
nals, and (v) the increase in research funding in translational bioinformatics (e.g., NIH Roadmaps, Clinical and Translational Science
Awards). Biomolecular and clinical informatics plus statistical genetics and genomic medicine – the key areas of translational informatics
research – are thus jointly poised to play an increasing role in accelerating the translation of knowledge discovery from genome scale stu-
dies to effective treatment and tailored disease management or prevention. Further, this is truly an extraordinary time for translational
biomedical informatics research and development because some discoveries will lay the foundations of molecular medicine for decades
to come. Undeniably, translational bioinformatics may even lead to a pivotal moment in history with the fundamental discovery of the
molecular underpinnings of diseases, which will in turn identify novel targets for therapies that could manage complex diseases. The past
success of biomedical informatics in transforming medical research and patient care is merely a glimpse into the remarkable promises that
the field holds in an era of accelerated advancements in molecular medicine.

This issue is opportune to exemplify the research efforts and to capture the progress in the application of translational bioinformatics
research methods and tools in molecular medicine, genetics and translational clinical trials. In an effort to accelerate translational bioinfor-
matics research and applications, the American Medical Informatics Association, in partnership with International Society for Computa-
tional Biology, has been holding an annual Summit on Translational Bioinformatics since 2008. This special issue will further highlight
the multidisciplinary nature of this research field and provide a unique opportunity to bring together novel methodological proposals
in translational bioinformatics from researchers in the fields of biomolecular and clinical informatics, statistical genetics, computational
biology, and computer science. We hope that this special issue will serve as a catalyst to foster subsequent multidisciplinary research
and scientific exchanges in translational bioinformatics.

Here are examples of responsive submissions to this special issue:

1. Informatics methods for the analysis of molecular and clinical measurements. Novel modalities for molecular measurements, including
those for epigenetics, interactions, and proteins, continue to be introduced each year. These submissions should address how the
development of novel analytic methods for these molecular measurements are applied to disease, how molecular measurements
can be stored and retrieved in electronic health records, and how novel or existing analytic methods can now be applied to clinical
measurements.

2. Computational approaches to finding molecular mechanisms and therapies for disease. DNA sequencing, gene expression microarrays, and
other tools measuring outputs of the genome have been proposed to enable the discovery of biomarkers for disease and novel types of
therapeutics. The submissions should focus on how data-driven, knowledge-driven, and physics-driven approaches can be applied to
facilitate medication and biomarker discovery.

Journal of Biomedical Informatics 42 (2009) 201–202
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3. Informatics concepts, tools, and techniques to enable integrative translational research. Integrative translational research projects make
coordinated use of molecular (genomic, epigenetic, proteomic, etc.) as well as clinical information (imaging, EMR, etc.) to understand
pathophysiology and to understand and predict responses to therapeutic interventions. Studies of this kind are core components of
many NIH Roadmap projects and aim to relate molecular and imaging parameters to the resulting pathophysiology and clinical para-
meters. These interdisciplinary submissions can propose informatics methods or tools in the semantic modeling, grid, natural lan-
guage processing, information integration, and information warehouse areas that have potential for facilitating integrative
translational research. System descriptions are welcome if they illustrate and substantiate the underlying methodology that is the
principal focus of the report.

4. Relating and representing molecular or subcellular phenotypes with relevance to the clinical levels (disease, clinical procedures and medica-
tions). Phenotypes broadly describe the unique traits of an organism, some of which are related to disease. Improved measurement
technologies and ontologies have enabled investigators to obtain and represent large collections of phenotypes, but relating these to
clinical and health remains a challenge. Though electronic health records are being increasingly adopted, much of the useful pheno-
typic and clinical descriptors remain in free-text. Submissions should address these challenges, with representations geared towards
enabling novel prognostic, diagnostic, and therapeutic applications of molecular and genetic medicine.

5. Dissecting disease through the study of organisms, evolution, and taxonomy. Over a quarter million different species have had some
genetic sequence obtained. While animal and cellular models have long been studied as a proxy for human disease, this type of paper
will address the challenge of building informatics methods to relate experimental, molecular or genetic findings and phenotypes from
animal models to human disease, and methods that take advantage of the evolutionary scale of sequenced genomes. Such papers will
also cover modeling of the spread of infectious disease.

6. Informatics methods in genetics discoveries and clinical practice. In the past two years, over 250 disease genes have been discovered and
characterized from genetic studies, the majority of which are associated with complex diseases such as diabetes, hypertension, cancer,
etc. Consequently, molecular bioinformatics methods are increasingly considered for the identification of additional disease gene can-
didates. Further, with the reducing cost of genome-wide sequencing or assaying, new opportunities are emerging to provide perso-
nalized genome maps and their interpretation. Responsive submissions could focus on (i) the development of bioinformatics methods
for disease gene discoveries in genetic studies, or (ii) the translation and evaluation of post-genomic knowledge in decision making
and support, electronic records and other genetic applications to clinical practice and personal health management.

Peer-Review Process

All submitted papers will go through a rigorous peer-review process with at least two reviewers. The acceptance process will focus on
those papers that address innovative methods in translational bioinformatics. All submissions should follow the guidelines for authors
available at the Journal of Biomedical Informatics web site (http://www.elsevier.com/locate/yjbin). JBI’s editorial policy is also outlined
on that page and will be strictly followed by special issue reviewers.

Submission Process

Authors must submit their paper via the online Elsevier Editorial System (EES) at http://ees.elsevier.com/jbi. Authors can register and
upload their text, tables, and figures as well as subsequent revisions through this website. Potential authors may contact the Publishing
Services Coordinator in the journal’s editorial office (jbi@elsevier.com) for questions regarding this process.
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Review

What is bioinformatics? An
introduction and overview

N.M. Luscombe,
D. Greenbaum,
M. Gerstein
Department of Molecular Biophysics
and Biochemistry
Yale University
New Haven, USA

Introduction

Biological data are being produced
at a phenomenal rate [1]. For
example as of August 2000, the
GenBank repository of nucleic acid
sequences contained 8,214,000
entries [2] and the SWISS-PROT
database of protein sequences
contained 88,166 [3]. On average,
these databases are doubling in
size every 15 months [2]. In addition,
since the publication of the H.
influenzae genome [4], complete
sequences for over 40 organisms
have been released, ranging from
450 genes to over 100,000. Add to
this the data from the myriad of
related projects that study gene
expression, determine the protein
structures encoded by the genes,
and detail how these products inter-
act with one another, and we can
begin to imagine the enormous
quantity and variety of information
that is being produced.

As a result of this surge in data,
computers have become indispensable
to biological research. Such an approach
is ideal because of the ease with which
computers can handle large quantities
of data and probe the complex dynam-
ics observed in nature. Bioinformatics,
the subject of the current review, is
often defined as the application of
computational techniques to understand
and organise the information associated
with biological macromolecules. This
uexpected union between the two
subjects is largely attributed to the fact

Abstract: A flood of data means that many of the challenges in biology are now challenges
in computing. Bioinformatics, the application of computational techniques to analyse the
information associated with biomolecules on a large-scale, has now firmly established
itself as a discipline in molecular biology, and encompasses a wide range of subject areas
from structural biology, genomics to gene expression studies.

In this review we provide an introduction and overview of the current state of the field.
We discuss the main principles that underpin bioinformatics analyses, look at the types
of biological information and databases that are commonly used, and finally examine
some of the studies that are being conducted, particularly with reference to transcription
regulatory systems.

(Molecular) bio – informatics: bioinformatics is conceptualising biology in
terms of molecules (in the sense of physical chemistry) and applying
"informatics techniques" (derived from disciplines such as applied maths,
computer science and statistics) to understand and organise the information
associated with these molecules, on a large scale . In short, bioinformatics
is a management information system for molecular biology and has many
practical applications.

Bioinformatics - a definition1

1 As submitted to the Oxford English Dictionary

that life itself is an information
technology; an organism’s physiology
is largely determined by its genes, which
at its most basic can be viewed as
digital information. At the same time,
there have been major advances in the
technologies that supply the initial data;
Anthony Kerlavage of Celera recently
cited that an experimental laboratory
can produce over 100 gigabytes of
data a day with ease [5]. This incredible
processing power has been matched
by developments in computer technol-
ogy; the most important areas of
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improvements have been in the CPU,
disk storage and Internet, allowing
faster computations, better data stor-
age and revolutionalised the methods
for accessing and exchanging data.

Aims of bioinformatics
The aims of bioinformatics are three-

fold. First, at its simplest bioinformatics
organises data in a way that allows
researchers to access existing infor-
mation and to submit new entries as
they are produced, eg the Protein Data
Bank for 3D macromolecular struc-
tures [6,7]. While data-curation is an
essential task, the information stored
in these databases is essentially use-
less until analysed. Thus the purpose of
bioinformatics extends much further.
The second aim is to develop tools and
resources that aid in the analysis of
data. For example, having sequenced a
particular protein, it is of interest to
compare it with previously characte-
rised sequences. This needs more than
just a simple text-based search and
programs such as FASTA [8] and
PSI-BLAST [9] must consider what
comprises a biologically significant
match. Development of such resources
dictates expertise in computational
theory as well as a thorough under-
standing of biology. The third aim is to
use these tools to analyse the data and
interpret the results in a biologically
meaningful manner. Traditionally,
biological studies examined individual
systems in detail, and frequently
compared them with a few that are
related. In bioinformatics, we can now
conduct global analyses of all the
available data with the aim of un-
covering common principles that apply
across many systems and highlight
novel features.

In this review, we provide an intro-
duction to bioinformatics. We focus on
the first and third aims just described,
with particular reference to the key-
words underlined in the definition: infor-
mation,informatics, organisation,

understanding , large-scale  and
practical applications . Specifically, we
discuss the range of data that are
currently being examined, the databases
into which they are organised, the types
of analyses that are being conducted
using transcription regulatory systems
as an example, and finally some of the
major practical applications of
bioinformatics.

“…the INFORMATION
associated with these
molecules…”

Table 1 lists the types of data that are
analysed in bioinformatics and the range
of topics that we consider to fall within
the field. Here we take a broad view and
include subjects that may not normally

be listed. We also give approximate
values describing the sizes of data being
discussed.

We start with an overview of the
sources of information: these may
be divided into raw DNA sequences,
protein sequences, macromolecular
structures, genome sequences, and
other whole genome data. Raw DNA
sequences are strings of the four base-
letters comprising genes, each typically
1,000 bases long. The GenBank
repository of nucleic acid sequences
currently holds a total of 9.5 billion
bases in 8.2 million entries (all database
figures as of August 2000). At the next
level are protein sequences comprising
strings of 20 amino acid-letters. At
present there are about 300,000 known
protein sequences, with a typical

Data source Data size Bioinformatics topics
Raw DNA sequence

Protein sequence

Macromolecular
structure

Genomes

Gene expression

8.2 million sequences
(9.5 billion bases)

300,000 sequences
(~300 amino acids
each)

13,000 structures
(~1,000 atomic
coordinates each)

40 complete genomes
(1.6 million –
3 billion bases each)

largest: ~20 time
point measurements
for ~6,000 genes

Separating coding and non-coding regions
Identification of introns and exons
Gene product prediction
Forensic analysis

Sequence comparison algorithms
Multiple sequence alignments algorithms
Identification of conserved sequence motifs

Secondary, tertiary structure prediction
3D structural alignment algorithms
Protein geometry measurements
Surface and volume shape calculations
Intermolecular interactions

Molecular simulations
(force-field calculations,
molecular movements,
docking predictions)

Characterisation of repeats
Structural assignments to genes
Phylogenetic analysis
Genomic-scale censuses
(characterisation of protein content, metabolic pathways)
Linkage analysis relating specific genes to diseases

Correlating expression patterns
Mapping expression data to sequence, structural and
biochemical data

Other data

Literature

Metabolic pathways

11 million citations Digital libraries for automated bibliographical searches
Knowledge databases of data from literature

Pathway simulations

Table 1. Sources of data used in bioinformatics, the quantity of each type of data that is currently
(August 2000) available, and bioinformatics subject areas that utilise this data.
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bacterial protein containing approxi-
mately 300 amino acids. Macromo-
lecular structural data represents a
more complex form of information.
There are currently 13,000 entries in
the Protein Data Bank, PDB, most
of which are protein structures. A
typical PDB file for a medium-sized
protein contains the xyz coordinates
of approximately 2,000 atoms.

Scientific euphoria has recently
centred on whole genome sequencing.
As with the raw DNA sequences,
genomes consist of strings of base-
letters, ranging from 1.6 million bases
in Haemophilus influenzae to 3 billion
in humans. An important aspect of
complete genomes is the distinction
between coding regions and non-
coding regions –'junk' repetitive
sequences making up the bulk of base
sequences especially in eukaryotes.
We can now measure expression levels
of almost every gene in a given cell
on a whole-genome level although
public availability of such data is still
limited. Expression level measurements
are made under different environmental
conditions, different stages of the cell
cycle and different cell types in multi-
cellular organisms. Currently the largest
dataset for yeast has made approxi-
mately 20 time-point measurements
for 6,000 genes [10]. Other genomic-
scale data include biochemical informa-
tion on metabolic pathways, regulatory
networks, protein-protein interaction
data from two-hybrid experiments,
and systematic knockouts of individ-
ual genes to test the viability of an
organism.

What is apparent from this list is the
diversity in the size and complexity of
different datasets. There are invariably
more sequence-based data than struc-
tural data because of the relative ease
with which they can be produced. This
is partly related to the greater complex-
ity and information-content of individual
structures compared to individual

sequences. While more biological infor-
mation can be derived from a single
structure than a protein sequence, the
lack of depth in the latter is remedied
by analysing larger quantities of data.

“… ORGANISE the informa-
tion on a LARGE SCALE …”

Redundancy and multiplicity of data
A concept that underpins most

research methods in bioinformatics is
that much of this data can be grouped
together based on biologically meaning-
ful similarities. For example, sequence
segments are often repeated at
different positions of genomic DNA
[11]. Genes can be clustered into those
with particular functions (eg enzymatic
actions) or according to the metabolic
pathway to which they belong [12],
although here, single genes may actually
possess several functions [13]. Going
further, distinct proteins frequently
have comparable sequences – orga-
nisms often have multiple copies of a
particular gene through duplication
while different species have equivalent
or similar proteins that were inherited
when they diverged from each other in
evolution. At a structural level, we
predict there to be a finite number of
different tertiary structures – estimates
range between 1,000 and 10,000 folds
[14,15] – and proteins adopt equivalent
structures even when they differ
greatly in sequence [16]. As a result,
although the number of structures in
the PDB has increased exponentially,
the rate of discovery of novel folds has
actually decreased.

There are common terms to describe
the relationship between pairs of
proteins or the genes from which they
are derived: analogous proteins have
related folds, but unrelated sequences,
while homologous proteins are both
sequentially and structurally similar.
The two categories can sometimes be
difficult to distinguish especially if the

relationship between the two proteins
is remote [17, 18]. Among homologues,
it is useful to distinguish between
orthologues, proteins in different
species that have evolved from a
common ancestral gene, and
paralogues, proteins that are related by
gene duplication within a genome [19].
Normally, orthologues retain the same
function while paralogues evolve
distinct, but related functions [20].

An important concept that arises
from these observations is that of a
finite “parts list” for different organisms
[21,22]: an inventory of proteins
contained within an organism, arranged
according to different properties such
as gene sequence, protein fold or
function. Taking protein folds as an
example, we mentioned that with a
few exceptions, the tertiary structures
of proteins adopt one of a limited
repertoire of folds. As the number of
different fold families is considerably
smaller than the number of gene
families, categorising the proteins by
fold provides a substantial simplifi-
cation of the contents of a genome.
Similar simplifications can be
provided by other attributes such as
protein function. As such, we expect
this notion of a finite parts list to become
increasingly common in the future
genomic analyses.

Clearly, an essential aspect of mana-
ging this large volume of data lies in
developing methods for assessing
similarities between different biomole-
cules and identifying those that are
related. Below, we discuss the major
databases that provide access to the
primary sources of information, and
also introduce some secondary data-
bases that systematically group the
data (Table 2). These classifications
ease comparisons between genomes
and their products, allowing the identi-
fication of common themes between
those that are related and highlighting
features that are unique to some.
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Protein sequence databases
Protein sequence databases are

categorised as primary, composite or
secondary. Primary databases contain
over 300,000 protein sequences and
function as a repository for the raw
data. Some more common repositories,
such as SWISS-PROT [3] and PIR-
International [23], annotate the
sequences as well as describe the
proteins’ functions, its domain structure
and post-translational modifications.
Composite databases such as OWL
[24] and the NRDB [25] compile and
filter sequence data from different
primary databases to produce com-
bined non-redundant sets that are more
complete than the individual databases

and also include protein sequence data
from the translated coding regions in
DNA sequence databases (see
below). Secondary databases contain
information derived from protein
sequences and help the user determine
whether a new sequence belongs to a
known protein family. One of the most
popular is PROSITE [26], a database
of short sequence patterns and profiles
that characterise biologically significant
sites in proteins. PRINTS [27] expands
on this concept and provides a
compendium of protein fingerprints –
groups of conserved motifs that
characterise a protein family. Motifs
are usually separated along a protein
sequence, but may be contiguous in

3D-space when the protein is folded.
By using multiple motifs, fingerprints
can encode protein folds and
functionalities more flexibly than
PROSITE. Finally, Pfam [28] contains
a large collection of multiple sequence
alignments and profile Hidden Markov
Models covering many common protein
domains. Pfam-A comprises accurate
manually compiled alignments while
Pfam-B is an automated clustering of
the whole SWISS-PROT database.
These different secondary databases
have recently been incorporated into a
single resource named InterPro [29].

Structural databases
Next we look at databases of macro-

molecular structures. The Protein Data
Bank, PDB [6,7], provides a primary
archive of all 3D structures for
macromolecules such as proteins,
RNA, DNA and various complexes.
Most of the ~13,000 structures (August
2000) are solved by x-ray crystallo-
graphy and NMR, but some theoretical
models are also included. As the infor-
mation provided in individual PDB
entries can be difficult to extract,
PDBsum [30] provides a separate Web
page for every structure in the PDB
displaying detailed structural analyses,
schematic diagrams and data on inter-
actions between different molecules in
a given entry. Three major databases
classify proteins by structure in order
to identify structural and evolutionary
relationships: CATH [31], SCOP [32],
and FSSP databases [33]. All
comprise hierarchical structural
taxonomy where groups of proteins
increase in similarity at lower levels
of the classification tree. In addition,
numerous databases focus on particular
types of macromolecules. These
include the Nucleic Acids Database,
NDB [34], for structures related to
nucleic acids, the HIV protease
database [35] for HIV-1, HIV-2 and
SIV protease structures and their
complexes, and ReLiBase [36] for
receptor-ligand complexes.

Database URL

Protein sequence
(primary)
SWISS-PROT
PIR-International

Protein sequence (composite)
OWL
NRDB

Protein sequence (secondary)
PROSITE
PRINTS
Pfam

Macromolecular
structures
Protein Data Bank (PDB)
Nucleic Acids Database (NDB)
HIV Protease Database
ReLiBase
PDBsum
CATH
SCOP
FSSP

Nucleotide sequences
GenBank
EMBL
DDBJ

Genome sequences
Entrez genomes
GeneCensus
COGs

Integrated databases
InterPro
Sequence retrieval system (SRS)
Entrez

www.expasy.ch/sprot/sprot-top.html
www.mips.biochem.mpg.de/proj/protseqdb

www.bioinf.man.ac.uk/dbbrowser/OWL
www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Protein

www.expasy.ch/prosite
www.bioinf.man.ac.uk/dbbrowser/PRINTS/PRINTS.html
www.sanger.ac.uk/Pfam/

www.rcsb.org/pdb
ndbserver.rutgers.edu/
www.ncifcrf.gov/CRYS/HIVdb/NEW_DATABASE
www2.ebi.ac.uk:8081/home.html
www.biochem.ucl.ac.uk/bsm/pdbsum
www.biochem.ucl.ac.uk/bsm/cath
scop.mrc-lmb.cam.ac.uk/scop
www2.embl-ebi.ac.uk/dali/fssp

www.ncbi.nlm.nih.gov/Genbank
www.ebi.ac.uk/embl
www.ddbj.nig.ac.jp

www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Genome
bioinfo.mbb.yale.edu/genome
www.ncbi.nlm.nih.gov/COG

www.ebi.ac.uk/interpro
www.expasy.ch/srs5
www.ncbi.nlm.nih.gov/Entrez

Table 2. List of URLs for the databases that are cited in the review.
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Nucleotide and Genome
sequences

As described previously, the biggest
excitement currently lies with the
availability of complete genome
sequences for different organisms. The
GenBank [2], EMBL [37] and DDBJ
[38] databases contain DNA sequen-
ces for individual genes that encode
protein and RNA products. Much like
the composite protein sequence
database, the Entrez nucleotide
database [39] compiles sequence data
from these primary databases.

As whole-genome sequencing is
often conducted through international
collaborations, individual genomes are
published at different sites. The Entrez
genome database [40] brings together
all complete and partial genomes in a
single location and currently represents
over 1,000 organisms (August 2000).
In addition to providing the raw
nucleotide sequence, information is
presented at several levels of detail
including: a list of completed genomes,
all chromosomes in an organism,
detailed views of single chromosomes
marking coding and non-coding regions,
and single genes. At each level there
are graphical presentations, pre-
computed analyses and links to other
sections of Entrez. For example,
annotations for single genes include
the translated protein sequence,
sequence alignments with similar genes
in other genomes and summaries of
the experimentally characterised or
predicted function. GeneCensus [41]
also provides an entry point for genome
analysis with an interactive whole-
genome comparison from an evolution-
ary perspective. The database allows
building of phylogenetic trees based on
different criteria such as ribosomal
RNA or protein fold occurrence. The
site also enables multiple genome
comparisons, analysis of single
genomes and retrieval of information
for individual genes. The COGs data-
base [20] classifies proteins encoded

in 21 completed genomes on the basis
of sequence similarity. Members of
the same Cluster of Orthologous Group,
COG, are expected to have the same
3D domain architecture and often, simi-
lar functions. The most straightforward
application of the database is to predict
the function of uncharacterised proteins
through their homology to characterised
proteins, and also to identify phylo-
genetic patterns of protein occurrence
– for example, whether a given COG
is represented across most or all
organisms or in just a few closely
related species.

Gene expression data
A most recent source of genomic-

scale data has been from expression
experiments, which quantify the
expression levels of individual genes.
These experiments measure the
amount of mRNA or protein products
that are produced by the cell. For the
former, there are three main
technologies: the cDNA microarray
[42-44], Affymatrix GeneChip [45] and
SAGE methods [46]. The first method
measures relative levels of mRNA
abundance between different samples,
while the last two measure absolute
levels. Most of the effort in gene
expression analysis has concentrated
on the yeast and human genomes and
as yet, there is no central repository for
this data. For yeast, the Young [10],
Church [47] and Samson datasets [48]
use the GeneChip method, while the
Stanford cell cycle [49], diauxic shift
[50] and deletion mutant datasets [51]
use the microarray. Most measure
mRNA levels throughout the whole
yeast cell cycle, although some focus
on a particular stage in the cycle. For
humans, the main application has been
to understand expression in tumour
and cancer cells. The Molecular
Portraits of Breast Tumours [52],
Lymphoma and Leukaemia Molecular
Profiling [53] projects provide data
from microarray experiments on
human cancer cells.

The technologies for measuring
protein abundance are currently limited
to 2D gel electrophoresis followed by
mass spectrometry [54]. As gels can
only routinely resolve about 1,000
proteins [55], only the most abundant
can be visualised. At present, data
from these experiments are only
available from the literature [56,57].

Data integration
The most profitable research in

bioinformatics often results from
integrating multiple sources of data
[58]. For instance, the 3D coordinates
of a protein are more useful if combined
with data about the protein’s function,
occurrence in different genomes, and
interactions with other molecules. In
this way, individual pieces of infor-
mation are put in context with respect
to other data. Unfortunately, it is not
always straightforward to access and
cross-reference these sources of infor-
mation because of differences in
nomenclature and file formats.

At a basic level, this problem is
frequently addressed by providing
external links to other databases, for
example in PDBsum, web-pages for
individual structures direct the user
towards corresponding entries in the
PDB, NDB, CATH, SCOP and
SWISS-PROT. At a more advanced
level, there have been efforts to
integrate access across several data
sources. One is the Sequence Retrieval
System, SRS [59], which allows flat-
file databases to be indexed to each
other; this allows the user to retrieve,
link and access entries from nucleic
acid, protein sequence, protein motif,
protein structure and bibliographic
databases. Another is the Entrez facility
[39], which provides similar gateways
to DNA and protein sequences,
genome mapping data, 3D macromo-
lecular structures and the PubMed
bibliographic database [60]. A search
for a particular gene in either database
will allow smooth transitions to the
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genome it comes from, the protein
sequence it encodes, its structure,
bibliographic reference and equivalent
entries for all related genes.

“…UNDERSTAND and
organise the information…”

Having examined the data, we can
discuss the types of analyses that are
conducted. As shown in Table 1, the
broad subject areas in bioinformatics
can be separated according to the sources
of information that are used in the studies.
For raw DNA sequences, investigations
involve separating coding and non-coding
regions, and identification of introns,
exons and promoter regions for annotating
genomic DNA [61,62]. For protein se-
quences, analyses include developing
algorithms for sequence comparisons
[63], methods for producing multiple
sequence alignments [64], and searching
for functional domains from conserved
sequence motifs in such alignments.
Investigations of structural data include
prediction of secondary and tertiary pro-
tein structures, producing methods for
3D structural alignments [65,66], exami-
ning protein geometries using distance
and angular measurements, calculations
of surface and volume shapes and ana-
lysis of protein interactions with other
subunits, DNA, RNA and smaller mole-
cules. These studies have lead to molecu-
lar simulation topics in which structural
data are used to calculate the energetics
involved in stabilising macromolecular
structures, simulating movements within
macromolecules, and computing the
energies involved in molecular docking.
The increasing availability of annotated
genomic sequences has resulted in the
introduction of computational genomics
and proteomics – large-scale analyses
of complete genomes and the proteins
that they encode. Research includes
characterisation of protein content and
metabolic pathways between different
genomes, identification of interacting
proteins, assignment and prediction of

gene products, and large-scale analyses
of gene expression levels. Some of these
research topics will be demonstrated in
our example analysis of transcription
regulatory systems.

Other subject areas we have included
in Table 1 are development of digital
libraries for automated bibliographical
searches, knowledge bases of biological
information from the literature, DNA
analysis methods in forensics, prediction
of nucleic acid structures, metabolic
pathway simulations, and linkage analysis
– linking specific genes to different
disease traits.

In addition to finding relationships
between different proteins, much of
bioinformatics involves the analysis of
one type of data to infer and understand
the observations for another type of
data. An example is the use of sequence
and structural data to predict the
secondary and tertiary structures of new
protein sequences [67]. These methods,
especially the former, are often based on
statistical rules derived from structures,
such as the propensity for certain amino
acid sequences to produce different
secondary structural elements. Another
example is the use of structural data to
understand a protein’s function; here
studies have investigated the relationship
different protein folds and their functions
[68,69] and analysed similarities between
different binding sites in the absence of
homology [70]. Combined with similarity
measurements, these studies provide us
with an understanding of how much
biological information can be accurately
transferred between homologous
proteins [71].

The bioinformatics spectrum
Figure 1 summarises the main points

we raised in our discussions of
organising  and understanding
biological data – the development of
bioinformatics techniques has allowed
an expansion of biological analysis in
two dimension, depth and breadth. The

first is represented by the vertical axis in
the figure and outlines a possible approach
to the rational drug design process. The
aim is to take a single protein and follow
through an analysis that maximises our
understanding of the protein it encodes.
Starting with a gene sequence, we can
determine the protein sequence with
strong certainty. From there, prediction
algorithms can be used to calculate the
structure adopted by the protein.
Geometry calculations can define the
shape of the protein’s surface and
molecular simulations can determine the
force fields surrounding the molecule.
Finally, using docking algorithms, one
could identify or design ligands that may
bind the protein, paving the way for
designing a drug that specifically alters
the protein’s function. In practise, the
intermediate steps are still difficult to
achieve accurately, and they are best
combined with experimental methods to
obtain some of the data, for example
characterising the structure of the protein
of interest.

The aims of the second dimension, the
breadth in biological analysis, is to
compare a gene with others. Initially,
simple algorithms can be used to com-
pare the sequences and structures of a
pair of related proteins. With a larger
number of proteins, improved algorithms
can be used to produce multiple align-
ments, and extract sequence patterns or
structural templates that define a family
of proteins. Using this data, it is also
possible to construct phylogenetic trees
to trace the evolutionary path of proteins.
Finally, with even more data, the infor-
mation must be stored in large-scale
databases. Comparisons become more
complex, requiring multiple scoring
schemes, and we are able to conduct
genomic scale censuses that provide
comprehensive statistical accounts of
protein features, such as the abundance
of particular structures or functions in
different genomes. It also allows us to
build phylogenetic trees that trace the
evolution of whole organisms.
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Fig. 1. Paradigm shifts during the past couple of decades have taken much of biology away from the laboratory bench and have allowed the
integration of other scientific disciplines, specifically computing. The result is an expansion of biological research in breadth and depth. The
vertical axis demonstrates how bioinformatics can aid rational drug design with minimal work in the wet lab. Starting with a single gene sequence,
we can determine with strong certainty, the protein sequence. From there, we can determine the structure using structure prediction techniques.
With geometry calculations, we can further resolve the protein’s surface and through molecular simulation determine the force fields surrounding
the molecule. Finally docking algorithms can provide predictions of the ligands that will bind on the protein surface, thus paving the way for
the design of a drug specific to that molecule. The horizontal axis shows how the influx of biological data and advances in computer technology
have broadened the scope of biology. Initially with a pair of proteins, we can make comparisons between the between sequences and structures
of evolutionary related proteins. With more data, algorithms for multiple alignments of several proteins become necessary. Using multiple
sequences, we can also create phylogenetic trees to trace the evolutionary development of the proteins in question. Finally, with the deluge
of data we currently face, we need to construct large databases to store, view and deconstruct the information. Alignments now become more
complex, requiring sophisticated scoring schemes and there is enough data to compile a genome census – a genomic equivalent of a population
census – providing comprehensive statistical accounting of protein features in genomes.
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“… applying INFORMATICS
TECHNIQUES…”

The distinct subject areas we
mention require different types of
informatics techniques. Briefly, for data
organisation, the first biological
databases were simple flat files.
However with the increasing amount
of information, relational database
methods with Web-page interfaces
have become increasingly popular. In
sequence analysis, techniques include
string comparison methods such as
text search and 1-dimensional align-
ment algorithms. Motif and pattern
identification for multiple sequences
depend on machine learning, clustering
and data-mining techniques. 3D
structural analysis techniques include
Euclidean geometry calculations
combined with basic application of
physical chemistry, graphical repre-
sentations of surfaces and volumes,
and structural comparison and 3D
matching methods. For molecular
simulations, Newtonian mechanics,
quantum mechanics, molecular me-
chanics and electrostatic calculations
are applied. In many of these areas,
the computational methods must be
combined with good statistical analyses
in order to provide an objective measure
for the significance of the results.

Transcription regulation – a case
study in bioinformatics

DNA-binding proteins have a central
role in all aspects of genetic activity
within an organism, participating in
processes such as transcription, packa-
ging, rearrangement, replication and
repair. In this section, we focus on the
studies that have contributed to our
understanding of transcription regula-
tion in different organisms. Through
this example, we demonstrate how
bioinformatics has been used to increase
our knowledge of biological systems
and also illustrate the practical
applications of the different subject
areas that were briefly outlined earlier.

We start by considering structural
analyses of how DNA-binding proteins
recognise particular base sequences.
Later, we review several genomic
studies that have characterised the
nature of transcription factors in
different organisms, and the methods
that have been used to identify regula-
tory binding sites in the upstream
regions. Finally, we provide an overview
of gene expression analyses that have
been recently conducted and suggest
future uses of transcription regulatory
analyses to rationalise the observations
made in gene expression experiments.
All the results that we describe have
been found through computational
studies.

Structural studies
As of August 2000, there were 379

structures of protein-DNA complexes
in the PDB. Analyses of these
structures have provided valuable
insight into the stereochemical
principles of binding, including how
particular base sequences are
recognized and how the DNA structure
is quite often modified on binding.

A structural taxonomy of DNA-
binding proteins, similar to that
presented in SCOP and CATH, was
first proposed by Harrison [72] and
periodically updated to accommodate
new structures as they are solved [73].
The classification consists of a two-
tier system: the first level collects
proteins into eight groups that share
gross structural features for DNA-
binding, and the second comprises 54
families of proteins that are structurally
homologous to each other. Assembly
of such a system simplifies the
comparison of different binding
methods; it highlights the diversity of
protein-DNA complex geometries
found in nature, but also underlines the
importance of interactions between α-
helices and the DNA major groove,
the main mode of binding in over half
the protein families. While the number

of structures represented in the PDB
does not necessarily reflect the relative
importance of the different proteins in
the cell, it is clear that helix-turn-helix,
zinc-coordinating and leucine zipper
motifs are used repeatedly. This
provides compact frameworks that
present the α-helix on the surfaces of
structurally diverse proteins. At a gross
level, it is possible to highlight the
differences between transcription
factor domains that “just” bind DNA
and those involved in catalysis [74].
Although there are exceptions, the
former typically approach the DNA
from a single face and slot into the
grooves to interact with base edges.
The latter commonly envelope the
substrate, using complex networks of
secondary structures and loops.

Focusing on proteins with α-helices,
the structures show many variations,
both in amino acid sequences and
detailed geometry. They have clearly
evolved independently in accordance
with the requirements of the context in
which they are found. While achieving
a close fit between the α-helix and
major groove, there is enough flexibility
to allow both the protein and DNA to
adopt distinct conformations. However,
several studies that analysed the binding
geometries of α-helices demonstrated
that most adopt fairly uniform confor-
mations regardless of protein family.
They are commonly inserted in the
major groove sideways, with their
lengthwise axis roughly parallel to the
slope outlined by the DNA backbone.
Most start with the N-terminus in the
groove and extend out, completing two
to three turns within contacting distance
of the nucleic acid [75,76].

Given the similar binding orientations,
it is surprising to find that the interactions
between each amino acid position along
the α-helices and nucleotides on the
DNA vary considerably between
different protein families. However,
by classifying the amino acids according
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to the sizes of their side chains, we are
able to rationalise the different
interactions patterns. The rules of
interactions are based on the simple
premise that for a given residue position
on α-helices in similar conformations,
small amino acids interact with
nucleotides that are close in distance
and large amino acids with those that
are further [76,77]. Equivalent studies
for binding by other structural motifs,
like β-hairpins, have also been
conducted [78]. When considering
these interactions, it is important to
remember that different regions of the
protein surface also provide interfaces
with the DNA.

This brings us to look at the atomic
level interactions between individual
amino acid-base pairs. Such analyses
are based on the premise that a
significant proportion of specific DNA-
binding could be rationalised by a
universal code of recognition between
amino acids and bases, ie whether
certain protein residues preferably
interact with particular nucleotides
regardless of the type of protein-DNA
complex [79].  Studies have considered
hydrogen bonds, van der Waals contacts
and water-mediated bonds [80-82].
Results showed that about 2/3 of all
interactions are with the DNA
backbone and that their main role is
one of sequence-independent stabilisa-
tion. In contrast, interactions with bases
display some strong preferences,
including the interactions of arginine or
lysine with guanine, asparagine or
glutamine with adenine and threonine
with thymine. Such preferences were
explained through examination of the
stereochemistry of the amino acid side
chains and base edges. Also highlighted
were more complex types of inter-
actions where single amino acids
contact more than one base-step
simultaneously, thus recognising a short
DNA sequence. These results
suggested that universal specificity,
one that is observed across all protein-

DNA complexes, indeed exists.
However, many interactions that are
normally considered to be non-specific,
such as those with the DNA backbone,
can also provide specificity depending
on the context in which they are made.

Armed with an understanding of
protein structure, DNA-binding motifs
and side chain stereochemistry, a major
application has been the prediction of
binding either by proteins known to
contain a particular motif, or those with
structures solved in the uncomplexed
form. Most common are predictions
for α-helix-major groove interactions
– given the amino acid sequence, what
DNA sequence would it recognise
[77,83]. In a different approach,
molecular simulation techniques have
been used to dock whole proteins and
DNAs on the basis of force-field
calculations around the two molecules
[84,85].

The reason that both methods have
only been met with limited success is
because even for apparently simple
cases like α-helix-binding, there are
many other factors that must be
considered. Comparisons between
bound and unbound nucleic acid
structures show that DNA-bending is
a common feature of complexes formed
with transcription factors [74, 86]. This
and other factors such as electrostatic
and cation-mediated interactions assist
indirect recognition of the nucleotide
sequence, although they are not well
understood yet. Therefore, it is now
clear that detailed rules for specific
DNA-binding will be family specific,
but with underlying trends such as the
arginine-guanine interactions.

Genomic studies
Due to the wealth of biochemical

data that are available, genomic studies
in bioinformatics have concentrated
on model organisms, and the analysis
of regulatory systems has been no
exception. Identification of transcription

factors in genomes invariably depends
on similarity search strategies, which
assume a functional and evolutionary
relationship between homologous
proteins. In E. coli, studies have so far
estimated a total of 300 to 500
transcription regulators [87] and
PEDANT [88], a database of auto-
matically assigned gene functions,
shows that typically 2-3% of
prokaryotic and 6-7% of eukaryotic
genomes comprise DNA-binding
proteins. As assignments were only
complete for 40-60% of genomes as of
August 2000, these figures most likely
underestimate the actual number.
Nonetheless, they already represent a
large quantity of proteins and it is clear
that there are more transcription
regulators in eukaryotes than other
species. This is unsurprising, consider-
ing the organisms have developed a
relatively sophisticated transcription
mechanism.

From the conclusions of the structural
studies, the best strategy for charac-
terising DNA-binding of the putative
transcription factors in each genome is
to group them by homology and analyse
the individual families. Such classifi-
cations are provided in the secondary
sequence databases described earlier
and also those that specialise in
regulatory proteins such as RegulonDB
[89] and TRANSFAC [90]. Of even
greater use is the provision of structural
assignments to the proteins; given a
transcription factor, it is helpful to know
the structural motif that it uses for
binding, therefore providing us with a
better understanding of how it recog-
nises the target sequence. Structural
genomics through bioinformatics
assigns structures to the protein
products of genomes by demonstrating
similarity to proteins of known structure
[91]. These studies have shown that
prokaryotic transcription factors most
frequently contain helix-turn-helix
motifs [87,92] and eukaryotic factors
contain homeodomain type helix-turn-



92

 Review Paper

Yearbook of Medical Informatics 2001

helix, zinc finger or leucine zipper motifs.
From the protein classifications in each
genome, it is clear that different types
of regulatory proteins differ in abun-
dance and families significantly differ
in size. A study by Huynen and van
Nimwegen [93] has shown that mem-
bers of a single family have similar
functions, but as the requirements of
this function vary over time, so does
the presence of each gene family in the
genome.

Most recently, using a combination
of sequence and structural data, we
examined the conservation of amino
acid sequences between related DNA-
binding proteins, and the effect that
mutations have on DNA sequence
recognition. The structural families
described above were expanded to
include proteins that are related by
sequence similarity, but whose
structures remain unsolved. Again,
members of the same family are
homologous, and probably derive from
a common ancestor.

Amino acid conservations were
calculated for the multiple sequence
alignments of each family [94].
Generally, alignment positions that
interact with the DNA are better
conserved than the rest of the protein
surface, although the detailed patterns
of conservation are quite complex.
Residues that contact the DNA back-
bone are highly conserved in all protein
families, providing a set of stabilising
interactions that are common to all
homologous proteins. The conservation
of alignment positions that contact
bases, and recognise the DNA se-
quence, are more complex and could
be rationalised by defining a 3-class
model for DNA-binding. First, protein
families that bind non-specifically
usually contain several conserved base-
contacting residues; without exception,
interactions are made in the minor
groove where there is little discrim-
ination between base types. The

contacts are commonly used to stabilise
deformations in the nucleic acid
structure, particularly in widening the
DNA minor groove. The second class
comprise families whose members all
target the same nucleotide sequence;
here, base-contacting positions are
absolutely or highly conserved allowing
related proteins to target the same
sequence.

The third, and most interesting, class
comprises families in which binding
is also specific but different members
bind distinct base sequences. Here
protein residues undergo frequent
mutations, and family members can
be divided into subfamilies according
to the amino acid sequences at base-
contacting positions; those in the
same subfamily are predicted to bind
the same DNA sequence and those
of different subfamilies to bind
distinct sequences. On the whole,
the subfamilies corresponded well
with the proteins’ functions and
members of the same subfamilies were
found to regulate similar transcription
pathways. The combined analysis of
sequence and structural data described
by this study provided an insight into
how homologous DNA-binding
scaffolds achieve different specificities
by altering their amino acid sequences.
In doing so, proteins evolved distinct
functions, therefore allowing structur-
ally related transcription factors to
regulate expression of different genes.
Therefore, the relative abundance of
transcription regulatory families in a
genome depends, not only on the
importance of a particular protein
function, but also in the adaptability
of the DNA-binding motifs to
recognise distinct nucleotide
sequences. This, in turn, appears to
be best accommodated by simple
binding motifs, such as the zinc fingers.

Given the knowledge of the tran-
scription regulators that are contained
in each organism, and an understanding
of how they recognise DNA

sequences, it is of interest to search for
their potential binding sites within
genome sequences [95]. For
prokaryotes, most analyses have
involved compiling data on experi-
mentally known binding sites for
particular proteins and building a
consensus sequence that incorporates
any variations in nucleotides. Additional
sites are found by conducting word-
matching searches over the entire
genome and scoring candidate sites by
similarity [96-99]. Unsurprisingly, most
of the predicted sites are found in non-
coding regions of the DNA [96] and
the results of the studies are often
presented in databases such as
RegulonDB [89]. The consensus
search approach is often complemented
by comparative genomic studies
searching upstream regions of
orthologous genes in closely related
organisms. Through such an approach,
it was found that at least 27% of
known E. coli DNA-regulatory motifs
are conserved in one or more distantly
related bacteria [100].

The detection of regulatory sites in
eukaryotes poses a more difficult
problem because consensus sequences
tend to be much shorter, variable, and
dispersed over very large distances.
However, initial studies in S.
cerevisiae provided an interesting
observation for the GATA protein in
nitrogen metabolism regulation.
While the 5 base-pair GATA
consensus sequence is found almost
everywhere in the genome, a single
isolated binding site is insufficient to
exert the regulatory function [101].
Therefore specificity of GATA activity
comes from the repetition of the
consensus sequence within the
upstream regions of controlled genes
in multiple copies. An initial study has
used this observation to predict new
regulatory sites by searching for over-
represented oligonucleotides in non-
coding regions of yeast and worm
genomes [102,103].
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Having detected the regulatory
binding sites, there is the problem of
defining the genes that are actually
regulated, commonly termed regulons.
Generally, binding sites are assumed to
be located directly upstream of the
regulons; however there are different
problems associated with this assump-
tion depending on the organism. For
prokaryotes, it is complicated by the
presence of operons; it is difficult to
locate the regulated gene within an
operon since it can lie several genes
downstream of the regulatory se-
quence. It is often difficult to predict
the organisation of operons [104],
especially to define the gene that is
found at the head, and there is often a
lack of long-range conservation in gene
order between related organisms [105].
The problem in eukaryotes is even
more severe; regulatory sites often act
in both directions, binding sites are
usually distant from regulons because
of large intergenic regions, and
transcription regulation is usually a
result of combined action by multiple
transcription factors in a combinatorial
manner.

Despite these problems, these
studies have succeeded in confirming
the transcription regulatory pathways
of well-characterised systems such as
the heat shock response system [99].
In addition, it is feasible to experi-
mentally verify any predictions, most
notably using gene expression data.

Gene expression studies
Many expression studies have so

far focused on devising methods to
cluster genes by similarities in
expression profiles. This is in order to
determine the proteins that are
expressed together under different
cellular conditions. Briefly, the most
common methods are hierarchical
clustering, self-organising maps, and
K-means clustering. Hierarchical
methods originally derived from
algorithms to construct phylogenetic

trees, and group genes in a “bottom-
up” fashion; genes with the most similar
expression profiles are clustered first,
and those with more diverse profiles
are included iteratively [106-108]. In
contrast, the self-organising map [109,
110] and K-means methods [111]
employ a “top-down” approach in which
the user pre-defines the number of
clusters for the dataset. The clusters
are initially assigned randomly, and the
genes are regrouped iteratively until
they are optimally clustered.

Given these methods, it is of interest
to relate the expression data to other
attributes such as structure, function
and subcellular localisation of each
gene product. Mapping these properties
provides an insight into the
characteristics of proteins that are
expressed together, and also suggest
some interesting conclusions about the
overall biochemistry of the cell. In
yeast, shorter proteins tend to be more
highly expressed than longer proteins,
probably because of the relative ease
with which they are produced [112].
Looking at the amino acid content,
highly expressed genes are generally
enriched in alanine and glycine, and
depleted in asparagine; these are
thought to reflect the requirements of
amino acid usage in the organism, where
synthesis of alanine and glycine are
energetically less expensive than
asparagine. Turning to protein
structure, expression levels of the TIM
barrel and NTP hydrolase folds are
highest, while those for the leucine
zipper, zinc finger and transmembrane
helix-containing folds are lowest. This
relates to the functions associated with
these folds; the former are commonly
involved in metabolic pathways and
the latter in signalling or transport
processes [113]. This is also reflected
in the relationship with subcellular
localisations of proteins, where
expression of cytoplasmic proteins is
high, but nuclear and membrane
proteins tend to be low [114,115].

More complex relationships have
also been assessed. Conventional
wisdom is that gene products that
interact with each other are more likely
to have similar expression profiles than
if they do not [116,117]. However, a
recent study showed that this relation-
ship is not so simple [118]. While
expression profiles are similar for gene
products that are permanently associ-
ated, for example in the large ribosomal
subunit, profiles differ significantly for
products that are only associated
transiently, including those belonging
to the same metabolic pathway.

As described below, one of the main
driving forces behind expression
analysis has been to analyse cancerous
cell lines [119]. In general, it has been
shown that different cell lines (eg
epithelial and ovarian cells) can be
distinguished on the basis of their
expression profiles, and that these
profiles are maintained when cells are
transferred from an in vivo to an in
vitro environment [120]. The basis for
their physiological differences were
apparent in the expression of specific
genes; for example, expression levels
of gene products necessary for
progression through the cell cycle,
especially ribosomal genes, correlated
well with variations in cell proliferation
rate. Comparative analysis can be
extended to tumour cells, in which the
underlying causes of cancer can be
uncovered by pinpointing areas of
biological variations compared to
normal cells. For example in breast
cancer, genes related to cell prolifera-
tion and the IFN-regulated signal
transduction pathway were found to
be upregulated [52,121]. One of the
difficulties in cancer treatment has
been to target specific therapies to
pathogenetically distinct tumour types,
in order to maximise efficacy and
minimise toxicity. Thus, improvements
in cancer classifications have been
central to advances in cancer treat-
ment. Although the distinction between
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different forms of cancer – for example
subclasses of acute leukaemia – has
been well established, it is still not
possible to establish a clinical diagnosis
on the basis of a single test.  In a recent
study, acute myeloid leukaemia and
acute lymphoblastic leukaemia were
successfully distinguished based on the
expression profiles of these cells [53].
As the approach does not require prior
biological knowledge of the diseases, it
may provide a generic strategy for
classifying all types of cancer.

Clearly, an essential aspect of
understanding expression data lies in
understanding the basis of transcription
regulation. However, analysis in this area
is still limited to preliminary analyses of
expression levels in yeast mutants lacking
key components of the transcription
initiation complex [10,122].

“… many PRACTICAL
APPLICATIONS…”

Here, we describe some of the major
uses of bioinformatics.

Finding Homologues
As described earlier, one of the

driving forces behind bioinformatics is
the search for similarities between
different biomolecules. Apart from
enabling systematic organisation of
data, identification of protein homol-
ogues has some direct practical uses.
The most obvious is transferring infor-
mation between related proteins. For
example, given a poorly characterised
protein, it is possible to search for
homologues that are better understood
and with caution, apply some of the
knowledge of the latter to the former.
Specifically with structural data,
theoretical models of proteins are
usually based on experimentally solved
structures of close homologues [123].
Similar techniques are used in fold
recognition in which tertiary structure
predictions depend on finding structures

of remote homologues and checking
whether the prediction is energetically
viable [124]. Where biochemical or
structural data are lacking, studies could
be made in low-level organisms like
yeast and the results applied to
homologues in higher-level organisms
such as humans, where experiments
are more demanding.

An equivalent approach is also
employed in genomics. Homologue-
finding is extensively used to confirm
coding regions in newly sequenced
genomes and functional data is fre-
quently transferred to annotate individ-
ual genes. On a larger scale, it also
simplifies the problem of understanding
complex genomes by analysing simple
organisms first and then applying the
same principles to more complicated
ones – this is one reason why early
structural genomics projects focused
on Mycoplasma genitalium [91].

Ironically, the same idea can be
applied in reverse. Potential drug
targets are quickly discovered by
checking whether homologues of
essential microbial proteins are missing
in humans. On a smaller scale, structural
differences between similar proteins
may be harnessed to design drug
molecules that specifically bind to one
structure but not another.

Rational Drug Design
One of the earliest medical applica-

tions of bioinformatics has been in
aiding rational drug design. Figure 2
outlines the commonly cited approach,
taking the MLH1 gene product as an
example drug target. MLH1 is a human
gene encoding a mismatch repair
protein (mmr) situated on the short
arm of chromosome 3 [125]. Through
linkage analysis and its similarity to
mmr genes in mice, the gene has
been implicated in nonpolyposis colo-
rectal cancer [126]. Given the nucle-
otide sequence, the probable amino
acid sequence of the encoded protein

can be determined using translation
software. Sequence search techniques
can then be used to find homologues in
model organisms, and based on
sequence similarity, it is possible to
model the structure of the human
protein on experimentally characterised
structures. Finally, docking algorithms
could design molecules that could bind
the model structure, leading the way
for biochemical assays to test their
biological activity on the actual protein.

Large-scale censuses
Although databases can efficiently

store all the information related to
genomes, structures and expression
datasets, it is useful to condense all this
information into understandable trends
and facts that users can readily under-
stand. Broad generalisations help
identify interesting subject areas for
further detailed analysis, and place
new observations in a proper context.
This enables one to see whether they
are unusual in any way.

Through these large-scale
censuses, one can address a number
of evolutionary, biochemical and
biophysical questions. For example,
are specific protein folds associated
with certain phylogenetic groups?
How common are different folds
within particular organisms? And to
what degree are folds shared between
related organisms? Does this extent of
sharing parallel measures of
relatedness derived from traditional
evolutionary trees? Initial studies show
that the frequency of folds differs
greatly between organisms and that
the sharing of folds between organisms
does in fact follow traditional
phylogenetic classifications [21,41].
We can also integrate data on protein
functions; given that the particular
protein folds are often related to specific
biochemical functions [68, 69], these
findings highlight the diversity of
metabolic pathways in different
organisms [20,105].
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Fig.2. Above is a schematic outlining how scientists can use bioinformatics to aid rational drug discovery. MLH1 is a human gene encoding a mismatch
repair protein (mmr) situated on the short arm of chromosome 3. Through linkage analysis and its similarity to mmr genes in mice, the gene has been
implicated in nonpolyposis colorectal cancer. Given the nucleotide sequence, the probable amino acid sequence of the encoded protein can be
determined using translation software. Sequence search techniques can be used to find homologues in model organisms, and based on sequence
similarity, it is possible to model the structure of the human protein on experimentally characterised structures. Finally, docking algorithms could
design molecules that could bind the model structure, leading the way for biochemical assays to test their biological activity on the actual protein.

As we discussed earlier, one of the
most exciting new sources of genomic
information is the expression data.
Combining expression information with
structural and functional classifications
of proteins we can ask whether the
high occurrence of a protein fold in a
genome is indicative of high expression
levels [112]. Further genomic scale data
that we can consider in large-scale
surveys include the subcellular

localisations of proteins and their inter-
actions with each other [127-129]. In
conjunction with structural data, we can
then begin to compile a map of all protein-
protein interactions in an organism.

Further applications in medical
sciences

Most recent applications in the
medical sciences have centred on
gene expression analysis [130]. This

usually involves compiling expression
data for cells affected by different
diseases [131], eg cancer [53,132,
133] and ateriosclerosis [134], and
comparing the measurements against
normal expression levels. Identifi-
cation of genes that are expressed
differently in affected cells provides
a basis for explaining the causes of
illnesses and highlights potential drug
targets. Using the process described
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in Figure 2, one would design
compounds that bind the expressed
protein, or perhaps more importantly,
the transcription regulator has caused
the change in expression levels. Given
a lead compound, microarray experi-
ments can then be used to evaluate
responses to pharmacological inter-
vention, [135,136] and also provide
early tests to detect or predict the
toxicity of trial drugs.

Further advances in bioinformatics
combined with experimental genomics
for individuals are predicted to
revolutionalise the future of healthcare.
A typical scenario for a patient may
start with post-natal genotyping to
assess susceptibility or immunity from
specific diseases and pathogens. With
this information, a unique combination
of vaccines could be prescribed, mini-
mising the healthcare costs of unneces-
sary treatments and anticipating the
onslaught of diseases later in life.
Regular lifetime screenings could lead
to guidance for nutrition intake and
early detections of any illnesses [137].
In addition, drug-based treatments
could be tailored specifically to the
patient and disease, thus providing the
most effective course of medication
with minimal side-effects [138]. Given
the present rate of development, such
a scenario in healthcare appears to be
possible in the not too distant future.

Conclusions
With the current deluge of data,

computational methods have become
indispensable to biological investiga-
tions. Originally developed for the
analysis of biological sequences, bioin-
formatics now encompasses a wide
range of subject areas including struc-
tural biology, genomics and gene ex-
pression studies. In this review, we
provided an introduction and overview
of  the current state of field. In
particular, we discussed the types of
biological information and databases
that are commonly used, examined
some of the studies that are being

conducted – with reference to trans-
cription regulatory systems – and finally
looked at several practical applications
of the field.

Two principal approaches underpin
all studies in bioinformatics. First is
that of comparing and grouping the
data according to biologically meaning-
ful similarities and second, that of
analysing one type of data to infer and
understand the observations for another
type of data. These approaches are
reflected in the main aims of the field,
which are to understand and organise
the information associated with biolo-
gical molecules on a large scale. As a
result, bioinformatics has not only
provided greater depth to biological
investigations, but added the dimension
of breadth as well. In this way, we are
able to examine individual systems in
detail and also compare them with
those that are related in order to
uncover common principles that apply
across many systems and highlight
unusual features that are unique to
some.
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Today the application of protein biochips offers various

opportunities such as target validation or identification of

new biomarkers [1]. They are used to study protein-ligand

interactions and to determine enzymatic activity [2].

The process of protein biochip development consists of

multiple analysis steps . First, characterization of

expression libraries is done by DNAsequencing followed by

protein production and purification. The proteins are

selected for

identification by mass spectrometry (MS). In a final step

content lists for different protein biochip variants are

generated f

. Increasing number of expression

libraries, high throughput expression capabilities and

quality control requirements lead to a vast amount of data

which cannot be managed manually.

Therefore we developed an integrated protein biochip

database (PBDB) system which incorporates all these

steps and is able to handle the complex protein biochip

development process.

(figure 1)

analyzed by 1D-gel electrophoresis and

rom the collection of validated and GO [3]

annotated proteins

Results

Conclusion

Combination of new clone sets

klaus.marquart@protagen.de

[1] Christoph Huels, Stefan Muellner, Helmut E. Meyer, Dolores J. Cahill (2002) The

impact of protein biochips and microarrays on the drug development process. DDT Vol. 7,

No. 18

[2] Angelika Lueking, Dolores J. Cahill, Stefan Muellner (2005) Protein biochips: a new

and versatile platform technology for molecular medicine. DDT Vol. 10, No. 11

[3] The Gene Ontology Project (http://www.geneontology.org/)

Introduction

Methods

�

�

�

�

PBDB is an easy to use system for managing and

processing all information which is acquired during the

protein biochip development process. Managing projects

with several hundreds of plates and thousands of gel spots

is feasible.

The central database offers new analysis opportunities

like data mining, e.g. selection by GO annotation and

decision support for proteins which have to be spotted on

protein biochips.

The presented software is used in-house at Protagen AG.

As a result of the automation the manual work time is

reduced and has led to an improved and more efficient

operating process.

PBDB has been selected as platform for data storage and

analysis for the development of disease specific protein

biochips within the BioChance Plus project from

Bundesministerium of Bildung und Forschung (BMBF).

The system is based on a relational SQL database system

and a two tier client-server architecture. External software

applications like 1D-gel image analysis software, spot

picking robots and ProteinScape™ are triggered from the

client by interfaces (figure 2). ProteinScape™ (Protagen

AG, Dortmund, Germany and Bruker Daltonik GmbH,

Bremen, Germany) is an in-house proteomics

bioinformatics platform for protein validation and

characterization. The PBDB system is realized completely

with open-source software components and is

characterized by an extensive platform and database

independence.

The Subset Builder is a sophisticated feature for the

generation of new clone sets from different data sources.

Existing Excel files with clones can be imported and then

arranged to new subsets for further processing (figure 6).

Existing subsets can also be modified and rearranged in an

easy and user-friendly way.

Figure 1: Protein biochip development workflow using PBDB

The system provides three main components:

� management of the protein biochip development workflow

administration of expression libraries and�

� combination of arbitrary clone sets

The Library Explorer offers numerous functions to manage

and manipulate the expression libraries (figure 5). This

contains displaying of general library information (e.g.

library creation details) as well as displaying information

about the microplates and all clones including DNA

sequence and clone state (analyzed, expressed).

Figure 3: The Project Explorer with the project tree on the left, an 1D-
gel image on the top right and below a table with the corresponding
gel spots.

Figure 6: Creation of new clone sets is done via the Subset Builder

Figure 5: The Library Explorer displays detailed information about the
expression libaries, microplates and clones.

Figure 4: Table with identified proteins in PBDB and besides the
linked spot summary in ProteinScape™.

Combination of new clone sets

Expression library administration

The workflow management is supported by the Project

Explorer. This feature includes functions for automated data

import, storage, workflow administration and protein list

generation. Data is structured in projects, plates, split

plates, gels and gel images. Navigation can be done using

the tree structure of the Project Explorer (figure 3).

Functions:

Allows full tracking of microplates, gels and clones over analysis

steps

Import of Microsoft Excel files (1D-gel analysis result files), text files

(clone sequences in FASTAformat) and 1D-gel images

Export of Microsoft Excel files with analysis results and spotting lists

for picking robots

Simple spot selection for further processing

Automatic linking of clones to identified proteins

Protein content list generation

�

�

�

�

�

�

Workflow management

Figure 2: Interaction partners of the PBDB system

Image analysis software

TotalLab TL120
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Storage, processing,
analysis, retrieval
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®

STAR
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library

1D-gel ProteinScape™ Protein

content list

Protein

Biochip
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GO
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proteins

Sequences of more than 50,000 clones from five

expression libraries have been stored in the database.

Several protein biochip projects have been successfully

processed, data of over 200 1D-gels have been analysed

and the gel spots have been linked to identified proteins.
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The Unblazed Trail: Bioinformatics and the Protection 
of Genetic Knowledge∗  

Lawrence M. Sung, Ph.D.** 

INTRODUCTION 

The history of the endeavor to understand the human condition, 
fueled in part by the desire to prolong or otherwise enhance the 
enjoyment of life, will mark this year with great significance. On 
February 12, 2001, the world awoke to the news sensation of the 
achievement of a milestone in genetic knowledge arguably unrivaled 
by any other previously.1 The scientific research teams dedicated to 

 
 ∗  Copyright © 2001 by Lawrence M. Sung, Ph.D. This Article was prepared for the 
2001 Heart of America Intellectual Property Law Conference: �Intellectual Property, Digital 
Technology, and Electronic Commerce� co-sponsored by Washington University School of 
Law on April 6-7, 2001. 
 ** Assistant Professor of Law, University of Maryland School of Law (Baltimore, MD). 
J.D., cum laude, The American University, Washington College of Law (Washington, DC); 
Ph.D. Microbiology, U.S. Department of Defense, Uniformed Services University of the Health 
Sciences (Bethesda, Maryland); B.A. Biology, University of Pennsylvania. Former judicial 
clerk to the Honorable Raymond C. Clevenger, III, The U.S. Court of Appeals for the Federal 
Circuit (Washington, DC). All inquiries and/or comments are welcome by telephone at 
410.706.1052, or e-mail at lsung@law.umaryland.edu. 
 1. See, e.g., Scientists Set to Announce Major Advances in Mapping the Human Genome 
(Early Edition, CNN television broadcast, Feb. 12, 2001) (�[I]n just three hours, we�re going to 
hear what could be the beginning of a revolution in the practice of medicine. An announcement 
regarding the mapping of all the genes in the human body will be made in Washington.�); 
Human Genome Decoded (Today, NBC television broadcast, Feb. 12, 2001) (�This morning 
details on what may be the most amazing scientific accomplishment ever, the mapping of the 
human genome. Last June, scientists on competing teams announced they had done it, and 
today they are releasing their results, and it could revolutionize the future of medical care.�); 
Map of Human Genome Debuts with Some Big Surprises (World News This Morning, ABC 
television broadcast, Feb. 12, 2001) (�History will have to judge, of course, but scientists say 
they may be at a turning point comparable to Copernicus figuring out the layout of the solar 
system or Darwin beginning to understand how plants and animals evolved.�); Two Rival 
Studies Offer the First Detailed Look at Most of the Human Genetic Code (The Early Show, 
CBS television broadcast, Feb. 12, 2001). 

We�ve been trying in the 20th century to try to treat disease without even knowing 
what the parts were, without knowing what was wrong in diseases like diabetes or 
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the elucidation of the precise structural nature of the chemicals that 
encode the design of the human organism announced the release of 
their long anticipated findings�the nucleotide sequence of the 
human genome.2 

For even the most casual observers, the accomplishment 
underlying this report was earthshaking.3 Even for those who had 
closely monitored the progress of this project throughout its years of 
intensive effort, the publication of the human genome sequence was 
no less heralded. Indeed, the editors of Science, one of the two 
leading scientific journals to report this data, pronounced it a 

 
asthma or hypertension. It�d be like bringing your car to an auto mechanic who didn�t 
know what was under the hood, didn�t know the parts. 

Id.; see also Clive Cookson, A Glimpse of the Secrets of Life: The Results of the Human 
Genome Project Show Unexpected Layers of Complexity in our Genes, FIN. TIMES (LONDON), 
Feb. 12, 2001, at 21. 

Eight months ago, Bill Clinton and Tony Blair linked up to proclaim one of science�s 
greatest achievements: decoding the human genome or �book of life.� But that public 
relations spectacular was not supported by research data or conclusions. This week 
scientists get their first look at the evidence, with the official publication of the human 
genome sequence in the journals Nature and Science. 

Id.; China on Par With Developed Countries in Genome Research, XINHUA DAILY NEWS 
SERVICE, Feb. 12, 2001. 

The latest map and preliminary conclusion on the human genome by experts from 
China and five developed countries indicate China is on a par with the developed 
countries in this field . . . . [T]he progress, unveiled late Monday by international 
sciences news weekly Science and Nature, is the result of international cooperation. 
The research demonstrates the strength of China, the only developing country allowed 
to join the project, in this advanced research field . . . . 

Id. 
 2. See Elizabeth Pennisi, The Human Genome, 291 SCIENCE 1177, 1178 (2001):  

Just obtaining the sequence is a phenomenal achievement, one that many researchers 
did not believe possible 15 years ago . . . . Spelling out the entire sequence, all 3 billion 
or so chemical letters that make up DNA along each chromosome, would fill tomes 
equivalent to 200 New York City phone books . . . . Perhaps most humbling of all is 
the finding . . . that humans have 32,000 genes, give or take a few thousand. 

 3. See Leslie Roberts, Controversial From the Start, 291 SCIENCE 1182, 1182 (2001): 
The human genome: the crown jewel of 20th century biology, heralded at the White 
House, plastered on the covers of countless magazines�and at last spelled out today in 
intricate detail in both Science and Nature. Deciphering this string of 3 billion A�s, 
T�s, G�s, and C�s is being hailed as an achievement that will usher in a new era of 
biology and even alter our understanding of who we are. 
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�historic moment for the scientific endeavor.�4 The message to the 
scientific community, however, also appeared to reflect a tenor of 
underlying concern. 

Humanity has been given a great gift. With the completion of 
the human genome sequence, we have received a powerful tool 
for unlocking the secrets of our genetic heritage and for finding 
our place among the other participants in the adventure of 
life . . . . 

It should be no surprise that an achievement so stunning, and 
so carefully watched, has created new challenges for the 
scientific venture.5 

To be sure, the process of discovering our genetic code, from its 
inception, has fostered coincident public scrutiny and concern, which 
included portents of privacy loss, genetic discrimination, and 
eugenics.6 Perhaps most controversial, however, were the issues of 
ownership and exclusivity obtainable through patent protection to 
aspects of the human genome.7 The public debate aside, the federal 

 
 4. See Barbara R. Jasny & Donald Kennedy, Editorial: The Human Genome, 291 
SCIENCE 1153, 1153 (2001) (commemorating the contemporaneous publications of the human 
genome sequence in Science by J. Craig Venter et al. of Celera Genomics, a private enterprise, 
and in Nature by the International Human Genome Sequencing Consortium, a publicly-funded 
international cooperative of laboratories led by Francis Collins). 
 5. See id. (indicating that �access to all the data needed to verify conclusions� and 
�protection against piracy [to] enable other proprietary data to be published after peer review� 
are important considerations). 
 6. See Jeremy A. Colby, An Analysis of Genetic Discrimination Legislation Proposed by 
the 105th Congress, 24 AM. J.L. & MED. 443, 443-44 (1998). 

[G]enetic information may also result in a world characterized by genetic 
discrimination and genetic determinism. Although genetic information will be used to 
develop revolutionary treatments, such as gene therapy and other molecular medicine, 
it will also bring genetic discrimination and heretofore unrealized invasions into the 
privacy of our genetic codes. 

Id. 
 7. See Eliot Marshall, Sharing the Glory, Not the Credit, 291 SCIENCE 1189, 1191 (2001) 
(reporting the stern reaction by scientists to the negotiations between Celera and Science of �a 
balanced plan, requiring Celera to release data freely to academics but allowing the company to 
protect its database by requiring readers to obtain access at a company site and register as 
academic or commercial users�). Of course, the U.S. patent system has supporters and 
detractors alike as a general proposition. Nevertheless, its significance, positive or negative, to 
the business community appears clear. See John R. Allison & Mark A. Lemley, Taking Stock: 
The Law and Economics of Intellectual Property Rights: Who’s Patenting What? An Empirical 
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courts, principally the Court of Appeals for the Federal Circuit,8 and 
the U.S. Patent and Trademark Office (USPTO), attempted to provide 
guidance on the intellectual property rights that might impact such 
matters involving the human genome and other genetic data. These 
efforts, however, met with, at best, lackluster support from patent law 
practitioners and other commentators, as well as the general public.9 

In recent days, public debate in this regard focused on the proper 
scope, if any, of patent protection for genetic discoveries generally 
and for expressed sequence tags (ESTs) and single nucleotide 
polymorphisms (SNPs) specifically. Two concerns prevail. The first 
relates to the challenge, pursuant to the written description 
requirement of the patent law, to patent coverage of inventions 
pertaining to genes or gene fragments where the applicant failed to 
disclose the corresponding nucleotide sequence information. The 
second involves whether isolated and purified nucleic acid fragments 
with no known association or other functionality can satisfy the 
patent law requirement of utility as well as written description. 

 
Exploration of Patent Prosecution, 53 VAND. L. REV. 2099, 2100 (2000). 

Patents are big business. Individuals and companies are obtaining far more patents 
today than ever before. Some simple calculations make it clear that companies are 
spending over $5 billion a year obtaining patents in the U.S.�to say nothing of the 
costs of obtaining patents elsewhere, and of licensing and enforcing the patents. There 
are a number of reasons why patenting is on the rise; primary among them are a 
booming economy and a shift away from manufacturing and capital-intensive 
industries towards companies with primarily intellectual assets. But whatever the 
reason, it is evident that many companies consider patents important. 

Id. 
 8. The Federal Circuit has exclusive jurisdiction of appeals in civil actions across the 
country that arise under the patent statutes. See 28 U.S.C. § 1295 (1994) (vesting the Federal 
Circuit with exclusive jurisdiction in patent appeals from final judgments and orders of the U.S. 
district courts and the U.S. Court of Federal Claims, from decisions of the Board of Patent 
Appeals and Interferences of the U.S. Patent and Trademark Office, from decisions of the 
Commissioner of Patents and Trademarks, and from decisions of the U.S. International Trade 
Commission); see also S. REP. NO. 275, at 2 (1981), reprinted in 1982 U.S.C.C.A.N. 11, 12 
(describing the legislative rationale behind the establishment of the Federal Circuit with the 
enactment of the Federal Courts Improvement Act of 1982, Pub. L. No. 97-164, 96 Stat. 25, 37 
(codified as amended at 28 U.S.C. § 1295 (1994)). 
 9. See Jerry Knight, Biotech Stocks Tougher to Unravel Than Genome, WASH. POST, 
Feb. 19, 2001, at E01 (warning about investment in biotechnology companies because �[t]heir 
science is so complex, their business strategies so unpredictable, their path to profitability so 
uncertain�to say nothing of so long�that it�s impossible to calculate what each stock is worth or 
which is better to buy�). 
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Given the reactive nature of the patent system, particularly in a 
technical art such as biotechnology, where the law today deals with 
the potentially decades old science, the legal issues center on early 
research work in recombinant protein production and genomics.10 
With the human genome sequence in hand now, scientists and other 
interested members of the public recognize that the practical 
applications will likely include better, faster, and cheaper routes to 
drug discovery and advances in medical practice.11 This progress 
depends in large part on other scientific fields, that of bioinformatics 
(once better known as computational biology) and proteomics.12 The 

 
 10. See Courtney J. Miller, Patent Law and Human Genomics, 26 CAP. U. L. REV. 893, 
984 (1997). 

The genomics industry is a complex and frustrating combination of philanthropy and 
commercialism, science and law. The basic premise of sequencing the human genome 
is that such a venture will benefit humankind, but the importance of protecting the 
significant financial and physical investments required to sustain the effort have 
resulted in the need for definitive federal legislative guidelines concerning the 
intellectual property generated as the genomics industry matures. 

Id. 
 11. See Sara Dastgheib-Vinarov, A Higher Nonobviousness Standard for Gene Patents: 
Protecting Biomedical Research from the Big Chill, 4 MARQ. INTELL. PROP. L. REV. 143, 158-
59 (2000). 

In the new millenium, computational and molecular techniques allow scientists to 
accomplish what was once deemed impossible. Some of these techniques include 
designing optimum DNA probes for PCR and comparing three-dimensional protein 
secondary structure of various species with their mRNA sequences on a computer. 
These techniques, which reduce experiment times from days to minutes, have made 
most traditional molecular biological procedures obsolete. 

Id.; Lawrence M. Sung & Don J. Pelto, Bioinformatics May Get Boost From “State Street,” 
NAT�L L.J., Oct. 19, 1998, at C28. 

How quickly scientists achieve these goals thus may depend little on the breakneck 
pace at which they undertake to obtain new DNA sequence information by brute force. 
Indeed, the smart money is now focusing on how long it takes to understand what the 
exploding storehouses of genetic information actually teach. The true race is not to see 
who first maps every last stretch of human DNA, but who can most successfully 
identify candidates for effective drug and gene therapy based on genetic information 
with little, if any, known biological significance. 

Id. 
 12. See Mark J. Stewart, The Written Description Requirement of 35 U.S.C. § 112(1): The 
Standard After Regents of the University of California v. Eli Lilly & Co., 32 IND. L. REV. 537, 
555 n.153 (1999) (�The development of bioinformatics is beginning to manage the increasing 
amount of genetic sequence information that is becoming available. Bioinformatics provides 
ways to analyze DNA and protein sequences and make predictions regarding structure or 



p261 Sung book pages  10/16/2002 
 
 
 
 
 
 
 
 
 
266 Journal of Law & Policy [Vol. 8:261 
 

 

legal ramifications of intellectual property protection in this 
developing research area will probably take years to manifest, but 
might engender as much, if not more, public debate than that 
presently observable with biotechnology patents.13 

This Article begins with a review of the legal treatment of 
biotechnology patents involving genetic information and addresses 
contemporary issues facing the federal courts and the USPTO. A 
consideration follows regarding the likely patent protection scenarios 

 
function relationships.�) (citing ANDREAS D. BAXEVANIS & B.F. OUELLETTE, 
BIOINFORMATICS: A PRACTICAL GUIDE TO THE ANALYSIS OF GENES AND PROTEINS (1st ed. 
1998)); Ronald Cass et al., Advances in Biomaterials and Devices, and Their Financing, 6 B.U. 
J. SCI. & TECH. L. 2, 6 (2000). 

How bioinformatics and genetic engineering become important is that one can use 
information from the human genome project. The idea is then to use this information 
to help predict what functions other proteins or other regions of proteins are involved 
in�not only cellular adhesion but also other cellular roles such as cell death, growth, 
and migration and differentiation. 

Id.; David Malakoff & Robert F. Service, Genomania Meets the Bottom Line, 291 SCIENCE 
1193, 1201 (2001) (�Toolmakers, information suppliers, and discovery companies are already 
looking beyond genomics to proteomics, the latest effort to demystify the functions of the 
proteins coded for by all those genes. Surveying genes is a good way of finding possible drug 
targets, the reasoning goes.�); Stanley Fields, Proteomics in Genomeland, 291 SCIENCE 1221, 
1221 (2001) (�In the wonderland of complete sequences, there is much that genomics cannot 
do, and so the future belongs to proteomics: the analysis of complete complements of 
proteins.�). 
 13. See Rebecca S. Eisenberg, Genetics and the Law: The Ethical, Legal, and Social 
Implications of Genetic Technology and Biomedical Ethics: Intellectual Property at the Public-
Private Divide: The Case of Large-Scale cDNA Sequencing, 3 U. CHI. L. SCH. ROUNDTABLE 
557, 565 (1996). 

Despite the growth of the public database, the private databases remain significantly 
larger. Inasmuch as all the information that enters the public database promptly 
becomes available in the private databases as well, the public database can never 
contain more information than the private databases. The private database owners also 
claim to offer superior products in that they have assembled contiguous fragments into 
longer sequences, they provide more complete annotations for the sequences, 
including information about expression in different types of tissue, they provide 
sequence information from customized cDNA libraries derived from tissue types of 
interest to their subscribers, and their sequence information comes with high-powered 
bioinformatics capabilities and user-friendly software. Ironically, Merck�s investment 
in enhancing the public database may have enhanced the value of the private databases 
as a resource for discovery, not only by contributing further data to make the 
information in the private databases more complete, but also by creating a deluge of 
information that enhances the value of the complementary proprietary bioinformatics 
capabilities that the private database owners offer to their clients.  

Id. (internal citations omitted). 
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surrounding bioinformatics and proteomics. The Article concludes 
with various proposals for the enhancement of progress in 
bioinformatics and proteomics, and other beneficiary research fields 
of genomics, through the securing of intellectual property rights.14 

I 

The protection of genetic information under patent law raises 
several issues. A prominent issue concerns the characterization of 
nucleic acids as basic research tools, to which easy access is 
considered vital to the progress of science.15 With knowledge of a 
particular nucleotide sequence, a scientist can engage in further 
experimentation, including a determination of whether that sequence 
is physically present in a sample, as well as whether transcription or 
translation products corresponding to that sequence are produced. In 
addition, nucleic acids of consequence can be used to construct 
recombinant proteins. In this sense, as structural components, nucleic 
acids can be used to facilitate further discovery. There is another 
facet to the character of nucleic acids.  

Beyond its nature as a chemical compound, a nucleic acid serves 
as a storage medium for biological information.16 The nucleotide 
sequence alone can provide an understanding of the relative 
significance of the specific nucleic acid and the products it encodes. 
As such, the genetic knowledge a nucleic acid contains can be as 

 
 14. See Emanuel Vacchiano, It’s A Wonderful Genome: The Written-Description 
Requirement Protects The Human Genome From Overly-Broad Patents, 32 J. MARSHALL L. 
REV. 805, 830 (1999). 

Congress and the biotech community must consider implementing a special patent 
category for patents to human DNA segments where a medical or industrial utility is 
not demonstrated. This special patent category would award a limited term based on a 
diminished examination process. For example, a five-year term can be appropriate for 
these patents, although such a determination requires considerable comment from the 
biotech community before implementation. 

Id. 
 15. See Michael A. Heller & Rebecca S. Eisenberg, Can Patents Deter Innovation? The 
Anticommons in Biomedical Research, 280 SCIENCE 698 (1998). 
 16. See R.C. Lewontin, In the Beginning Was the Word, 291 SCIENCE 1263, 1263 (2001) 
(reviewing LILY E. KAY, WHO WROTE THE BOOK OF LIFE? (2000), and noting her examination 
of �how the view that DNA is �information� that is �written� in a �language� whose �words� are 
in �code� has driven the research program and claims of molecular biology�). 
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inseparable from the discrete chemical compound as a personality is 
from the human individual. 

This knowledge creates a problem, however, because intellectual 
property law is not intended to vest ownership in information per se. 
The essence of nucleic acids as both chemical compounds and 
information reservoirs, therefore, fosters a dichotomy that the patent 
law, in particular, is ill-equipped to reconcile. If patent protection to 
nucleic acids was accorded based solely on their chemical character, 
for example, claims might be issued that would be arguably 
overbroad.17 The fundamental inquiry remains whether the discoverer 
of a certain isolated and purified nucleic acid provides the public with 
knowledge worthy of the reward of a temporary right of exclusivity. 

The USPTO and federal courts have addressed the patentability of 
genetic discoveries.18 Until relatively recently, all were situations in 
which the patent applicant disclosed the genetic knowledge in 
conjunction with the chemical structure.19 In these cases, the public 

 
 17. Assuming arguendo the inevitability of such unreasonable patent claims, then various 
remedies can be proposed to ameliorate the detrimental effects. Among such notions are an 
expanded infringement exemption for pure academic, or otherwise non-commercial, research 
similar to the fair use defense under copyright law. Cf. Julie E. Cohen & Mark A. Lemley, 
Patent Scope and Innovation in the Software Industry, 89 CAL. L. REV. 1, 18 (2001) 
(recognizing that presently the �patent statute includes no express provision allowing reverse 
engineering, nor is there any judicially-developed exception akin to copyright�s fair use 
doctrine that might permit it�). Another possibility is a broader infringement exemption for 
experimental use. Cf. id. at 29 (noting that although the �patent statute itself contains only a 
narrow experimental use defense . . . [under 35 U.S.C. § 271(e)] there is also a non-statutory 
exception for experimental uses�). A third option is compulsory licensing. In recent days, 
compulsory licensing issues have arisen in the international context of government-sanctioned 
generic substitutes for patented AIDS medicines. See Jon Jeter, Trial Opens in South Africa 
AIDS Drug Suit, WASH. POST, Mar. 6, 2001, at A01 (reporting on the lawsuit brought by thirty-
nine foreign drug manufacturers in Pretoria High Court to block any action pursuant to the 1997 
South African statute, the Medicines Control Act, which authorizes South Africa�s health 
minister to control the import and pricing of AIDS medications, irrespective of existing patent 
rights). 
 18. See, e.g., In re Mayne, 104 F.3d 1339 (Fed. Cir. 1997); In re Alton, 76 F.3d 1168 
(Fed. Cir. 1996); In re Goodman, 11 F.3d 1046 (Fed. Cir. 1993); In re Bell, 991 F.2d 781 (Fed. 
Cir. 1993); In re Vaeck, 947 F.2d 488 (Fed. Cir. 1991); In re O�Farrell, 853 F.2d 894 (Fed. Cir. 
1988).  
 19. See, e.g., Monsanto Co. v. Mycogen Plant Science, Inc., 261 F.3d 1356 (Fed. Cir. 
2001) (concerning claims reciting the introduction into plants of recombinant DNA known to 
make them more resistant to insects by genetic modification to express a Bacillus thuringiensis 
protein, which is toxic to various insects); Singh v. Brake, 222 F.3d 1362 (Fed. Cir. 2000) 
(involving the appellate review of an interference proceeding before the USPTO Board of 
Patent Appeals and Interferences concerning a DNA construct known to relate to alpha-factor, 



p261 Sung book pages  10/16/2002 
 
 
 
 
 
 
 
 
 
2002]  The Unblazed Trail 269 
 

 

benefit rationale underlying the patent system is arguably satisfied�
the public is taught the what, why, when, where, and how of the 
biological significance as well as the chemical structure of the 
patented nucleic acid. By contrast, more recent patent applications to 
some genetic discoveries, such as ESTs and SNPs, disclose little, if 
any, corresponding genetic knowledge.20 The present controversy 
over patenting genes generally appears to center on these certain 
inventions that are accompanied by minimal disclosure of associative 
or functional biological relevance. 

In any event, the advent and increasing precision of technologies 
like bioinformatics and proteomics might better facilitate the 
patentability of gene fragments randomly isolated from samples. 
Even where no known association or function can be ascribed to it 
upon isolation, a nucleic acid might begin to impart such knowledge 
with the aid of predictive modeling available through bioinformatics 
and proteomics.21 Accordingly, perhaps the controversy over 
patenting genes that derive from concerns over ESTs and SNPs will 
subside as the state of the art progresses, allowing scientists to 
recognize meaning in the otherwise bare nucleotide sequences.22 

 
also known as alpha-mating factor, which is a peptide released by the budding yeast 
Saccharomyces cerevisiae when a haploid cell is prepared to mate); Schering Corp. v. Amgen 
Inc., 222 F.3d 1347 (Fed. Cir. 2000) (involving recombinant DNA molecules known to encode 
specific types of human interferon). 
 20. See infra note 115. 
 21. Of course, fans and critics alike can find support in their positions on the relative 
success of computer predictive modeling, as evidenced in many other fields such as seismic and 
weather forecasting. See More Quakes Ahead for Pacific Northwest? (Mar. 1, 2001), at 
http://www.cnn.com/2001/TECH/science/03/01/quake.folo/index.html. (�Will another powerful 
earthquake rip through western Washington State or the region after Wednesday�s big one? 
Despite considerable improvements in seismology, no one knows for sure . . . . The more we 
learn about earthquakes, the more elusive real predictions seem to be.�). Compare Major Storm 
Poised to Unload Snow on U.S. East Coast (Mar. 4, 2001), at http://www.cnn.com/2001/ 
WEATHER/03/03/weather.storm.02/. (�U.S. East Coast residents with travel plans for Monday 
are being warned of a powerful storm moving into the region that has the potential to be the 
worst so-called �nor�easter� in 50 years.�), with Snow Across the Northeast (Mar. 6, 2001), at 
http://www.cnn.com/2001/WEATHER/03/06/winter.storms.02/index.html (�A major snow-
storm traveling on the strength of a howling nor�easter crept into New England overnight 
Monday into Tuesday morning, but the storm didn�t pack the punch officials had expected.�). 
 22. Cf. David S. Roos, Bioinformatics-Trying to Swim in a Sea of Data, 291 SCIENCE 
1260, 1261 (2001): 

The �postgenomic era� holds phenomenal promise for identifying the mechanistic 
bases of organismal development, metabolic processes, and disease, and we can 
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In the meantime, the development of the legal authority trails 
years, if not decades, behind.23 Given the history of such resolutions, 
the federal courts will have many years before needing to confront 
patents granted on nucleic acid discoveries with little, if any, 
corresponding genetic knowledge. Thus, no applicable precedent 
exists today. Instead, the extant decisions focus on the aspect of 
genes or gene fragments as chemical entities, and not on their 
coincidental information content.24 Indeed, a review of the most 
recent Federal Circuit cases, for example, reveals the straightforward 
consideration of genetic discoveries as chemical inventions.25 

 
confidently predict that bioinformatics research will have a dramatic impact on 
improving our understanding of such diverse areas as the regulation of gene 
expression, protein structure determination, comparative evolution, and drug 
discovery. The availability of virtually complete data sets also makes negative data 
informative: by mapping entire pathways, for example, it becomes interesting to ask 
not only what is present, but also what is absent. As the potential of genomics-scale 
studies becomes more fully appreciated, it is likely that genomics research will 
increasingly come to be viewed as indistinguishable from biology itself. But such 
research is possible only if data remain available not only for examination, but also to 
build upon. 

 23. See Lawrence M. Sung, Stranger in a Strange Land: Biotechnology and the Federal 
Circuit, 2 Wash. U. J.L. & Pol�y 167, 170 (2000) (noting a potential failure to appreciate the 
significant temporal distortion that exists with the decisions of the Federal Circuit in appeals 
involving biotechnology inventions and the attendant possibility that the casual observer might 
conclude the court�s biotechnology judgments are senseless, because they rest on anachronistic 
notions of the science). The author explains: 

The effective date of the filing of a patent application often dictates what prior art the 
invention must overcome to qualify for patent protection. In addition, the breadth and 
depth with which applicants must describe their inventions in patent applications can 
depend upon the respective filing dates. The judicial consideration of the patentability 
of the subject matter in a patent application, or the validity of an issued patent, 
therefore must focus on the state of the art at the time of the patent application rather 
than the time of the dispute. 
The disparity between the filing of the patent application and the conclusion of the 
patent infringement lawsuit is perhaps more pronounced in the field of biotechnology 
than in the electrical, mechanical, or even chemical arts. The prosecution of 
biotechnology patent applications in the U.S. Patent & Trademark Office (USPTO) 
and the litigation of issued biotechnology patents both commonly exhibit a lengthier 
duration than that with most other types of inventions. In biotechnology matters, it is 
not uncommon for the Federal Circuit to apply the patent laws to decades-old science. 

Id. 
 24. See infra Part II.  
 25. See Ajinomoto Co. v. Archer-Daniels-Midland Co., 228 F.3d 1338 (Fed. Cir. 2000) 
(standing, oath, enablement, best mode, claim construction, infringement, importation, 
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II 

To obtain a patent, the applicant must be able to demonstrate that 
the claimed invention is useful.26 The utility of an invention, in 
concert with its novelty and nonobviousness, merits the reward of 
patent protection.27 Whether a claimed invention lacks utility is a 
question of fact, which the Federal Circuit reviews under the clearly 
erroneous standard.28 In any event, an alleged inventive act is not 
legally cognizable unless the inventor conceived of the specific utility 
of the claimed invention.29 

In Kridl v. McCormick,30 the Federal Circuit addressed the utility 
requirement in the context of a patent interference proceeding.31 The 
court reviewed the determination of the USPTO Board of Patent 
Appeals and Interferences (Board), which considered two competing 
patent applications claiming the same, or substantially the same, 
biotechnology subject matter.32 The interference count related to the 
use of antisense technology to produce plants or plant cells with 

 
damages); SIBIA Neurosciences, Inc. v. Cadus Pharm. Corp., 225 F.3d 1349 (Fed. Cir. 2000) 
(obviousness); Life Techs., Inc. v. Clontech Labs., Inc., 224 F.3d 1320 (Fed. Cir. 2000) 
(inequitable conduct, prior inventorship); Singh v. Brake, 222 F.3d 1362 (Fed. Cir. 2000) 
(conception, written description, enablement); Schering Corp. v. Amgen Inc., 222 F.3d 1347 
(Fed. Cir. 2000) (claim construction); Genentech, Inc. v. Chiron Corp., 220 F.3d 1345 (Fed. 
Cir. 2000) (conception); Enzo Biochem, Inc. v. Calgene, Inc., 188 F.3d 1362 (Fed. Cir. 1999) 
(enablement, experimental use). 
 26. See 35 U.S.C. § 101 (1994) (�Whoever invents or discovers any new and useful 
process, machine, manufacture, or composition of matter, or any new and useful improvement 
thereof, may obtain a patent therefor, subject to the conditions and requirements of this title.�). 
 27. Brenner v. Manson, 383 U.S. 519, 534 (1966) (�The basic quid pro quo contemplated 
by the Constitution and the Congress for granting a patent monopoly is the benefit derived by 
the public from an invention with substantial utility.�); Cross v. Iizuka, 753 F.2d 1040, 1044 
(Fed. Cir. 1985). 
 28. See Raytheon Co. v. Roper Corp., 724 F.2d 951, 956 (Fed. Cir. 1983). 
 29. See Rey-Bellet v. Engelhardt, 493 F.2d 1380, 1385 (C.C.P.A. 1974) (�[C]onception of 
an invention is not complete absent a conception of its utility.�). 
 30. 105 F.3d 1446 (Fed. Cir. 1997). 
 31. Id. at 1447. The USPTO may declare an interference where a patent application claims 
the same, or substantially the same, subject matter as another application or as an unexpired 
patent. See 35 U.S.C. § 135 (1994). In this proceeding, the USPTO determines which party has 
priority of invention, or in other words, who was the first to invent. Because the first to invent is 
the only true inventor entitled to patent protection, the outcome of an interference proceeding 
typically leaves the winner with a patent and the loser without. 
 32. 105 F.3d at 1448 (reporting the interference declared between a patent application 
assigned to Agracetus, Inc., and another assigned to Calgene, Inc.). 
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resistance to certain viruses.33 McCormick, having filed a patent 
application before Kridl, was the first to reduce the invention to 
practice, albeit constructively.34 To establish priority of invention, 
however, McCormick also needed to prove a date of conception 
before that of Kridl.35 

McCormick sought to rely upon the pages of Marcia Vincent�s 
laboratory notebook.36 These pages described an experiment in 
January 1984 in which a gene fragment encoding a viral protein was 
inserted into a cloning vector in both the sense and antisense 
orientations.37 The Board applied a �rule of reason� analysis to 
evaluate this evidence and found that McCormick conceived of the 
invention before Kridl.38 The Board thus awarded priority of 
invention to McCormick.39 

In reaching its decision, the Board also concluded that 
McCormick conceived of the utility of the claimed invention in 
January 1984.40 The Board did so based solely on the uncorroborated 
testimony of one of the inventors, Dr. William Swain.41 Kridl 
contended that antisense had more than one substantial use, and thus, 
McCormick might have used it for a different purpose in January 
1984.42 According to Kridl, McCormick could have used antisense as 
an experimental control or as a mere template for the production of 
recombinant DNA in the sense orientation.43 

The Federal Circuit considered the state of the biotechnology art 
in 1984 to refute Kridl�s arguments and affirm the Board�s 

 
 33. See id. An interference count establishes the scope of the interference by defining the 
invention common to the parties. The interpretation of an interference count is analogous to 
claim construction. 
 34. See id. at 1449. 
 35. See id. 
 36. See id. at 1448. 
 37. See id. at 1448-49. 
 38. See id. at 1449; see also Price v. Symsek, 988 F.2d 1187, 1195 (Fed. Cir. 1993) (�A 
�rule of reason� analysis is applied to determine whether the inventor�s prior conception 
testimony has been corroborated . . . . An evaluation of all pertinent evidence must be made so 
that a sound determination of the credibility of the inventor�s story may be reached.�). 
 39. See Kridl, 105 F.3d at 1449, 1688. 
 40. See id. 
 41. See id. at 1450. 
 42. See id. 
 43. See id. 
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determination.44 There was no dispute that the use of antisense in 
plants was not known in 1984.45 The Federal Circuit thus reasoned 
that it would have been illogical for McCormick to use such novel 
material as an experimental control, which usually involves tried and 
true compounds.46 In addition, because sense constructs could be 
produced at that time by more established methods, the Federal 
Circuit stated that it would have been �wasteful� for anyone to use 
antisense to generate recombinant DNA in the sense orientation.47 

Accordingly, the Federal Circuit held that an individual skilled in 
the art in 1984 would have seen no other substantial use for the 
antisense constructs described in Ms. Vincent�s laboratory notebook 
than as a means for imparting viral resistance to plants or plant 
cells.48 The court stated that under a rule of reason analysis, explicit 
corroboration of the inventor�s recognition of utility might not always 
be necessary.49 For example, in certain situations, utility might be 
implicit in the evidence presented.50 

Similar to the biotechnology cases involving obviousness 
inquiries, the Federal Circuit in Kridl was forced to rely on its 
hindsight analysis of the state of the art as the context for the parties� 
conduct. Indeed, in Kridl, the look backwards crossed almost a 
decade and a half. This practice only further complicates the already 
difficult task before the Federal Circuit in parsing unfamiliar 
technology. The genomics, bioinformatics, and proteomics arts will 
likely face similar difficulties. 

To receive patent protection, an invention must be nonobvious at 
the time of the invention to one of ordinary skill in the relevant art.51 
Nonobviousness is a question of law that the Federal Circuit reviews 
de novo.52 The conclusion of nonobviousness, however, is subject to 
underlying factual findings, which the Federal Circuit reviews for 

 
 44. See id. 
 45. See id. 
 46. See id. 
 47. See id. 
 48. See id. 
 49. See id. at 1451. 
 50. See id. 
 51. See 35 U.S.C. § 103 (1994) (defining conditions for patentability, including 
nonobvious subject matter). 
 52. See In re Donaldson Co., 16 F.3d 1189, 1192 (Fed. Cir. 1994) (en banc). 

http://www.lexis.com/research/#n1211
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clear error.53 
During patent prosecution, the patent examiner bears the burden 

of establishing a prima facie case of obviousness.54 Once the 
examiner meets this initial burden, the burden shifts to the applicant 
to provide rebuttal evidence to overcome the examiner�s rejection.55 

In In re Deuel,56 the Federal Circuit reversed the Board�s decision, 
which upheld the patent examiner�s final rejection of the claims as 
obvious.57 The subject matter of the application involved DNA 
encoding heparin-binding growth factor (HBGF) of bovine and 
human origins.58 Deuel first isolated bovine uterine HBGF protein 
and determined the amino acid sequence of a small beginning portion 
of the protein.59 Next, Deuel chemically synthesized a single strand 
of DNA (oligonucleotide) corresponding to this short amino acid 
sequence.60 Using this oligonucleotide, Deuel isolated the naturally 
occurring bovine HBGF gene from a collection of DNAs (cDNA 
library) encoding bovine uterine proteins in general.61 Deuel then 
determined the entire nucleotide sequence of the bovine uterine 
HBGF gene and predicted the amino acid sequence of the remaining 
unknown portion of the bovine uterine HBGF protein.62 These bovine 
sequences constituted part of the claimed invention.63 

In addition, Deuel used the oligonucleotide to isolate the naturally 
occurring human HBGF gene from the human placental cDNA 
library.64 Similarly, Deuel then determined the entire nucleotide 

 
 53. See In re Woodruff, 919 F.2d 1575, 1577 (Fed. Cir. 1990); see also In re Beattie, 974 
F.2d 1309, 1311 (Fed. Cir. 1992) (discussing what the prior art teaches as a question of fact 
reviewable under the clearly erroneous standard). 
 54. See In re Rijckaert, 9 F.3d 1531, 1532 (Fed. Cir. 1993). 
 55. See id.; see also In re Dillon, 919 F.2d 688, 692-93 (Fed. Cir. 1990) (en banc) (�Such 
rebuttal or argument can consist of . . . any other argument or presentation of evidence that is 
pertinent.�), cert. denied, 500 U.S. 904 (1991). 
 56. 51 F.3d 1552 (Fed. Cir. 1995). 
 57. In re Deuel, 51 F.3d 1552, 1554 (Fed. Cir. 1995), rev’g ex parte, 33 U.S.P.Q.2d 
(BNA) 1445 (Bd. Pat. App. & Interferences 1993). 
 58. 51 F.3d at 1554. The application at issue was U.S. Application Serial No. 07/542,232. 
Id. at 1553. 
 59. Id. at 1555. 
 60. Id. 
 61. Id. 
 62. Id. 
 63. Id. 
 64. Id. 
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sequence of the human placental HBGF gene and predicted the amino 
acid sequence of the complete human placental HBGF protein.65 
These human sequences also constituted part of the claimed 
invention.66 

The patent examiner asserted that the claimed invention would 
have been prima facie obvious in view of the prior art.67 The prior art 
upon which the examiner relied included a reference (Maniatis) 
describing gene cloning methods and a reference (Bohlen) disclosing 
the partial amino acid sequences of proteins composing a subclass of 
human and bovine HBGF.68 The examiner maintained that Bohlen 
would have motivated one skilled in the art to clone the respective 
human and bovine HBGF genes according to Maniatis to produce 
human and bovine HBGF protein.69 

In rebuttal, Deuel contended that the prior art taught away from 
the claimed invention. According to Deuel, Bohlen suggested that 
one skilled in the art would not have been motivated to use the same 
oligonucleotide to isolate the genes for human and bovine HBGF.70 
The examiner rejected Deuel�s �teaching away� argument, apparently 
relying on the unfounded notion that HBGF genes were homologous 
across species.71 The Board upheld the examiner�s rejection, focusing 
instead on the allegedly routine nature of cloning.72 

In reversing the rejection of Deuel�s claims, the Federal Circuit 
relied on precedent stating that, absent prior art suggesting the 
specific claimed DNA, a particular DNA sequence is not obvious 
simply because the prior art discloses general methods for isolating 
DNA.73 The court further applied precedent regarding chemical 
inventions stating that the prior art disclosure of a broad genus does 
not necessarily render obvious a specific compound within the 
genus.74 Because many different DNA sequences can encode the 

 
 65. Id. 
 66. Id. 
 67. Id. at 1555. 
 68. Id. at 1555-56. 
 69. Id. at 1556. 
 70. Id. 
 71. Id. 
 72. Id. at 1556-57. 
 73. Id. at 1559 (affirming In re Bell, 991 F.2d 781, 785 (Fed. Cir. 1993)). 
 74. 51 F.3d at 1559 (citing with approval In re Baird, 16 F.3d 380 (Fed. Cir. 1994)). 
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identical protein, the court concluded that the simple disclosure of the 
protein does not render any particular one of those DNA sequences 
obvious, absent prior art specifically pointing to one sequence.75 The 
Federal Circuit also discounted the Board�s contentions regarding the 
routine nature of Deuel�s work as mere speculation and 
impermissible hindsight reconstruction of the claimed invention.76 

Obviousness inquiries in all technologies risk corruption from the 
hindsight analysis method.77 The long time-lapse between patent 
application filing and litigation with biotechnology inventions can 
exacerbate the problem.78 The often unsettled nature of science, 
compounded with the natural deterioration of reliable accounts of that 
context, make invalidity challenges to biotechnology patents based 
on obviousness unpredictable, notwithstanding the statutory 
presumption of validity. When considering genomics, bioinformatics, 
and proteomics inventions in the future, the courts will likely 
confront similar problems in resolving obviousness questions. 

As an additional requirement for patent protection, an inventor 
must set forth an adequate written description of the invention.79 In 
short, a patent must describe an invention in sufficient detail that one 
skilled in the art could clearly conclude that the inventor had 
possession of the claimed subject matter.80 For biotechnology 
inventions, an adequate written description of nucleic acids, such as 
DNA or RNA, requires a precise definition, including the pertinent 
structure, formula, chemical name, or physical properties.81 A mere 
statement that a nucleic acid is part of the invention, and a reference 

 
 75. 51 F.3d at 1558-59. 
 76. Id. at 1558. 
 77. See In re Dembiczak, 175 F.3d 994, 999 (Fed. Cir. 1999). 

Measuring a claimed invention against the standard established by section 103 requires 
the oft-difficult but critical step of casting the mind back to the time of invention, to 
consider the thinking of one of ordinary skill in the art, guided only by the prior art 
references and the then-accepted wisdom in the field. 

Id. 
 78. See, e.g., supra note 23 and accompanying text.  
 79. See 35 U.S.C. § 112 (1994). 
 80. See Lockwood v. Am. Airlines, Inc., 107 F.3d 1565, 1572 (Fed. Cir. 1997); In re 
Gosteli, 872 F.2d 1008, 1012 (Fed. Cir. 1989). 
 81. See Fiers v. Revel, 984 F.2d 1164, 1171 (Fed. Cir. 1993). 
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to a potential method for isolating it, will not suffice.82 
In In re Brana,83 the Federal Circuit reversed the Board�s decision 

that upheld the patent examiner�s final rejection of the claims of the 
application for failure to satisfy the written description requirement.84 
The subject matter of the application involved pharmaceutical 
compositions having antitumor activity in humans.85 In the final 
office action, the examiner rejected the claims of the application, 
�because the specification failed to describe any specific disease 
against which the claimed compounds were active and did not 
establish a reasonable expectation that the claimed compounds had a 
practical utility.�86 The Board upheld the patent examiner�s rejection 
under § 112, first paragraph, but stated that a rejection under § 101 
would likewise have been proper.87 

Regarding the examiner�s written description, the Federal Circuit 
noted that the applicants tested the claimed compounds on tumor cell 
lines derived from animals suffering from lymphocytic leukemias.88 
The court thus concluded that the disclosed ameliorative activity of 
the claimed compounds on tumor cells constituted a proper allegation 
of sufficiently specific use.89 As for the utility rejection, the Federal 
Circuit held that the examiner failed to satisfy the initial burden of 
challenging a presumptively correct assertion of utility in the 
disclosure.90 The court noted that the prior art references upon which 
the Board relied did not question the usefulness of any related 
compound as an antitumor agent.91 Moreover, one of the references 
disclosed compounds that were structurally similar to those of the 
claimed invention and possessed proven in vivo effectiveness as 
chemotherapeutics against various types of tumors.92 The Federal 

 
 82. See id. at 1170. The adequacy of a written description is a question of fact that the 
Federal Circuit reviews for clear error. See Ralston Purina Co. v. Far-Mar-Co, Inc., 772 F.2d 
1570, 1575 (Fed. Cir. 1985). 
 83. 51 F.3d 1560 (Fed. Cir. 1995). 
 84. Id. at 1569.  
 85. See id. at 1562 (citing the U.S. patent application as Serial No. 533,944). 
 86. See id. at 1563-64. 
 87. See id. at 1564. 
 88. See id. at 1565. 
 89. See id. 
 90. See id. at 1566. 
 91. See id. 
 92. See id. 
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Circuit held that even if the USPTO satisfied its initial burden, the 
applicant�s evidence of statistically significant results from animal 
tests was sufficient to convince one skilled in the art of the 
inventions� asserted utility.93 

In Fiers v. Revel,94 the Federal Circuit affirmed the Board�s 
decision toward priority of invention to Sugano et al.95 The 
interference amongst three foreign inventive entities (Fiers, Revel, 
and Sugano) related to the DNA that coded for human fibroblast 
beta-interferon (β-IF), a protein that promotes viral resistance in 
human tissue.96 The Board based its decision on the findings that (i) 
Sugano was entitled to the benefit of the March 19, 1980 filing date 
of its Japanese patent application; (ii) Fiers was entitled to the benefit 
of the April 3, 1980 filing date of its British patent application, but 
failed to prove conception of the subject matter before that date; and 
(iii) Revel was not entitled to the benefit of the November 21, 1979 
filing date of its Israeli patent application.97 

The Federal Circuit upheld the Board�s determinations, noting that 

 
 93. See id. at 1567. The court also noted that to require in vivo human testing akin to 
Phase II clinical studies conducted by the Food and Drug Administration would place a higher 
standard § 112, ¶ 1, compliance on applicants seeking patent protection for pharmaceuticals for 
humans. 
 94. 984 F.2d 1164 (Fed. Cir. 1993). 
 95. Id. at 1166.  
 96. See id. at 1166 (reporting the interference count defined as �[a] DNA which consists 
essentially of a DNA which codes for a human fibroblast interferon-beta polypeptide�). 
 97. See id. at 1167. 

Sugano�s Japanese application disclosed the complete nucleotide sequence of a DNA 
coding for β-IF and a method for isolating that DNA. Revel�s Israeli application 
disclosed a method for isolating a fragment of the DNA coding for B-IF as well as a 
method for isolating messenger RNA (mRNA) coding for β-IF, but did not disclose a 
complete DNA sequence coding for β-IF. Fiers, who was working abroad, based his 
case for priority on an alleged conception either in September 1979 or in January 1980, 
when his ideas were brought into the United States, coupled with diligence toward a 
constructive reduction to practice on April 3, 1980, when he filed a British application 
disclosing the complete nucleotide sequence of a DNA coding for β-IF. According to 
Fiers, his conception of the DNA of the count occurred when two American scientists, 
Walter Gilbert and Phillip Sharp, to whom he revealed outside of the United States a 
proposed method for isolating DNA coding for β-IF brought the protocol back to the 
United States . . . . On February 26, 1980, Fiers� patent attorney brought into the 
United States a draft patent application disclosing Fiers� method, but not the nucleotide 
sequence for the DNA. 

Id. 
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�when an inventor is unable to envision the detailed chemical 
structure of the gene so as to distinguish it from other materials, as 
well as a method for obtaining it, conception has not been achieved 
until reduction to practice has occurred, i.e., until after the gene has 
been isolated.�98 The court thus held that �irrespective of the 
complexity or simplicity of the method of isolation employed, 
conception of a DNA, like conception of any chemical substance, 
requires a definition of that substance other than by its functional 
utility.�99 

The Federal Circuit concluded that Fiers� proof of conception of a 
method that enabled one of ordinary skill in the art to make the DNA 
of the count was insufficient to establish conception of the DNA 
count.100 In addition, the court held that Revel failed to prove that its 
Israeli patent application contained a written description of a DNA 
coding for β-IF because it did not disclose the nucleotide sequence or 
�an intact complete gene.�101 By contrast, Sugano�s Japanese patent 
application set forth the complete and correct nucleotide sequence of 
a DNA coding for β-IF, thus satisfying the written description 

 
 98. See id. at 1168-69 (quoting Amgen Inc. v. Chugai Pharm. Co., 927 F.2d 1200, 1206 
(Fed. Cir. 1991)). 
 99. See id. at 1169. 
 100. See id.  

Before reduction to practice, conception only of a process for making a substance, 
without a conception of a structural or equivalent definition of that substance, can at 
most constitute a conception of the substance claimed as a process. Conception of a 
substance claimed per se without reference to a process requires conception of its 
structure, name, formula, or definitive chemical or physical properties. 

Id. 
 101. See id. at 1170-71. 

An adequate written description of a DNA requires more than a mere statement that it 
is part of the invention and reference to a potential method for isolating it; what is 
required is a description of the DNA itself. Revel�s specification does not do that. 
Revel�s application does not even demonstrate that the disclosed method actually leads 
to the DNA, and thus that he had possession of the invention, since it only discloses a 
clone that might be used to obtain mRNA coding for β-IF. A bare reference to a DNA 
with a statement that it can be obtained by reverse transcription is not a description; it 
does not indicate that Revel was in possession of the DNA. Revel�s argument that 
correspondence between the language of the count and language in the specification is 
sufficient to satisfy the written description requirement is unpersuasive when none of 
that language particularly describes the DNA. 

Id. 



p261 Sung book pages  10/16/2002 
 
 
 
 
 
 
 
 
 
280 Journal of Law & Policy [Vol. 8:261 
 

 

requirement and entitling Sugano to the benefit of that foreign filing 
date.102 

In University of California v. Eli Lilly & Co.,103 the Federal 
Circuit affirmed the district court�s judgment that the asserted patent 
claims were invalid because the patent failed to provide an adequate 
written description of the claimed subject matter.104 The patented 
technology involved human insulin produced by recombinant DNA 
methods.105 

The patent claims were directed to the use of human insulin 
cDNA, but the specification provided a written description only 
regarding rat insulin cDNA.106 Although the patent recited a general 
method for obtaining human cDNA, along with the amino acid 
sequences for human insulin, the Federal Circuit noted that 
enablement was not the issue.107 This disclosure provided no 
structural information or physical characteristics, such as a nucleotide 
sequence, of any of the human cDNAs in the claimed genus.108 

Absent such identification, the generic references to vertebrate or 
mammalian insulin cDNA were inadequate written descriptions, 
which could not be used to distinguish the claimed genus from others, 
except by function.109 The Federal Circuit stated that a proper written 
description of a cDNA genus, for example, might be the nucleotide 
sequences of a representative number of cDNAs, or the recitation of 
structural features common to the members of the genus.110 Generic 
references alone indicate only what one might achieve and provide no 
information about the resulting claimed material.111 

The pronouncements on written description by the Federal Circuit 

 
 102. See id. at 1172 (stating that Sugano�s Japanese patent application �convey[s] with 
reasonable clarity to those skilled in the art that, as of the filing date sought, [Sugano] was in 
possession of the [DNA coding for β-IF]�). 
 103. 119 F.3d 1559 (Fed. Cir. 1997), cert. denied, 523 U.S. 1089 (1998). 
 104. Univ. of Cal. v. Eli Lilly & Co., 119 F.3d 1559, 1562 (Fed. Cir. 1997), cert. denied, 
523 U.S. 1089 (1998). 
 105. See id. (identifying the patents-in-suit as U.S. Patents No. 4,652,525 (issued Mar. 24, 
1987) and No. 4,431,740 (issued Feb. 14, 1984)). 
 106. See id. at 1562-63. 
 107. See id. at 1567. 
 108. See id. 
 109. See id. 
 110. See id. at 1568. 
 111. See id. 
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arguably garnered more criticism than any other statutory compliance 
issue in recent days. With biotechnology subject matter involving 
molecular genetic information, the Federal Circuit has clearly taken 
an extreme position in requiring the disclosure of actual nucleotide 
sequences as claim support.112 The ideological controversy about the 
origins and justifications of the written description requirement aside, 
the Federal Circuit holding in Eli Lilly creates a serious question as to 
the continuing vitality of prophetic patent claims, certainly with 
respect to biotechnology inventions, if not others as well. 

Since Eli Lilly, the Federal Circuit seems to have opened the door 
to a more liberal interpretation of the written description requirement 
vis-à-vis the state of the relevant technology.113 In Union Oil, the 
Federal Circuit arguably refines the written description inquiry to 
shift the focus of the determination away from the isolated disclosure 
and closer to what those skilled in the art could understand from that 
disclosure.114 Accordingly, even if the Federal Circuit were to stand 
firmly behind its earlier pronouncements on written description in 
other respects, the rapidly changing state of biotechnology should 
eventually alleviate the seemingly harsh results possible from the Eli 
Lilly standard alone. Following the reasoning of Union Oil, the 

 
 112. See, e.g., Janice M. Mueller, The Evolving Application of the Written Description 
Requirement to Biotechnological Inventions, 13 BERKELEY TECH. L.J. 615, 617 (1998). 

The Lilly decision establishes uniquely rigorous rules for the description of 
biotechnological subject matter that significantly contort written description doctrine 
away from its historic origins and policy grounding. The Lilly court�s elevation of 
written description to an effective �super enablement� standard of uncertain scope and 
applicability will likely chill development in this critically important technological 
field and frustrate the United States patent system�s policy goal of encouraging prompt 
disclosure of new inventions. 

Id. 
 113. See Union Oil Co. of Cal. v. Atlantic Richfield Co., 208 F.3d 989, 997 (Fed. Cir. 
2000). 

Appellant refiners assert that the specification does not describe the exact chemical 
component of each combination that falls within the range claims of the �393 patent. 
However, neither the Patent Act nor the case law of this court requires such detailed 
disclosure. Rather, the Patent Act and this court�s case law require only sufficient 
description to show one of skill in the refining art that the inventor possessed the 
claimed invention at the time of filing.  

Id. (internal citations omitted). 
 114. Id.  
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disclosure of actual nucleotide sequences should not be required as 
claim support once the state of biotechnology advances to the point at 
which those skilled in the art could understand that, in the absence of 
such disclosure, the inventor was in possession of the claimed 
invention at the time of application filing. 

III 

As the foregoing section indicated, the existing legal authority 
provides little guidance regarding the genomics, bioinformatics, and 
proteomics inventions that the USPTO faces today. Indeed, if the 
time from filing a patent application, to federal court judgments, with 
respect to past biotechnology patent cases, is any indication, it will be 
several years before the Federal Circuit sees such matters. 
Accordingly, because Federal Circuit precedent does not answer the 
question of whether nucleic acid discoveries with little, if any, 
corresponding genetic knowledge are patentable, the USPTO is 
forced to consider the issue first, without guidance.� 

In February 1997, the USPTO adopted a controversial position 
when it announced the likely grant of patent claims to ESTs and 
SNPs, despite minimal disclosure of their biological significance by 
the patent applicant.115 The patent claims receiving the preliminary 
approval of the USPTO seemed of such broad scope that even the use 
of products derived from genetic material, of which only a fraction of 
the sequence is patented, could constitute an infringement under the 
patent law.116 The patent applicant ultimately withdrew these 
claims.117 Nonetheless, such claims fueled already mounting public 
outcry over gene patenting, which spurred the USPTO into action.118 

On January 5, 2001, the USPTO issued examination guidelines on 
the patentability requirements of utility and written description.119 
This action marked a significant retreat from the questionable policy 

 
 115. See Ed Susman, U.S. PTO to Allow Patents on Gene Fragments called ESTs, 
BIOTECHNOLOGY NEWSWATCH, Mar. 3, 1997, at 1; Lynn Pasahow & Andrew Kumamoto, 
Human Genome Project Raises Patenting Issues, NAT�L L.J., Oct. 20, 1997, at C31. 
 116. See Susman, supra note 115, at 1. 
 117. See id. 
 118. See Pasahow & Kumamato, supra note 115, at C31. 
 119. See infra notes 120-23. 
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decision by the USPTO in 1997. Moreover, this consideration 
appears to end an almost four-year moratorium on the issuance of 
patent claims to ESTs and SNPs. 

At the outset, the utility examination guidelines provided 
responses to comments generated by earlier proposed versions of the 
guidelines.120 Although generally applicable to all technologies, these 
guidelines reacted to public concerns about the patenting of ESTs and 
SNPs.  

The USPTO acknowledged that patent claims to ESTs and SNPs, 
or any other nucleic acids, are unpatentable for lack of utility where 
the supporting disclosure fails to provide any information regarding a 
biological association or function corresponding to the claimed 
nucleic acid.121 According to the USPTO, only in conjunction with 
such a teaching would a claimed nucleic acid have a specific, 
substantial, and credible utility.122 

Like the utility examination guidelines, the revised written 
description guidelines provided responses to comments generated by 
earlier proposed versions.123 As with the utility examination 
guidelines, the written description guidelines promulgated in reaction 
to public concerns about the patenting of ESTs and SNPs, despite the 
disclaimer of their general applicability to all technologies.  

Arguably less provocative than the utility examination guidelines 

 
 120. See Utility Examination Guidelines, 66 Fed. Reg. 1092 (Jan. 6, 2001) (�This revision 
supersedes the Revised Interim Utility Examination Guidelines that were published at 64 FR 
71440, Dec. 21, 1999; 1231 O.G. 136 (2000); and correction at 65 FR 3425, Jan. 21, 2000; 
1231 O.G. 67 (2000).�). 
 121. See id. at 1093. 

If a patent application discloses only nucleic acid molecular structure for a newly 
discovered gene, and no utility for the claimed isolated gene, the claimed invention is 
not patentable. [W]here the application discloses a specific, substantial, and credible 
utility for the claimed isolated and purified gene, the isolated and purified gene 
composition may be patentable.  

Id.  
 122. Id.  
 123. See Guidelines for Examination of Patent Applications Under the 35 U.S.C. 112, ¶ 1, 
�Written Description� Requirement, 66 Fed. Reg. 1099 (Jan. 6, 2001) (�These Guidelines 
supersede the ��Revised Interim Guidelines for Examination of Patent Applications Under the 
35 U.S.C. 112, ¶ 1 �Written Description� Requirement� that were published in the Federal 
Register at 64 FR 71427, Dec. 21, 1999, and in the Official Gazette at 1231 O.G. 123, Feb. 29, 
2000.�). 
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with respect to the patenting of ESTs and SNPs, the written 
description guidelines tracked Federal Circuit precedent closely.124 In 
this regard, the USPTO reiterated that patent claims to a nucleic acid 
drawn only by reference to its biological association or function, 
where the supporting disclosure provides no understanding of the 
chemical structure of the nucleic acid (such as the nucleotide 
sequence), would be unpatentable for lack of adequate written 
description.125 In short, patent protection would extend only to those 
inventions involving nucleic acids for which the patent applicants 
provided the public with both a proper understanding of the structure 
of the claimed nucleic acids, and the corresponding genetic 
knowledge they contained.126 

IV 

The Federal Circuit and its predecessor court expressed the 
necessity of those seeking a patent grant to provide the public with 
appropriate notice of the metes and bounds of their inventions and 
attendant exclusive rights.127 Similarly, the courts demanded that 
patent applicants be clear about their claimed inventions with respect 
to their required disclosures.128 

 
 124. A biomolecule sequence described only by a functional characteristic, without any 
known or disclosed correlation between that function and the structure of the sequence, 
normally is not a sufficient identifying characteristic for written description purposes, even 
when accompanied by a method of obtaining the claimed sequence. For example, even though a 
genetic code table would correlate a known amino acid sequence with a genus of coding nucleic 
acids, the same table cannot predict the native, naturally occurring nucleic acid sequence of a 
naturally occurring mRNA or its corresponding cDNA. The Federal Circuit pointed out that 
under U.S. law, a description that does not render a claimed invention obvious cannot 
sufficiently describe the invention for the purposes of the written description requirement of 35 
U.S.C. § 112. See Guidelines for Examination of Patent Applications Under the 35 U.S.C. 
§ 112, 711, �Written Description� Requirement, 66 Fed. Reg. at 1108 n.14. 
 125. Id.  
 126. Id.  
 127. See Festo Corp. v. Shoketsu Kinzoku Kogyo Kabushiki Co., Ltd., 234 F.3d 558, 575 
(Fed. Cir. 2000) (�[T]he notice function of patent claims has become paramount, and the need 
for certainty as to the scope of patent protection has been emphasized.�), cert. granted, 69 
U.S.L.W. 3779 (No. 00-1543) (U.S. June 18, 2001); see also infra note 128 and accompanying 
text (describing the significance of notice and guidance with respect to the written description 
requirement).  
 128. �It is an old custom in the woods to mark trails by making blaze marks on the trees. It 
is no help in finding a trail . . . to be confronted simply by a large number of unmarked trees.� 
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Promulgated in view of these Federal Circuit precedents, the 
recent rules set forth by the USPTO on the patentability standards of 
utility and written description, establish the need for the analogous 
degree of clarity in genetic discoveries and other biotechnology 
inventions.129 However, the USPTO appears to recognize that 
inventions involving nucleic acids possess distinct characteristics or 
structure and function that cannot be easily divorced from one 
another.130 

Although the forecast for judicial treatment of this technology 
might not be an optimistic one, it might be fair to say that any stormy 
weather should pass. Indeed, the resolution might owe as much to the 
progress of the science as it will to action by the USPTO and federal 
courts in governing the science. 

The likelihood exists that as increased competency in computer 
predictive modeling develops in bioinformatics and proteomics, a 
bare nucleotide sequence can reveal its biological significance. We 
should have every reason to trust that the isolation today of an 
otherwise nonsensical sequence of nucleotides will soon be 
supplanted by technology that simultaneously identifies a multiplicity 
of inherent characteristics that can perhaps indicate, inter alia, origin, 
function, and evolutionary lineage. As the state of the art achieves 
this hope, the patent system might find its treatment of such 
inventions in the future easier to reconcile than suspected today. 

 
In re Ruschig, 379 F.2d 990, 994-95 (C.C.P.A. 1967), quoted in Fujikawa v. Wattanasin, 93 
F.3d 1559, 1570 (Fed. Cir. 1996). 
 129. See supra notes 120-23 and accompanying text (discussing USPTO guidelines). 
 130. A DNA sequence�i.e., the sequence of base pairs making up a DNA molecule�is 
simply one of the properties of a DNA molecule. Like any descriptive property, a DNA 
sequence itself is not patentable. A purified DNA molecule isolated from its natural 
environment, on the other hand, is a chemical compound and is patentable if all the statutory 
requirements are met. An isolated and purified DNA molecule may meet the statutory utility 
requirement if, e.g., it can be used to produce a useful protein or it hybridizes near and serves as 
a marker for a disease gene. Therefore, a DNA molecule is not per se unpatentable for lack of 
utility, and each application claim must be examined on its own facts. Utility Examination 
Guidelines, 66 Fed. Reg. 1092, 1094 (Jan. 6, 2001).  
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CONCLUSION 

The release of the completed nucleotide sequence of the human 
genome represents the culmination of extraordinary efforts to 
demystify a fundamental question of who we are. The close of this 
phase of scientific endeavor, however, finds itself at the dawn of new 
progress towards comprehending the daunting volumes of genetic 
data the Human Genome Project uncovered. Bioinformatics and 
proteomics are such fields of research that will rise with the wave that 
the genomics surge started. 

Ownership of genetic discoveries is not a new occurrence. 
However, what is troubling for many is the developing possibility of 
patent protection for inventions involving nucleic acids with minimal, 
if any, teaching regarding the biological significance. The present 
controversy over patenting genes and gene fragments seems more 
principled where a patent applicant fails to couple genetic knowledge 
with the disclosure of the chemical structure of the claimed nucleic 
acid. 

The legal authority that will likely frame these issues focuses on 
the utility and written description requirements under the patent law. 
Applying existing case law, the USPTO and Federal Circuit should 
take the position that a patent claim to a bare nucleotide sequence, 
devoid of any indication of biological association or function, lacks 
utility. Similarly, a patent claim to a desired biological association or 
function, without the disclosure of a specific nucleic acid as defined 
by its nucleotide sequence, is not supported by an adequate written 
description. Under this interpretation of the statutory scheme, the 
patentability of a nucleic acid would depend upon a proper disclosure 
reflecting the merger between its characteristics as a chemical 
compound and a storage medium for biological information. 

As the fields of bioinformatics and proteomics develop, the 
separation between strategies of the past in patenting genes and gene 
fragments, and the agendas of the present and future in patenting 
ESTs and SNPs might begin to close. Where computer predictive 
modeling through bioinformatics and proteomics can provide 
meaning in the sense of biologic significance based on the nucleotide 
sequence alone, the public can begin to obtain the clearer knowledge 
benefit it demands in exchange for granting a temporary right of 
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exclusivity to the discoverer of the claimed nucleic acid. To the 
extent this convergence fails to occur, the USPTO and the federal 
courts must be mindful of the problematic consequences that can 
arise from approving or upholding patent claims where the 
supporting disclosure teaches only the nucleotide sequence of the 
nucleic acid, or only the biological association and function of the 
nucleic acid, but not both. Allowing and enforcing such claims in 
those circumstances would constitute an unreasonable extension of 
the patent right. 
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Abstract 
 
BACKGROUND: The recent flood of data from genome sequencing and functional 
genomics has given rise to new field, bioinformatics, which combines elements of 
biology and computer science. 
 
OBJECTIVES: Here we propose a definition for this new field and review some the 
research that is being pursued, particularly in relation to transcriptional regulatory 
systems. 
 
METHODS: Our definition is as follows: Bioinformatics is conceptualizing biology 
in terms of macromolecules (in the sense of physical-chemistry) and then applying 
"informatics" techniques (derived from disciplines such as applied maths, computer 
science, and statistics) to understand and organize the information associated with 
these molecules, on a large-scale.  
 
RESULTS & CONCLUSIONS: Analyses in bioinformatics predominantly focus on 
three types of large datasets available in molecular biology: macromolecular 
structures, genome sequences, and the results of functional genomics experiments 
(eg expression data). Additional information includes the text of scientific papers 
and "relationship data" from metabolic pathways, taxonomy trees, and protein-
protein interaction networks. Bioinformatics employs a wide range of computational 
topics including sequence and structural alignment, database design and data 
mining, macromolecular geometry, phylogenetic tree construction, prediction of 
protein structure and function, gene finding, and expression data clustering. The 
emphasis is on approaches that integrate a variety of computational techniques and 
heterogeneous data sources. Finally, bioinformatics is a practical discipline. We 
survey some representative applications, such as finding homologues, designing 
drugs, and performing large-scale censuses. Additional information pertinent to the 
review is available over the web at http://bioinfo.mbb.yale.edu/what-is-it. 
 
 



Introduction  
 
Biological data are being produced at a phenomenal rate (1). For example as of April 
2001, the GenBank repository of nucleic acid sequences contained 11,546,000 entries (2) 
and the SWISS-PROT database of protein sequences contained 95,320 (3). On average, 
these databases are doubling in size every 15 months (2). In addition, since the 
publication of the H. influenzae genome (4), complete sequences for nearly 300 
organisms have been released, ranging from 450 genes to over 100,000. Add to this the 
data from the myriad of related projects that study gene expression, determine the protein 
structures encoded by the genes, and detail how these products interact with one another, 
and we can begin to imagine the enormous quantity and variety of information that is 
being produced.  
 
As a result of this surge in data, computers have become indispensable to biological 
research.   Such an approach is ideal because of the ease with which computers can 
handle large quantities of data and probe the complex dynamics observed in nature. 
Bioinformatics, the subject of the current review, is often defined as the application of 
computational techniques to understand and organise the information associated with 
biological macromolecules. Figure 1 shows that the number of papers related to this new 
field has been surging, and now comprises almost 2% of the annual total of papers in 
PubMed.  
 
This unexpected union between the two subjects is largely attributed to the fact that life 
itself is an information technology; an organism's physiology is largely determined by its 
genes, which at its most basic can be viewed as digital information. At the same time, 
there have been major advances in the technologies that supply the initial data; Anthony 
Kervalage of Celera recently cited that an experimental laboratory can produce over 100 
gigabytes of data a day with ease (5). This incredible processing power has been matched 
by developments in computer technology; the most important areas of improvements 
have been in the CPU, disk storage and Internet, allowing faster computations, better data 
storage and revolutionalised the methods for accessing and exchanging data. 
 
Aims of bioinformatics 
 
In general, the aims of bioinformatics are three-fold. First, at its simplest bioinformatics 
organises data in a way that allows researchers to access existing information and to 
submit new entries as they are produced, eg the Protein Data Bank for 3D 
macromolecular structures (6, 7). While data-curation is an essential task, the information 
stored in these databases is essentially useless until analysed.  Thus the purpose of 
bioinformatics extends much further. The second aim is to develop tools and resources 
that aid in the analysis of data. For example, having sequenced a particular protein, it is 
of interest to compare it with previously characterised sequences.  
This needs more than just a simple text-based search and programs such as FASTA (8) 
and PSI-BLAST (9) must consider what constitutes a biologically significant match. 
Development of such resources dictates expertise in computational theory, as well as a 
thorough understanding of biology. The third aim is to use these tools to analyse the data 



and interpret the results in a biologically meaningful manner. Traditionally, biological 
studies examined individual systems in detail, and frequently compared them with a few 
that are related. In bioinformatics, we can now conduct global analyses of all the 
available data with the aim of uncovering common principles that apply across many 
systems and highlight novel features. 
 
In this review, we provide a systematic definition of bioinformatics as shown in Box 1. 
We focus on the first and third aims just described, with particular reference to the 
keywords: information, informatics, organisation, understanding, large-scale and 
practical applications. Specifically, we discuss the range of data that are currently being 
examined, the databases into which they are organised, the types of analyses that are 
being conducted using transcription regulatory systems as an example, and finally some 
of the major practical applications of bioinformatics. 
 
 
“…the INFORMATION associated with these molecules…” 
  
Table 1 lists the types of data that are analysed in bioinformatics and the range of topics 
that we consider to fall within the field. Here we take a broad view and include subjects 
that may not normally be listed. We also give approximate values describing the sizes of 
data being discussed.  
 
We start with an overview of the sources of information. Most bioinformatics analyses 
focus on three primary sources of data: DNA or protein sequences, macromolecular 
structures and the results of functional genomics experiments.  Raw DNA sequences are 
strings of the four base-letters comprising genes, each typically 1,000 bases long. The 
GenBank (2) repository of nucleic acid sequences currently holds a total of 12.5 billion 
bases in 11.5 million entries (all database figures as of April 2001). At the next level are 
protein sequences comprising strings of 20 amino acid-letters. At present there are about 
400,000 known protein sequences (3), with a typical bacterial protein containing 
approximately 300 amino acids. Macromolecular structural data represents a more 
complex form of information. There are currently 15,000 entries in the Protein Data 
Bank, PDB (6, 7), containing atomic structures of proteins, DNA and RNA solved by x-
ray crystallography and NMR. A typical PDB file for a medium-sized protein contains 
the xyz coordinates of approximately 2,000 atoms. 
 
Scientific euphoria has recently centred on whole genome sequencing. As with the raw 
DNA sequences, genomes consist of strings of base-letters, ranging from 1.6 million 
bases in Haemophilus influenzae (10) to 3 billion in humans (11, 12). The Entrez 
database (13) currently has complete sequences for nearly 300 archaeal, bacterial and 
eukaryotic organisms. In addition to producing the raw nucleotide sequence, a lot of work 
is involved in processing this data. An important aspect of complete genomes is the 
distinction between coding regions and non-coding regions –‘junk’ repetitive sequences 
making up the bulk of base sequences especially in eukaryotes. Within the coding 
regions, genes are annotated with their translated protein sequence, and often with their 
cellular function.  



 
More recent sources of data have been from functional genomics experiments, of which 
the most common are gene expression studies. We can now determine expression levels 
of almost every gene in a given cell on a whole-genome level, although there is currently 
no central repository for this data and public availability is limited. These experiments 
measure the amount of mRNA that is produced by the cell (14-18) under different 
environmental conditions, different stages of the cell cycle and different cell types in 
multi-cellular organisms. Much of the effort has so far focused on the yeast (19-24) and 
human genomes (25, 26). Currently the largest dataset for yeast has made approximately 
20 time-point measurements for 6,000 genes (19). However, there is potential for much 
greater quantities of data when experiments are conducted for larger organisms and at 
more time-points.  
 
Further genomic-scale data include biochemical information on metabolic pathways, 
regulatory networks, protein-protein interaction data from two-hybrid experiments, and 
systematic knockouts of individual genes to test the viability of an organism. 
 
What is apparent from this list is the diversity in the size and complexity of different 
datasets. There are invariably more sequence-based data than others because of the 
relative ease with which they can be produced. This is partly related to the greater 
complexity and information-content of individual structures or gene expression 
experiments compared to individual sequences. While more biological information can 
be derived from a single structure than a protein sequence, the lack of depth in the latter 
is remedied by analysing larger quantities of data. 
 
 
“… ORGANISE the information on a LARGE SCALE …” 
 
Redundancy and multiplicity of data 
 
A concept that underpins most research methods in bioinformatics is that much of this 
data can be grouped together based on biologically meaningful similarities. For example, 
sequence segments are often repeated at different positions of genomic DNA (27). Genes 
can be clustered into those with particular functions (eg enzymatic actions) or according 
to the metabolic pathway to which they belong (28), although here, single genes may 
actually possess several functions (29). Going further, distinct proteins frequently have 
comparable sequences – organisms often have multiple copies of a particular gene 
through duplication while different species have equivalent or similar proteins that were 
inherited when they diverged from each other in evolution. At a structural level, we 
predict there to be a finite number of different tertiary structures – estimates range 
between 1,000 and 10,000 folds (30, 31) – and proteins adopt equivalent structures even 
when they differ greatly in sequence (32). As a result, although the number of structures 
in the PDB has increased exponentially, the rate of discovery of novel folds has actually 
decreased.  
 



There are common terms to describe the relationship between pairs of proteins or the 
genes from which they are derived: analogous proteins have related folds, but unrelated 
sequences, while homologous proteins are both sequentially and structurally similar. The 
two categories can sometimes be difficult to distinguish especially if the relationship 
between the two proteins is remote (33, 34). Among homologues, it is useful to 
distinguish between orthologues, proteins in different species that have evolved from a 
common ancestral gene, and paralogues, proteins that are related by gene duplication 
within a genome (35). Normally, orthologues retain the same function while paralogues 
evolve distinct, but related functions (36). 
 
An important concept that arises from these observations is that of a finite “parts list” for 
different organisms (37-39): an inventory of proteins contained within an organism, 
arranged according to different properties such as gene sequence, protein fold or function. 
Taking protein folds as an example, we mentioned that with a few exceptions, the tertiary 
structures of proteins adopt one of a limited repertoire of folds. As the number of 
different fold families is considerably smaller than the number of gene families, 
categorising the proteins by fold provides a substantial simplification of the contents of a 
genome. Similar simplifications can be provided by other attributes such as protein 
function. As such, we expect this notion of a finite parts list to become increasingly 
common in the future genomic analyses. 
 
Clearly, an essential aspect of managing this large volume of data lies in developing 
methods for assessing similarities between different biomolecules and identifying those 
that are related. There are well-documented classifications for all of the main types of 
data we described earlier. Although detailed descriptions of these classification systems 
are beyond the scope of the current review, they are of great importance as they ease 
comparisons between genomes and their products. Links to the major databases are 
available from our supplementary website. 
 
Data integration 
 
The most profitable research in bioinformatics often results from integrating multiple 
sources of data (40). For instance, the 3D coordinates of a protein are more useful if 
combined with data about the protein’s function, occurrence in different genomes, and 
interactions with other molecules. In this way, individual pieces of information are put in 
context with respect to other data. Unfortunately, it is not always straightforward to 
access and cross-reference these sources of information because of differences in 
nomenclature and file formats.  
 
At a basic level, this problem is frequently addressed by providing external links to other 
databases, for example in PDBsum, web-pages for individual structures direct the user 
towards corresponding entries in the PDB, NDB, CATH, SCOP and SWISS-PROT 
databases. At a more advanced level, there have been efforts to integrate access across 
several data sources. One is the Sequence Retrieval System, SRS (41), which allows flat-
file databases to be indexed to each other; this allows the user to retrieve, link and access 
entries from nucleic acid, protein sequence, protein motif, protein structure and 



bibliographic databases. Another is the Entrez facility (42), which provides similar 
gateways to DNA and protein sequences, genome mapping data, 3D macromolecular 
structures and the PubMed bibliographic database (43). A search for a particular gene in 
either database will allow smooth transitions to the genome it comes from, the protein 
sequence it encodes, its structure, bibliographic reference and equivalent entries for all 
related genes. In our own group, we have developed the SPINE (44) and PartsList (39) 
web resources; these databases integrate many types of experimental data and organise 
them using the concept of the finite “parts list” we described above.  
 
 
“…UNDERSTAND and organise the information…” 
 
Having examined the data, we can discuss the types of analyses that are conducted. As 
shown in Table 1, the broad subject areas in bioinformatics can be separated according to 
the sources of information that are used in the studies. For raw DNA sequences, 
investigations involve separating coding and non-coding regions, and identification of 
introns, exons and promoter regions for annotating genomic DNA (45) (46). For protein 
sequences, analyses include developing algorithms for sequence comparisons (47), 
methods for producing multiple sequence alignments (48), and searching for functional 
domains from conserved sequence motifs in such alignments. Investigations of structural 
data include prediction of secondary and tertiary protein structures, producing methods 
for 3D structural alignments (49, 50), examining protein geometries using distance and 
angular measurements, calculations of surface and volume shapes and analysis of protein 
interactions with other subunits, DNA, RNA and smaller molecules. These studies have 
lead to molecular simulation topics in which structural data are used to calculate the 
energetics involved in stabilising macromolecular structures, simulating movements 
within macromolecules, and computing the energies involved in molecular docking. The 
increasing availability of annotated genomic sequences has resulted in the introduction of 
computational genomics and proteomics – large-scale analyses of complete genomes and 
the proteins that they encode. Research includes characterisation of protein content and 
metabolic pathways between different genomes, identification of interacting proteins, 
assignment and prediction of gene products, and large-scale analyses of gene expression 
levels. Some of these research topics will be demonstrated in our example analysis of 
transcription regulatory systems.  
 
Other subject areas we have included in Table 1 are development of digital libraries for 
automated bibliographical searches, knowledge bases of biological information from the 
literature, DNA analysis methods in forensics, prediction of nucleic acid structures, 
metabolic pathway simulations, and linkage analysis – linking specific genes to different 
disease traits.  
 
In addition to finding relationships between different proteins, much of bioinformatics 
involves the analysis of one type of data to infer and understand the observations for 
another type of data. An example is the use of sequence and structural data to predict the 
secondary and tertiary structures of new protein sequences (51). These methods, 
especially the former, are often based on statistical rules derived from structures, such as 



the propensity for certain amino acid sequences to produce different secondary structural 
elements. Another example is the use of structural data to understand a protein’s function; 
here studies have investigated the relationship different protein folds and their functions 
(52, 53) and analysed similarities between different binding sites in the absence of 
homology (54). Combined with similarity measurements, these studies provide us with an 
understanding of how much biological information can be accurately transferred between 
homologous proteins (55).   
 
The bioinformatics spectrum 
 
Figure 2 summarises the main points we raised in our discussions of organising and 
understanding biological data – the development of bioinformatics techniques has 
allowed an expansion of biological analysis in two dimension, depth and breadth. The 
first is represented by the vertical axis in the figure and outlines a possible approach to 
the rational drug design process. The aim is to take a single protein and follow through an 
analysis that maximises our understanding of the protein it encodes. Starting with a gene 
sequence, we can determine the protein sequence with strong certainty. From there, 
prediction algorithms can be used to calculate the structure adopted by the protein. 
Geometry calculations can define the shape of the protein’s surface and molecular 
simulations can determine the force fields surrounding the molecule. Finally, using 
docking algorithms, one could identify or design ligands that may bind the protein, 
paving the way for designing a drug that specifically alters the protein’s function. In 
practise, the intermediate steps are still difficult to achieve accurately, and they are best 
combined with experimental methods to obtain some of the data, for example 
characterising the structure of the protein of interest. 
 
The aims of the second dimension, the breadth in biological analysis, is to compare a 
gene with others. Initially, simple algorithms can be used to compare the sequences and 
structures of a pair of related proteins. With a larger number of proteins, improved 
algorithms can be used to produce multiple alignments, and extract sequence patterns or 
structural templates that define a family of proteins. Using this data, it is also possible to 
construct phylogenetic trees to trace the evolutionary path of proteins. Finally, with even 
more data, the information must be stored in large-scale databases. Comparisons become 
more complex, requiring multiple scoring schemes, and we are able to conduct genomic 
scale censuses that provide comprehensive statistical accounts of protein features, such as 
the abundance of particular structures or functions in different genomes. It also allows us 
to build phylogenetic trees that trace the evolution of whole organisms. 
 
 
“… applying INFORMATICS TECHNIQUES…” 
 
The distinct subject areas we mention require different types of informatics techniques. 
Briefly, for data organisation, the first biological databases were simple flat files. 
However with the increasing amount of information, relational database methods with 
Web-page interfaces have become increasingly popular. In sequence analysis, techniques 
include string comparison methods such as text search and one-dimensional alignment 



algorithms. Motif and pattern identification for multiple sequences depend on machine 
learning, clustering and data-mining techniques. 3D structural analysis techniques include 
Euclidean geometry calculations combined with basic application of physical chemistry, 
graphical representations of surfaces and volumes, and structural comparison and 3D 
matching methods. For molecular simulations, Newtonian mechanics, quantum 
mechanics, molecular mechanics and electrostatic calculations are applied. In many of 
these areas, the computational methods must be combined with good statistical analyses 
in order to provide an objective measure for the significance of the results.  
 
 
Transcription regulation – a case study in bioinformatics 
 
DNA-binding proteins have a central role in all aspects of genetic activity within an 
organism, participating in processes such as transcription, packaging, rearrangement, 
replication and repair. In this section, we focus on the studies that have contributed to our 
understanding of transcription regulation in different organisms. Through this example, 
we demonstrate how bioinformatics has been used to increase our knowledge of 
biological systems and also illustrate the practical applications of the different subject 
areas that were briefly outlined earlier. We start by considering structural analyses of how 
DNA-binding proteins recognise particular base sequences. Later, we review several 
genomic studies that have characterised the nature of transcription factors in different 
organisms, and the methods that have been used to identify regulatory binding sites in the 
upstream regions. Finally, we provide an overview of gene expression analyses that have 
been recently conducted and suggest future uses of transcription regulatory analyses to 
rationalise the observations made in gene expression experiments. All the results that we 
describe have been found through computational studies. 
 
Structural studies 
 
As of August 2000, there were 379 structures of protein-DNA complexes in the PDB. 
Analyses of these structures have provided valuable insight into the stereochemical 
principles of binding, including how particular base sequences are recognized and how 
the DNA structure is quite often modified on binding.  
 
A structural taxonomy of DNA-binding proteins, similar to that presented in SCOP and 
CATH, was first proposed by Harrison (56) and periodically updated to accommodate 
new structures as they are solved (57). The classification consists of a two-tier system: 
the first level collects proteins into eight groups that share gross structural features for 
DNA-binding, and the second comprises 54 families of proteins that are structurally 
homologous to each other. Assembly of such a system simplifies the comparison of 
different binding methods; it highlights the diversity of protein-DNA complex geometries 
found in nature, but also underlines the importance of interactions between α-helices and 
the DNA major groove, the main mode of binding in over half the protein families. While 
the number of structures represented in the PDB does not necessarily reflect the relative 
importance of the different proteins in the cell, it is clear that helix-turn-helix, zinc-
coordinating and leucine zipper motifs are used repeatedly. This provides compact 



frameworks that present the α-helix on the surfaces of structurally diverse proteins. At a 
gross level, it is possible to highlight the differences between transcription factor domains 
that “just” bind DNA and those involved in catalysis (58). Although there are exceptions, 
the former typically approach the DNA from a single face and slot into the grooves to 
interact with base edges. The latter commonly envelope the substrate, using complex 
networks of secondary structures and loops. 
 
Focusing on proteins with α-helices, the structures show many variations, both in amino 
acid sequences and detailed geometry. They have clearly evolved independently in 
accordance with the requirements of the context in which they are found. While 
achieving a close fit between the α-helix and major groove, there is enough flexibility to 
allow both the protein and DNA to adopt distinct conformations. However, several 
studies that analysed the binding geometries of α-helices demonstrated that most adopt 
fairly uniform conformations regardless of protein family. They are commonly inserted in 
the major groove sideways, with their lengthwise axis roughly parallel to the slope 
outlined by the DNA backbone. Most start with the N-terminus in the groove and extend 
out, completing two to three turns within contacting distance of the nucleic acid (59, 60).  
 
Given the similar binding orientations, it is surprising to find that the interactions 
between each amino acid position along the α-helices and nucleotides on the DNA vary 
considerably between different protein families. However, by classifying the amino acids 
according to the sizes of their side chains, we are able to rationalise the different 
interactions patterns. The rules of interactions are based on the simple premise that for a 
given residue position on α-helices in similar conformations, small amino acids interact 
with nucleotides that are close in distance and large amino acids with those that are 
further (60, 61). Equivalent studies for binding by other structural motifs, like β-hairpins, 
have also been conducted (62). When considering these interactions, it is important to 
remember that different regions of the protein surface also provide interfaces with the 
DNA. 
 
This brings us to look at the atomic level interactions between individual amino acid-base 
pairs. Such analyses are based on the premise that a significant proportion of specific 
DNA-binding could be rationalised by a universal code of recognition between amino 
acids and bases, ie whether certain protein residues preferably interact with particular 
nucleotides regardless of the type of protein-DNA complex (63).  Studies have 
considered hydrogen bonds, van der Waals contacts and water-mediated bonds (64-66). 
Results showed that about 2/3 of all interactions are with the DNA backbone and that 
their main role is one of sequence-independent stabilisation. In contrast, interactions with 
bases display some strong preferences, including the interactions of arginine or lysine 
with guanine, asparagine or glutamine with adenine and threonine with thymine. Such 
preferences were explained through examination of the stereochemistry of the amino acid 
side chains and base edges. Also highlighted were more complex types of interactions 
where single amino acids contact more than one base-step simultaneously, thus 
recognising a short DNA sequence. These results suggested that universal specificity, one 
that is observed across all protein-DNA complexes, indeed exists. However, many 



interactions that are normally considered to be non-specific, such as those with the DNA 
backbone, can also provide specificity depending on the context in which they are made.  
 
Armed with an understanding of protein structure, DNA-binding motifs and side chain 
stereochemistry, a major application has been the prediction of binding either by proteins 
known to contain a particular motif, or those with structures solved in the uncomplexed 
form. Most common are predictions for α-helix-major groove interactions – given the 
amino acid sequence, what DNA sequence would it recognise (61, 67). In a different 
approach, molecular simulation techniques have been used to dock whole proteins and 
DNAs on the basis of force-field calculations around the two molecules (68, 69). 
 
The reason that both methods have only been met with limited success is because even 
for apparently simple cases like α-helix-binding, there are many other factors that must 
be considered. Comparisons between bound and unbound nucleic acid structures show 
that DNA-bending is a common feature of complexes formed with transcription factors 
(58, 70). This and other factors such as electrostatic and cation-mediated interactions 
assist indirect recognition of the nucleotide sequence, although they are not well 
understood yet. Therefore, it is now clear that detailed rules for specific DNA-binding 
will be family specific, but with underlying trends such as the arginine-guanine 
interactions.  
 
Genomic studies 
 
Due to the wealth of biochemical data that are available, genomic studies in 
bioinformatics have concentrated on model organisms, and the analysis of regulatory 
systems has been no exception. Identification of transcription factors in genomes 
invariably depends on similarity search strategies, which assume a functional and 
evolutionary relationship between homologous proteins. In E. coli, studies have so far 
estimated a total of 300 to 500 transcription regulators (71) and PEDANT (72), a 
database of automatically assigned gene functions, shows that typically 2-3% of 
prokaryotic and 6-7% of eukaryotic genomes comprise DNA-binding proteins. As 
assignments were only complete for 40-60% of genomes as of August 2000, these figures 
most likely underestimate the actual number.  Nonetheless, they already represent a large 
quantity of proteins and it is clear that there are more transcription regulators in 
eukaryotes than other species. This is unsurprising, considering the organisms have 
developed a relatively sophisticated transcription mechanism. 
 
From the conclusions of the structural studies, the best strategy for characterising DNA-
binding of the putative transcription factors in each genome is to group them by 
homology and analyse the individual families. Such classifications are provided in the 
secondary sequence databases described earlier and also those that specialise in 
regulatory proteins such as RegulonDB (73) and TRANSFAC (74). Of even greater use is 
the provision of structural assignments to the proteins; given a transcription factor, it is 
helpful to know the structural motif that it uses for binding, therefore providing us with a 
better understanding of how it recognises the target sequence. Structural genomics 
through bioinformatics assigns structures to the protein products of genomes by 



demonstrating similarity to proteins of known structure (75). These studies have shown 
that prokaryotic transcription factors most frequently contain helix-turn-helix motifs (71, 
76) and eukaryotic factors contain homeodomain type helix-turn-helix, zinc finger or 
leucine zipper motifs. From the protein classifications in each genome, it is clear that 
different types of regulatory proteins differ in abundance and families significantly differ 
in size. A study by Huynen and van Nimwegen (77) has shown that members of a single 
family have similar functions, but as the requirements of this function vary over time, so 
does the presence of each gene family in the genome.  
 
Most recently, using a combination of sequence and structural data, we examined the 
conservation of amino acid sequences between related DNA-binding proteins, and the 
effect that mutations have on DNA sequence recognition. The structural families 
described above were expanded to include proteins that are related by sequence 
similarity, but whose structures remain unsolved. Again, members of the same family are 
homologous, and probably derive from a common ancestor.  
 
Amino acid conservations were calculated for the multiple sequence alignments of each 
family (78). Generally, alignment positions that interact with the DNA are better 
conserved than the rest of the protein surface, although the detailed patterns of 
conservation are quite complex. Residues that contact the DNA backbone are highly 
conserved in all protein families, providing a set of stabilising interactions that are 
common to all homologous proteins. The conservation of alignment positions that contact 
bases, and recognise the DNA sequence, are more complex and could be rationalised by 
defining a 3-class model for DNA-binding. First, protein families that bind non-
specifically usually contain several conserved base-contacting residues; without 
exception, interactions are made in the minor groove where there is little discrimination 
between base types. The contacts are commonly used to stabilise deformations in the 
nucleic acid structure, particularly in widening the DNA minor groove. The second class 
comprise families whose members all target the same nucleotide sequence; here, base-
contacting positions are absolutely or highly conserved allowing related proteins to target 
the same sequence.  
 
The third, and most interesting, class comprises families in which binding is also specific 
but different members bind distinct base sequences. Here protein residues undergo 
frequent mutations, and family members can be divided into subfamilies according to the 
amino acid sequences at base-contacting positions; those in the same subfamily are 
predicted to bind the same DNA sequence and those of different subfamilies to bind 
distinct sequences. On the whole, the subfamilies corresponded well with the proteins’ 
functions and members of the same subfamilies were found to regulate similar 
transcription pathways. The combined analysis of sequence and structural data described 
by this study provided an insight into how homologous DNA-binding scaffolds achieve 
different specificities by altering their amino acid sequences. In doing so, proteins 
evolved distinct functions, therefore allowing structurally related transcription factors to 
regulate expression of different genes. Therefore, the relative abundance of transcription 
regulatory families in a genome depends, not only on the importance of a particular 
protein function, but also in the adaptability of the DNA-binding motifs to recognise 



distinct nucleotide sequences. This, in turn, appears to be best accommodated by simple 
binding motifs, such as the zinc fingers. 
 
Given the knowledge of the transcription regulators that are contained in each organism, 
and an understanding of how they recognise DNA sequences, it is of interest to search for 
their potential binding sites within genome sequences (79). For prokaryotes, most 
analyses have involved compiling data on experimentally known binding sites for 
particular proteins and building a consensus sequence that incorporates any variations in 
nucleotides. Additional sites are found by conducting word-matching searches over the 
entire genome and scoring candidate sites by similarity (80-83). Unsurprisingly, most of 
the predicted sites are found in non-coding regions of the DNA (80) and the results of the 
studies are often presented in databases such as RegulonDB (73). The consensus search 
approach is often complemented by comparative genomic studies searching upstream 
regions of orthologous genes in closely related organisms. Through such an approach, it 
was found that at least 27% of known E. coli DNA-regulatory motifs are conserved in 
one or more distantly related bacteria (84). 
 
The detection of regulatory sites in eukaryotes poses a more difficult problem because 
consensus sequences tend to be much shorter, variable, and dispersed over very large 
distances. However, initial studies in S. cerevisiae provided an interesting observation for 
the GATA protein in nitrogen metabolism regulation. While the 5 base-pair GATA 
consensus sequence is found almost everywhere in the genome, a single isolated binding 
site is insufficient to exert the regulatory function (85). Therefore specificity of GATA 
activity comes from the repetition of the consensus sequence within the upstream regions 
of controlled genes in multiple copies. An initial study has used this observation to 
predict new regulatory sites by searching for over-represented oligonucleotides in non-
coding regions of yeast and worm genomes (86, 87). 
 
Having detected the regulatory binding sites, there is the problem of defining the genes 
that are actually regulated, commonly termed regulons. Generally, binding sites are 
assumed to be located directly upstream of the regulons; however there are different 
problems associated with this assumption depending on the organism. For prokaryotes, it 
is complicated by the presence of operons; it is difficult to locate the regulated gene 
within an operon since it can lie several genes downstream of the regulatory sequence. It 
is often difficult to predict the organisation of operons (88), especially to define the gene 
that is found at the head, and there is often a lack of long-range conservation in gene 
order between related organisms (89). The problem in eukaryotes is even more severe; 
regulatory sites often act in both directions, binding sites are usually distant from 
regulons because of large intergenic regions, and transcription regulation is usually a 
result of combined action by multiple transcription factors in a combinatorial manner. 
 
Despite these problems, these studies have succeeded in confirming the transcription 
regulatory pathways of well-characterised systems such as the heat shock response 
system (83). In addition, it is feasible to experimentally verify any predictions, most 
notably using gene expression data. 



 
Gene expression studies 
 
Many expression studies have so far focused on devising methods to cluster genes by 
similarities in expression profiles. This is in order to determine the proteins that are 
expressed together under different cellular conditions. Briefly, the most common methods 
are hierarchical clustering, self-organising maps, and K-means clustering. Hierarchical 
methods originally derived from algorithms to construct phylogenetic trees, and group 
genes in a “bottom-up” fashion; genes with the most similar expression profiles are 
clustered first, and those with more diverse profiles are included iteratively (90-92). In 
contrast, the self-organising map (93, 94) and K-means methods (95, 96) employ a “top-
down” approach in which the user pre-defines the number of clusters for the dataset. The 
clusters are initially assigned randomly, and the genes are regrouped iteratively until they 
are optimally clustered.  
 
Given these methods, it is of interest to relate the expression data to other attributes such 
as structure, function and subcellular localisation of each gene product. Mapping these 
properties provides an insight into the characteristics of proteins that are expressed 
together, and also suggest some interesting conclusions about the overall biochemistry of 
the cell. In yeast, shorter proteins tend to be more highly expressed than longer proteins, 
probably because of the relative ease with which they are produced (97). Looking at the 
amino acid content, highly expressed genes are generally enriched in alanine and glycine, 
and depleted in asparagine; these are thought to reflect the requirements of amino acid 
usage in the organism, where synthesis of alanine and glycine are energetically less 
expensive than asparagine. Turning to protein structure, expression levels of the TIM 
barrel and NTP hydrolase folds are highest, while those for the leucine zipper, zinc finger 
and transmembrane helix-containing folds are lowest. This relates to the functions 
associated with these folds; the former are commonly involved in metabolic pathways 
and the latter in signalling or transport processes (98). This is also reflected in the 
relationship with subcellular localisations of proteins, where expression of cytoplasmic 
proteins is high, but nuclear and membrane proteins tend to be low (99, 100). 
 
More complex relationships have also been assessed. Conventional wisdom is that gene 
products that interact with each other are more likely to have similar expression profiles 
than if they do not (101, 102). However, a recent study showed that this relationship is 
not so simple (103). While expression profiles are similar for gene products that are 
permanently associated, for example in the large ribosomal subunit, profiles differ 
significantly for products that are only associated transiently, including those belonging 
to the same metabolic pathway.  
 
As described below, one of the main driving forces behind expression analysis has been 
to analyse cancerous cell lines (104). In general, it has been shown that different cell lines 
(eg epithelial and ovarian cells) can be distinguished on the basis of their expression 
profiles, and that these profiles are maintained when cells are transferred from an in vivo 
to an in vitro environment (105). The basis for their physiological differences were 
apparent in the expression of specific genes; for example, expression levels of gene 



products necessary for progression through the cell cycle, especially ribosomal genes, 
correlated well with variations in cell proliferation rate. Comparative analysis can be 
extended to tumour cells, in which the underlying causes of cancer can be uncovered by 
pinpointing areas of biological variations compared to normal cells. For example in 
breast cancer, genes related to cell proliferation and the IFN-regulated signal transduction 
pathway were found to be upregulated (25, 106). One of the difficulties in cancer 
treatment has been to target specific therapies to pathogenetically distinct tumour types, 
in order to maximise efficacy and minimise toxicity. Thus, improvements in cancer 
classifications have been central to advances in cancer treatment. Although the distinction 
between different forms of cancer – for example subclasses of acute leukaemia – has 
been well established, it is still not possible to establish a clinical diagnosis on the basis 
of a single test.  In a recent study, acute myeloid leukaemia and acute lymphoblastic 
leukaemia were successfully distinguished based on the expression profiles of these cells 
(26). As the approach does not require prior biological knowledge of the diseases, it may 
provide a generic strategy for classifying all types of cancer.  
 
Clearly, an essential aspect of understanding expression data lies in understanding the 
basis of transcription regulation. However, analysis in this area is still limited to 
preliminary analyses of expression levels in yeast mutants lacking key components of the 
transcription initiation complex (19, 107). 
 
 
“… many PRACTICAL APPLICATIONS…” 
 
Here, we describe some of the major uses of bioinformatics.  
 
Finding Homologues 
 
As described earlier, one of the driving forces behind bioinformatics is the search for 
similarities between different biomolecules. Apart from enabling systematic organisation 
of data, identification of protein homologues has some direct practical uses. The most 
obvious is transferring information between related proteins. For example, given a poorly 
characterised protein, it is possible to search for homologues that are better understood 
and with caution, apply some of the knowledge of the latter to the former. Specifically 
with structural data, theoretical models of proteins are usually based on experimentally 
solved structures of close homologues (108). Similar techniques are used in fold 
recognition in which tertiary structure predictions depend on finding structures of remote 
homologues and checking whether the prediction is energetically viable (109). Where 
biochemical or structural data are lacking, studies could be made in low-level organisms 
like yeast and the results applied to homologues in higher-level organisms such as 
humans, where experiments are more demanding.  
 
An equivalent approach is also employed in genomics. Homologue-finding is extensively 
used to confirm coding regions in newly sequenced genomes and functional data is 
frequently transferred to annotate individual genes. On a larger scale, it also simplifies 
the problem of understanding complex genomes by analysing simple organisms first and 



then applying the same principles to more complicated ones – this is one reason why 
early structural genomics projects focused on Mycoplasma genitalium (75). 
 
Ironically, the same idea can be applied in reverse. Potential drug targets are quickly 
discovered by checking whether homologues of essential microbial proteins are missing 
in humans. On a smaller scale, structural differences between similar proteins may be 
harnessed to design drug molecules that specifically bind to one structure but not another. 
 
Rational Drug Design 
 
One of the earliest medical applications of bioinformatics has been in aiding rational drug 
design. Figure 3 outlines the commonly cited approach, taking the MLH1 gene product as 
an example drug target. MLH1 is a human gene encoding a mismatch repair protein 
(mmr) situated on the short arm of chromosome 3 (110). Through linkage analysis and its 
similarity to mmr genes in mice, the gene has been implicated in nonpolyposis colorectal 
cancer (111). Given the nucleotide sequence, the probable amino acid sequence of the 
encoded protein can be determined using translation software. Sequence search 
techniques can then be used to find homologues in model organisms, and based on 
sequence similarity, it is possible to model the structure of the human protein on 
experimentally characterised structures. Finally, docking algorithms could design 
molecules that could bind the model structure, leading the way for biochemical assays to 
test their biological activity on the actual protein. 
 
Large-scale censuses 
 
Although databases can efficiently store all the information related to genomes, structures 
and expression datasets, it is useful to condense all this information into understandable 
trends and facts that users can readily understand. Broad generalisations help identify 
interesting subject areas for further detailed analysis, and place new observations in a 
proper context. This enables one to see whether they are unusual in any way.  
 
Through these large-scale censuses, one can address a number of evolutionary, 
biochemical and biophysical questions. For example, are specific protein folds associated 
with certain phylogenetic groups? How common are different folds within particular 
organisms? And to what degree are folds shared between related organisms? Does this 
extent of sharing parallel measures of relatedness derived from traditional evolutionary 
trees? Initial studies show that the frequency of folds differs greatly between organisms 
and that the sharing of folds between organisms does in fact follow traditional 
phylogenetic classifications (37, 112, 113). We can also integrate data on protein 
functions; given that the particular protein folds are often related to specific biochemical 
functions (52, 53), these findings highlight the diversity of metabolic pathways in 
different organisms (36, 89).  
 
As we discussed earlier, one of the most exciting new sources of genomic information is 
the expression data. Combining expression information with structural and functional 
classifications of proteins we can ask whether the high occurrence of a protein fold in a 



genome is indicative of high expression levels (97). Further genomic scale data that we 
can consider in large-scale surveys include the subcellular localisations of proteins and 
their interactions with each other (114-116). In conjunction with structural data, we can 
then begin to compile a map of all protein-protein interactions in an organism. 
 
Conclusions 
 
With the current deluge of data, computational methods have become indispensable to 
biological investigations. Originally developed for the analysis of biological sequences, 
bioinformatics now encompasses a wide range of subject areas including structural 
biology, genomics and gene expression studies. In this review, we provided an 
introduction and overview of the current state of field. In particular, we discussed the 
types of biological information and databases that are commonly used, examined some of 
the studies that are being conducted – with reference to transcription regulatory systems – 
and finally looked at several practical applications of the field.  
 
Two principal approaches underpin all studies in bioinformatics. First is that of 
comparing and grouping the data according to biologically meaningful similarities and 
second, that of analysing one type of data to infer and understand the observations for 
another type of data. These approaches are reflected in the main aims of the field, which 
are to understand and organise the information associated with biological molecules on a 
large scale. As a result, bioinformatics has not only provided greater depth to biological 
investigations, but added the dimension of breadth as well. In this way, we are able to 
examine individual systems in detail and also compare them with those that are related in 
order to uncover common principles that apply across many systems and highlight 
unusual features that are unique to some.  
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Tables 
 
Data source Data size Bioinformatics topics 
Raw DNA sequence 
 
 
 
 
Protein sequence 
 
 
 
Macromolecular  
structure 
 
 
 
 
 
 
 
 
 
Genomes 
 
 
 
 
 
 
Gene expression 
 

11.5 million sequences 
(12.5 billion bases) 
 
 
 
400,000 sequences 
(~300 amino acids 
each) 
 
15,000 structures 
(~1,000 atomic 
coordinates each) 
 
 
 
 
 
 
 
 
300 complete genomes 
(1.6 million –  
3 billion bases each) 
 
 
 
 
largest: ~20 time point 
measurements for 
~6,000 genes in yeast 
 
 

Separating coding and non-coding regions 
Identification of introns and exons 
Gene product prediction 
Forensic analysis 
 
Sequence comparison algorithms 
Multiple sequence alignments algorithms 
Identification of conserved sequence motifs 
 
Secondary, tertiary structure prediction 
3D structural alignment algorithms 
Protein geometry measurements 
Surface and volume shape calculations 
Intermolecular interactions 
 
Molecular simulations 
(force-field calculations,  
molecular movements,  
docking predictions) 
 
Characterisation of repeats 
Structural assignments to genes 
Phylogenetic analysis 
Genomic-scale censuses 
(characterisation of protein content, metabolic pathways) 
Linkage analysis relating specific genes to diseases 
 
Correlating expression patterns 
Mapping expression data to sequence, structural and 
biochemical data 

Other data 
 
Literature 
 
 
Metabolic pathways 

 
 
11 million citations 

 
 
Digital libraries for automated bibliographical searches 
Knowledge databases of data from literature 
 
Pathway simulations 
 

 
Table 1. Sources of data used in bioinformatics, the quantity of each type of data that is currently (April 
2001) available, and bioinformatics subject areas that utilise this data. 
 
 
 
 



Figure Legends 
 
Figure 1. Plot showing the growth of scientific publications in bioinformatics between 
1973 and 2000. The histogram bars (left vertical axis) counts the total number of 
scientific articles relating to bioinformatics, and the black line (right vertical axis) gives 
the percentage of the annual total of articles relating to bioinformatics. The data are taken 
from PubMed. 
 
Figure 2. Paradigm shifts during the past couple of decades have taken much of biology 
away from the laboratory bench and have allowed the integration of other scientific 
disciplines, specifically computing. The result is an expansion of biological research in 
breadth and depth. The vertical axis demonstrates how bioinformatics can aid rational 
drug design with minimal work in the wet lab. Starting with a single gene sequence, we 
can determine with strong certainty, the protein sequence. From there, we can determine 
the structure using structure prediction techniques. With geometry calculations, we can 
further resolve the protein’s surface and through molecular simulation determine the 
force fields surrounding the molecule. Finally docking algorithms can provide predictions 
of the ligands that will bind on the protein surface, thus paving the way for the design of 
a drug specific to that molecule. The horizontal axis shows how the influx of biological 
data and advances in computer technology have broadened the scope of biology. Initially 
with a pair of proteins, we can make comparisons between the between sequences and 
structures of evolutionary related proteins. With more data, algorithms for multiple 
alignments of several proteins become necessary. Using multiple sequences, we can also 
create phylogenetic trees to trace the evolutionary development of the proteins in 
question. Finally, with the deluge of data we currently face, we need to construct large 
databases to store, view and deconstruct the information. Alignments now become more 
complex, requiring sophisticated scoring schemes and there is enough data to compile a 
genome census – a genomic equivalent of a population census – providing 
comprehensive statistical accounting of protein features in genomes. 
 
  
Figure 3. Above is a schematic outlining how scientists can use bioinformatics to aid 
rational drug discovery. MLH1 is a human gene encoding a mismatch repair protein 
(mmr) situated on the short arm of chromosome 3. Through linkage analysis and its 
similarity to mmr genes in mice, the gene has been implicated in nonpolyposis colorectal 
cancer. Given the nucleotide sequence, the probable amino acid sequence of the encoded 
protein can be determined using translation software. Sequence search techniques can be 
used to find homologues in model organisms, and based on sequence similarity, it is 
possible to model the structure of the human protein on experimentally characterised 
structures. Finally, docking algorithms could design molecules that could bind the model 
structure, leading the way for biochemical assays to test their biological activity on the 
actual protein. 
 



Bioinformatics – a definition1 
 
 
 
 
 
 
 
 
1As submitted to the Oxford English Dictionary. 

                                                 
1 As submitted to the Oxford English Dictionary 

(Molecular) bio – informatics: bioinformatics is conceptualising biology in terms of 
molecules (in the sense of physical chemistry) and applying “informatics techniques” 
(derived from disciplines such as applied maths, computer science and statistics) to
understand and organise the information associated with these molecules, on a large 
scale. In short, bioinformatics is a management information system for molecular biology 
and has many practical applications. 
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ABSTRACT: Atomistic, coarse-

grain, and mesoscopic computer

simulation methods applied re-

cently to the study of block copol-

ymer assemblies in solution are

reviewed. At the atomic level, par-

ticle-based simulations have pro-

vided insight into specific inter-

actions such as hydrogen bond-

ing between polymer and water.

Coarse-grain models have given a

generalized view of the conforma-

tions of polymer chains in solvents

of different qualities by grouping

clusters of atoms into effective

interaction sites. Mesoscopic self-

consistent field theory allows for

the study of the phase diagram of

block copolymers in water using a

mean-field continuum description.

Advances in and results with these

methodologies are presented along

with present challenges. VVC 2006
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INTRODUCTION

Copolymers which are composed of at least one hydro-

philic and one hydrophobic block have been widely seen

in experiments to self-assemble in water to yield a variety

of morphologies. The two driving forces for organization

are the difference in solubility of the blocks and the con-

straint imposed by the chemical linkage between the

blocks. Polymers used thus far for the hydrophobic

block(s) include inert polyethylethylene (PEE), polystyrene

(PS) and polybutadiene (PBD), and degradable polylactic

acid (PLA) and polycaprolactone (PCL), while common

hydrophilic blocks are polyacrylic acid (PAA), polymethyl-

oxazoline (PMOXA), and polyethylene oxide (PEO), the

latter of which is widely used for biological applications.

Explicit computer simulations of such polymeric sys-

tems can be a challenge because of the high molecular

weights intrinsic to polymers, as well as the need for

explicit water and large system sizes. Nonetheless, the

challenges across various length scales (Fig. 1) are be-

ginning to be met as highlighted here.

Classically, the relative lengths of the blocks can be

described by a packing parameter defined as v/aolc,
where v is the volume of the hydrophobic segment, ao
is the effective cross-sectional area of the hydrophilic

group, and lc is the chain length of the hydrophobic

block normal to the interface.1 A packing parameter

less than 1/3 is characteristic of spherical micelles; a

value between 1/3 and 1/2 gives cylindrical micelles; a

value between 1/2 and 1 corresponds to vesicles;

lamellae form at a value of 1, and inverted structures

are observed at values greater than 1. In addition, other

morphologies have been observed, such as tubules, Y-

junctions, onions and hollow shells. The mechanisms

of assembly for many of these morphologies are still

unclear and are under investigation by many groups.

For example, it has been proposed that vesicles formed

by diblock copolymers are thermodynamically stabi-

lized by segregation of polydisperse chains to the inner

or outer leaflet of the membrane, based on their hydro-

philic-to-hydrophobic block length ratio.2,3 Computer

simulations can help elucidate morphological de-

terminants, including the effects of polydispersity and

other variables on mechanisms of self-assembly.

The diversity of structures obtainable from aqueous

block copolymer assemblies are already too numerous

to elaborate, but many have inspired a focus on biolog-

ical application. Crosslinked di- and triblock copoly-

mer vesicles can be used to prepare hollow nano-

spheres for the controlled release of an encapsulated

drug in the bloodstream.4,5 Channel-forming transmem-

brane proteins have been incorporated within triblock

copolymer planar membranes6 and vesicles.7 Respon-

sive nanocapsules can be fabricated containing these
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Figure 1. Length scales accessible (in meters) with differ-

ent computer simulation methods for polymeric systems. The

atomistic scale allows for the simulation of solvated single

chains, a coarse-grain description can be used for simulation

of a membrane patch, DPD permits the simulation of entire

vesicles, and SCFT gives access to complex morphologies.
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channels, and these have great potential for targeted

drug delivery and diagnostics.8 In addition, experi-

ments on the incorporation of several channel-forming

peptides into diblock copolymer membranes of various

thicknesses have been used to study the effects of hy-

drophobic mismatch on the activity of these proteins.9

Work on PEO–PEE vesicles has confirmed their capa-

bilities to encapsulate proteins,10 as well as their long-

term stability in the blood plasma and nontoxicity to

cells. By combining encapsulation strategies with

membranes decorated with transmembrane protein

channels, block copolymer vesicles have been used as

nanoreactors.7,11 These function by allowing substrates

into the vesicle under reversible voltage gating of the

channels, where they are acted upon by an encapsulated

enzyme. Another promising direction for controlled

release is to use a degradable hydrophobic block which

causes destabilization of the assembly with time. Oxida-

tion of polypropylene sulfide (PPS) changes it nature

from hydrophobic to hydrophilic, resulting in the

breakup of vesicles constructed from PEO–PPS–PEO tri-

block copolymers.12,13 Hydrolysis of PLA changes the

preferred conformation of PEO–PLA diblock chains,

making them more surfactant-like. This results in pora-

tion and hydrophobic or hydrophilic drug release from

worm-like micelles or vesicles.14–17 Even though the ex-

perimental settings are usually complex, computer simu-

lations can play an important role in gaining detailed

insights into structures and also in offering new design

strategies.

Many applications are enabled by the improved me-

chanical properties that block copolymers impart to the

assemblies over their lipid counterparts. Experimental

characterization of block copolymer assemblies includes

measurements on toughness, elasticity and bending rigid-

ity, permeability and fluidity, interfacial viscosity, as well

as their dependence on variables such as block length

and crosslinking. Pipette aspiration results18 showed that

diblock copolymer membranes have similar area expan-

sion moduli as lipid membranes, but their toughness

(defined as the stored energy at which membrane rupture

occurs) extends to �20% area strain, while lipid mem-

branes can support strains of only �5%. A study19 on

the bending rigidity of diblock copolymer membranes

reported a quadratic scaling with increasing hydrophobic

thickness, with values similar to that of lipid membranes

for comparable molecular weights. The shear viscosity

was found to be about 500 times larger than that of lipid

membranes.20 The ability to increase the hydrophobic

thickness makes block copolymer membranes less perme-

able to water than lipid membranes.10 Electroporation

and other rupture techniques have allowed for studies of

the dynamics of pore healing and more generally the de-

formation and hydrodynamic behavior of diblock copoly-

mer vesicles.21 FRAP studies18 of probe molecules in

diblock copolymer membranes have shown a decrease in

the mobility parallel to the membrane plane with increas-

ing molecular weight. At high molecular weights, chain

entanglement leads to a crossover from Rouse to repta-

tion dynamics, strongly influencing diffusivity. Computer

modeling, along with theory and experiment, can perhaps

provide a unified view and a set of general rules for the

behavior of segregated block copolymer systems.

This review provides a summary of some of the com-

puter modeling work aimed at understanding block copoly-

mer assemblies in solution. These efforts fall naturally into

categories that are defined by the level of resolution used

to describe the interactions between the molecules, since

they provide different information about the system

according to the limitations and assumptions made in each

technique. Each category is briefly described in the follow-

ing sections, along with a summary of published work.

The second section treats work done with computer simu-

lations at the atomistic level, the third section presents

coarse-grained approaches, and the fourth section reviews

work done with self-consistent field (SCFT) theory calcula-

tions. The final section concludes with a summary of

accomplishments and challenges that need to be overcome

to make significant advances.

ATOMISTIC LEVEL

In atomistic modeling, all the atoms in the system are ex-

plicitly represented and the interactions are usually quanti-

fied by potentials for chemical bonds, bond angles, dihe-

dral angle torsions, electrostatics, and nonbonded (Van der

Waals) interactions. The nonbonded interactions are often

described using pairwise Lennard-Jones potentials, bonds

and angles are described by harmonic potentials, torsions

are usually represented with a truncated Fourier series, and

electrostatics by Coulomb potentials. Two widely used pa-

rameter sets are CHARMM22 and Amber,23 but these are

both optimized for biological systems near 300 K and do

not treat certain functional groups needed to model syn-

thetic polymers. OPLS24 is a more appropriate choice for

the simulation of block copolymer systems, because it was

built for modeling organic molecules.

Given the atoms and interactions, molecular dynamics

(MD) involves solving Newton’s equations of motion for

a collection of atoms with the force obtained from the

net gradient of the potentials. Monte Carlo (MC) methods

involve sampling configuration space for a collection of

atoms in a manner consistent with the desired ensemble

(e.g., canonical, isothermal isobaric, etc.). Frenkel and

Smit25 and Allen and Tildesley26 are standard references

of choice for these techniques. For atomistic detail, MD

is a more appropriate technique, since MC becomes inef-
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ficient when dealing with dense multicomponent systems.

Although implicit solvent can be used, nearly all atomic

level studies explicitly include solvent molecules.

Given the length- and timescale limitations of atomis-

tic simulations, very few studies have been done on

block copolymer systems using atomistic MD (AMD)

before the 1990s, with the systems usually consisting of

a single polymer chain in implicit solvent. One of these

studies was done by Duca and Hopfinger,27 in which

simulations were performed to look at the interactions

between negatively charged copolymers in different con-

centrations of Ca2þ counterions at 300 K. The aqueous

environment was incorporated through a uniform dielec-

tric constant. The energetics of the polymer–counterion

interactions and the role of chain conformational flexibil-

ity on these interactions were reported. An unusually

strong binding interaction was reported between one of

the copolymers studied and Ca2þ, for which structure-

binding analysis led to the identification of a specific

Ca2þ binding sequence and geometry that appeared re-

sponsible for the strong counterion association.

In the last few years, improvements in both hardware

and software have made it possible to increase the capa-

bilities of atomistic simulations. Although the systems

sizes are still restricted to a few polymer molecules in

explicit solvent, they provide insights into very specific

interactions that cannot be accounted for with coarse-

grain models. Longhi et al.28 used AMD simulations to

look at dilute aqueous solutions of a 50-unit oligomer

model for the thermoresponsive polymer poly(N-isopro-
pylacrylamide) at temperatures below and above its lower

critical solution temperature (LCST) in water. They

showed that at 310 K (above LCST), the oligomer exhib-

its a more compact conformation than at 300 K (below

LCST), in qualitative agreement with experiments, and

that it is surrounded by a smaller number of first-hydra-

tion-shell water molecules. Another AMD study investi-

gated the association of hydrophobically end-capped poly-

ethylene oxide urethane resin (HEUR) as a function of

the number of hydrocarbons on both ends and it revealed

that the association of a HEUR micelle is affected not

only by hydrophobicity but also by chain flexibility.29

Many computational studies have focused on the behav-

ior of PEO because of the multiple biological applications

that seem to reflect its unique solution properties in water.

This is due mainly to its structural similarity with water,

strong hydrogen bonding to the ether oxygen atoms, and

high flexibility and mobility in aqueous solution. Anderson

and Wilson30 described the organization of PEO-based

copolymers at the air/water interface. They used AMD tra-

jectories to construct density profiles that could be directly

compared to experimental neutron reflectivity data over a

wide range of polymer surface concentrations. Previously,

experimental neutron reflectivity data for such systems

could only be deduced through the fitting of structural pa-

rameters (layer composition and thickness). The simulation

reflectivity data showed excellent agreement with experi-

ments at low surface concentrations, while agreement at

high concentrations was significantly better than in a previ-

ous model that neglected water.31 Also, as the surface con-

centration of the molecule was increased, the authors were

able to observe a transition of the PEO block from a pan-

cake conformation to the brush conformation. More

recently, another study32 on self-transformable sulfonated

PEO acrylate diblock copolymer (PEO-SO3A/OA) en-

trapped into polysulfone membranes revealed that increas-

ing the density of PEO chains attached to a hydrophobic

surface increases the hydration of the surface by stabilizing

the water structure in its vicinity.

In general, computer simulations at the atomistic

level are necessary to gain insight into detailed interac-

tions such as hydrogen bonding, polymer–solvent inter-

actions, and specific conformational effects (e.g., cis/

trans isomerization). However, another use for AMD

simulations can be to provide intramolecular data, useful

as input in the parameterization of coarse-grain models.

COARSE GRAIN

A wide variety of coarse-grain models have been developed

to simulate block copolymer systems on length scales that

are far larger than can be accessed using atomistic models.

Coarse-grain models involve representing a group of atoms

by a single sphere. In view of this simplification, the full

chemical details of the molecules cannot be retained. How-

ever, effective interactions among the spheres can be cho-

sen to mimic some key features of the real polymer chain.

The representation of a collection of atoms, with consider-

able internal flexibility, by a single site leads to softer inter-

action potentials between sites which also permit large

timesteps to be used. Since the number of particles is

reduced by at least an order of magnitude, and since the

interactions are simpler and more computationally efficient,

coarse-grain models have become a popular tool in the

polymer community over the last two decades. These

models allow for an explicit connection between the molec-

ular and continuum descriptions, first demonstrated perhaps

by Goetz et al.33 for mechanical properties of membranes.

Even with the increase in efficiency over atomistic models,

severe limitations on the sizes and timescales accessible still

exist, and therefore, early studies focused on block copoly-

mers were mostly reported for ‘‘short’’ chains, for example,

block lengths from 2 to about 30.

Reports in the literature typically focus on AB block

chains, where the A block is hydrophilic (or, more gener-

ally, ‘‘solvophilic’’) while interactions between the solvent

and the B block are less favorable. The two main families
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of models employed have been off-lattice models and

lattice models. One lattice model by Larson and co-

workers34,35 is prototypical and uses a fully occupied sim-

ple cubic lattice in which a site interacts equally with all 26

sites that lie within one lattice spacing in each of the three

directions. Sites can be oil-like or water-like, and amphi-

philes are constructed by linking together a number of

water-like and oil-like sites. Oil–oil and water–water con-

tacts are equally favorable while oil–water ones are unfav-

orable. The interactions were defined by only one parame-

ter v (v ¼ ez/kBT, where z is the coordination number of

the lattice), which established the difference in energy

between the favorable contacts and the unfavorable con-

tacts. We focus below on the off-lattice models, which are

typically more versatile and realistic, although the lattice

models are usually more efficient.

Many of the off-lattice coarse-grain models are similar to

those adopted by Smit and coworkers36–38 as a variation on

a model developed earlier by da Gama and coworkers.39,40

These models employ nonbonded potentials which consist

of a Lennard-Jones potential that is truncated and shifted in

energy, so that the potential U is zero at the point of trunca-

tion. Beyond this point, the conservative forces (f
�
¼ �rU)

vanish. For A–A or B–B interactions, the truncation distance

is chosen to be large, for example, 2.5r, so that the site–site

interactions can be attractive. For A–B interactions, the trun-

cation distance is chosen to be at the minimum of the full

Lennard-Jones potential, yielding a shifted potential that is

purely repulsive.

Dissipative particle dynamics (DPD) is similar to MD in

its use of coarse-grain models except that dissipative and

random forces act between particles as well as the usual con-

servative ones. While intended to mimic the influences of

neglected degrees of freedom, the dissipative and random

forces also collectively serve as a thermostat. The atomistic-

to-coarse grain mapping is usually similar to that in MD and

MC. All of the forces employed in typical DPD simulations

conserve momentum, and hydrodynamic interactions are

correctly represented. Warren41 recently reviewed the tech-

nique. Many improvements have been implemented within

the DPD framework in the last few years, such as modifica-

tions in the integrators to eliminate the sensitivity to timestep

size42 and extension beyond the usual constant volume en-

semble to a constant pressure ensemble.43

Murat and Grest were perhaps the first group to incor-

porate polymer–solvent interactions by performing MD

simulations using a coarse-grain model with a mapping of

one monomer per site and a coupling to a heat bath.44 Dif-

ferent aspects of polymer–solvent interactions were exam-

ined: polymers of different lengths in good solvent condi-

tions grafted on a flat surface at different values of surface

coverage,45 interactions between two parallel surfaces with

end-grafted polymers,46 polymer chains grafted on cylin-

drical surfaces under good solvent conditions,47 polymeric

brushes in solvents of varying qualities,48 and properties of

dendrimers under varying solvent conditions.49 This work

would later become useful in the development of self-as-

sembly of AB copolymers.

In 1996, Semenov and coworkers published one of the

first papers on self-assembly of polymeric amphiphiles.50

In this study, the polymers were represented as chains of

either 4 or 8 units (each representing statistical segments of

the real polymer molecule rather than monomers). One of

the end units was B-type (hydrophobic) while the rest of

the molecule was A-type (hydrophilic), and the chains

were immersed in a good solvent for the A monomers. At

this point, the models used to describe the molecular inter-

actions were rather simple and arbitrary, partly for compu-

tational efficiency but also because limited knowledge con-

cerning the corresponding molecular forces was available.

Trajectories were generated by using both MD and Monte-

Carlo schemes. The size and shape of the micellar core

was observed to depend on the radius of interaction of the

B groups, r. If the value of r was comparable to the chain

length, micelles of nearly spherical shape emerged, while a

decrease in r induced a sharp polymorphic transition of the

micellar core from the spherical shape to a disk-like

(bilayer-like) shape. This result is consistent with behavior

in the superstrong segregation regime. The authors pro-

vided a theoretical explanation of the simulation results51;

for a fixed micelle size (aggregation number), the shape of

the core is determined mainly by a balance between the

interfacial energy and the free energy of the defects. If the

interfacial term is dominant, then the free energy minimum

should correspond to a minimum of the surface area of the

micellar core, thus implying a spherical geometry of the

core. Alternatively, when the energy of defects is domi-

nant, it is the number of defects that should be minimized.

Later, Khalatur and Khokhlov, coauthors with Semenov in

the papers mentioned earlier, published a study on the mi-

celle stability and thermodynamics of micelle formation in

the presence of low-molecular-weight additive particles

attracted to the core of the micelle.52 Equilibrium configu-

rations were observed with the additive particles concen-

trating in the core of the micelle, in analogy with a hydro-

phobic drug loading into a micelle.53 As predicted by

theory,51 loading of the additives caused a deformation of

the originally spherical micellar shape because of: (i) the

usual statistical fluctuations that are characteristic of any

liquid-like space-limited objects and (ii) the effect of the

intracore structural defects, that is insertions of chain A

groups inside the core. In terms of the thermodynamic sta-

bility of micelles, they showed that stable micellar aggre-

gates occur only at temperatures near the condensation

temperature for the pure additive particles and that incorpo-

ration of additive particles inside the micellar core

increases the ‘‘critical’’ temperature of the core disintegra-

tion. Also, under the conditions close to the condensation
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temperature of low-molecular-weight particles, the associa-

tion equilibrium shifts drastically to the formation of large

aggregates within the solvent-swollen core.

An MD study of diblock copolymers in the melt lamel-

lar phase54 reported the dependence of the parallel and per-

pendicular components of the diffusion coefficient on both

block lengths and on the interaction between blocks. For

diblocks of length N ¼ 40 (1Ne) and 100 (3Ne), where Ne is

the entanglement length of the homopolymer melt, the dif-

fusion constant parallel to the interface was found to remain

constant, while the perpendicular component was strongly

suppressed upon increments in the interaction parameter, in

agreement with theoretical predictions based on the Rouse

model. For even longer chains (Ne up to 400), a strong

reduction of entanglement effects was observed, but results

for the diffusion coefficient were inconclusive for this chain

length because of the long relaxation times required.

An MC study55 on micelle formation of block copoly-

mers in selective solvent sought to elucidate how geomet-

ric properties of micelles, as well as mean aggregation

number hni, depend on the total chain length N when all

the other variables are held fixed. Previous theoretical

efforts had predicted, by assuming infinite chain length and

strong segregation, that hni increases with some power law

for large N, with the exponent differing among the various

theories. For N varying from 4 to 32, Binder reported a

scaling of R ! N1/3
B but, after comparing with various ex-

perimental works, concluded that there are several regimes

where somewhat different power laws apply if NA, NB are

both large. When NA and NB are small, the behavior does

not seem universal; however, all studies agreed that the

aggregation numbers in the micelles are fairly small, and

the transition at the critical micelle concentration (cmc) is

rather gradual. Comparisons to theory could not be done

because of the discrepancy in the ranges of N studied.

Another study on the effects of block composition on

the micellization behavior of ABA and BAB triblock

copolymers in a solvent selective for block A done by Kim

and Jo56 showed formation of thermodynamically stable

micelles with well-defined cmc values at all compositions.

By measuring the standard enthalpy of micelle formation,

the authors showed that the driving force toward micelliza-

tion becomes weaker when the length of the insoluble

block is decreased. Wijmans et al.57 followed upon this

result in their study of triblock copolymers in solution at

concentrations well above the cmc to account for the

experimentally observed density dependence of structural

properties. In particular, they found that for ‘‘weakly segre-

gating’’ triblock copolymers, the size of the micelles

depends noticeably on the amphiphile concentration. At

high volume fractions, they found that the structure of the

amphiphilic system can be mapped onto that of a high den-

sity, monodisperse hard-sphere fluid, even when the micel-

lar system itself was found to be quite polydisperse. On the

other hand, the same model failed to describe low-density

systems. They concluded that it is incorrect to assume that

the scattering intensity of such micellar systems can be rep-

resented by the product of a density-dependent hard-sphere

structure factor and a density-independent form factor.

Panagiotopoulos et al.58 used the Larson model to

investigate the micellization versus phase separation be-

havior of diblock and triblock copolymers in solvent. It

was reported that, for the cases studied, each system either

micellizes or phase separates, but never both. This result,

which disagrees with the experimentally observed behav-

ior, where the same aqueous surfactant solution shows both

phase separation and micellization under different condi-

tions, was attributed to the inability of the model to prop-

erly incorporate the unusual solvation properties of water.

The surfactant volume fraction at the cmc was found to

increase with increasing temperature, giving positive val-

ues of the heat of micellization. For surfactant architectures

close to macroscopic phase separation, the cluster size dis-

tributions were broad and extended to very large aggrega-

tion numbers, indicating the presence of elongated micellar

aggregates. BAB triblock systems showed phase separation

over a broader range of parameter space than that of the

ABA triblock.

Another finding of Kim and Jo56 was that high B frac-

tion leads to the formation of micelles with cylindrical

shape. This morphology was also observed and studied by

Termonia59 by using lattice MC on diblock copolymers.

The sphere-to-cylinder transition was described in terms of

a packing parameter that depends on the relative cross sec-

tions of the two blocks. The cross section could thus be

varied either by a change in one of the block lengths or by

the hydrophilic block being allowed to adopt an ordered

conformation (e.g., helical). This effect was confirmed by a

Brownian Dynamics26 study which looked at the role of

the head group size in amphiphilic self-assembly for a

bead-spring model of flexible amphiphiles.60 It was shown

that the cmc increases for larger size of the hydrophilic

head segment and that amphiphiles with larger heads form

micelles with a very sharp cluster distribution.

Around 2002, various groups began to incorporate

increasing detail in the models. Even though model param-

eters (interaction energy, force constant, radius of interac-

tion, mass, volume) were still chosen in a somewhat arbi-

trary way, added details included explicit water59,61,62 and

bending potentials to account for three-body interactions.62

More capable computers enabled also an increase in the

number of particles in the systems (although chain lengths

remained short), and as a consequence, other types of mor-

phologies, apart from the spherical micelles, such as

worms and vesicles, could be observed. Maiti et al.62

observed different morphologies on the self-assembly of

supramolecular aggregates of model surfactant oligomers

in an aqueous medium by using a coarse-grained model
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with NPT MD simulations. They studied the effect of the

degree of oligomerization x (number of hydrophobic tails)

and surfactant concentration c on the nature of the self-as-

sembly, as well as on the micelle size distribution. They

reported a decrease in the cmc with increasing x. When

increasing c, both two-tail and three-tail surfactant systems

exhibited a transition from spherical micelles to cylindrical

micelles. With further increase in c, these cylindrical

micelles transformed into extremely long ‘‘worm-like’’ or

‘‘thread-like’’ micelles. In addition, at intermediate con-

centration, the formation of closed-loop micelles (vesicles)

was observed. No differences were found in the behavior

of the self-diffusion coefficients for two-tail and three-tail

surfactant solutions.

By using DPD, Yamamoto et al. could capture some of

the mechanisms for spontaneous vesicle formation of

amphiphilic molecules in aqueous solution.61 In the DPD

simulation, starting from both a randomly dispersed system

and a bilayer structure of the amphiphile, spontaneous vesi-

cle formation was observed through the intermediate state

of an oblate micelle or a bilayer membrane. The mecha-

nism consisted of fluctuations in the membrane that encap-

sulate water particles with eventual sealing to form a vesi-

cle. They tracked the hydrophobic interaction energy

between the amphiphile and water as a function of time

and observed a decrease in this quantity as the vesicle

formed. They also compared timescales for vesicle forma-

tion for single-tail and two-tail amphiphiles, finding faster

kinetics for the two-tailed amphiphiles than for the single-

tailed ones. The same method was also applied to study the

budding and fission dynamics of two-component vesi-

cles.63 By changing the strength of the interactions between

the amphiphiles forming the vesicle, it was possible to

make them segregate into domains (rafts) within the mem-

brane. These domains caused deformations in the mem-

brane that, when large enough, caused fission of the vesicle

into two or more smaller vesicles formed from either one

of the amphiphile types.

In 2004, a series of papers were published from a col-

laboration between the experimental group of Discher and

the computational group of Klein64–67 in which a coarse-

grain MD model for polyethyleneoxide–polyethylethylene

(PEO–PEE) was developed and applied to compute mor-

phologies and physical properties of assemblies in water.

The model was built to replicate a collection of data

obtained from both experimental and atomistic computer

simulation methods.64 Each polymer coarse-grain site rep-

resents one monomer (three heavy atoms, on average), and

a water site represents three molecules. The mass of each

site was determined from its constituent atoms, while the

interaction energies (e’s) and radii of interaction (r’s) were
chosen to replicate the experimental bulk density and sur-

face tension of the species, respectively. Also, the intramo-

lecular structure of the polymers was incorporated by add-

ing harmonic bonds and bends for which the force con-

stants (kx’s and kh’s) and equilibrium values (x0’s and h0’s)
were chosen to replicate the first and second moments of

the bond and angle distributions obtained from atomistic

MD simulations.

The model replicated the experimentally observed

phase behavior of PEO–PEE diblock copolymers in

water—an initially random configuration of diblock

copolymers in water self-assembled into a bilayer, cylin-

drical micelle, or spherical micelle, depending on the

hydrophilic-to-hydrophobic block length ratio (fEO) cho-
sen for the molecules.65 Also, simulations done on the

triblock copolymer PEO–PEE–PEO in water have

shown assembly into ‘‘tube’’-like structures in which

38% of the molecules appear arranged in a linear config-

uration, spanning the membrane of the tube, while the

rest of the chains acquired a hairpin configuration.67

The model was used to study the effects of block length

on different physical properties of the bilayer configuration,

such as the area elastic modulus, the scaling of the hydro-

phobic core thickness, and the lateral chain mobility.65 The

scaling of the hydrophobic core thickness with hydrophobic

block length in the bilayer configuration agreed with experi-

mental results reported18 on bilayers in the same block

length regime as the simulations. The simulation data was

also used to calculate the absolute value of the bilayer’s

area elastic modulus and it was found to be independent of

the block length; both of these results were in good agree-

ment with the experimental view. The experimental diffu-

sivity of the diblocks was compared with data collected

from the simulations on the amount of entanglement be-

tween the two leaflets of the bilayer, suggesting a shift in

diffusivity behavior from the Rouse regime (low molecular

weight) to a regime dominated by entanglements.

In exploring the biological applications of diblock copol-

ymer vesicles, Klein and Discher also published studies on

the effects of adding diblock copolymers to lipid mem-

branes66 and on the incorporation of protein-like channels

into diblock copolymer membranes.67 In the former study,

the concentration of PEO–PEE diblocks in a lipid mem-

brane was varied from 0 to �40 wt %, along which a con-

figurational transition was observed for the PEO block

going from a pancake-like configuration (low concentra-

tions) to a brush-like configuration. Also, changes in the

lipid area per molecule and the membrane thickness were

observed as a function of concentration. In the latter study,

by mimicking a membrane protein with a cylindrical pore,

the effect of inclusions on PEO–PEE diblock copolymer

membranes of different thicknesses was studied. The study

revealed that chain flexibility, combined with hydrophobic

mismatch, has two important consequences on membrane–

channel interactions: (1) accommodating the protein inclu-

sions of various thicknesses and (2) blocking water permea-

tion of the pore. In general, the model has demonstrated that
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membranes built from low-molecular-weight diblock

copolymers behave more like a lipid membrane, but the ex-

perimental diblock copolymer membranes behave differ-

ently because of the significantly higher molecular weights.

More recently, the groups of Klein and Discher, in col-

laboration with Lipowsky’s group, published a new coarse-

grain model for PEO–PEE,68 this time in the DPD frame-

work. Because of the simpler interactions, DPD allows an

increase in system size sufficient to simulate entire vesicles

while still maintaining the diblock molecular weight within

the experimental range. The PEO–PEE model was built, as

before, using experimental surface tension and density data

together with atomistic MD intramolecular structural infor-

mation. Building the model required the introduction of a

density-based atomistic-to-coarse-grain mapping to obtain

a physically realistic description of the system. After intro-

ducing these changes to the DPD framework, the resulting

DPD model for PEO–PEE gave values for the membrane

area expansion modulus and the power-law scaling of the

hydrophobic core thickness that were in excellent agree-

ment with the experimental values. In addition, mecha-

nisms of poration via osmotic swelling were explored with

this model.

SELF-CONSISTENT FIELD THEORY

Given the high molecular weight of block copolymer sys-

tems, equilibration and sampling time becomes an issue,

even though these systems are truly soft and morphologi-

cally maleable. An additional route has therefore been to

model the polymers using SCFT. Such field theories offer

the important advantage of providing simple intuitive

explanations for its predictions and the speed with which

numerical results can be generated. In equilibrium theory,

the standard approach is to solve a variant of Gaussian

chain self-consistent field (SCF) equations for a fixed ge-

ometry (e.g., spherical or lamellar). The free energy is then

minimized within a mean field approximation. Predictions

of the phase behavior can be made using the SCF model.

These methods are limited by certain approximations which

are necessary to make the problem tractable. One disad-

vantage of the method is that the calculations are based on

equilibrium between an isolated aggregate and a homoge-

neous polymer–solvent mixture. Fluctuations of the individ-

ual assemblies are not considered, and interactions between

aggregates are accounted for in a rather crude manner. The

method is therefore less suited to study the collective

behavior of systems containing many fluctuating assem-

blies. Moreover, defects cannot be described because of the

symmetry imposed by the geometrical constraint.

Dynamic variants of SCFT combine Gaussian mean-

field statistics with a coarse-grained Ginzburg-Landau

model for time evolution of conserved order parameters.

The model describes collective relaxation by stochastic dif-

fusion equations. The dynamics of the morphologies is

controlled by thermodynamic forces obtained from the

mean-field theory, a linear diffusion operator, and thermal

noise. The method is often used for the description of the

kinetics of self-assembly as well as the resulting morpholo-

gies by quenching a system with an initially homogeneous

density distribution. The evolution of the mesoscale struc-

tures are obtained directly from the density field. Contin-

ued algorithmic improvements have allowed for the 3D

mesoscale study of complex polymer solutions69 and,

hence, the simulation of vesicle formation.70 Shear condi-

tions, which are industrially important, have also been

incorporated into the method.71

Evers et al. developed a version of SCFT for the adsorp-

tion of block copolymers from a multicomponent mix-

ture.72 The grand canonical theory uses a lattice between

two parallel plates, where each lattice site can be occupied

by a polymer or a solvent bead. The equilibrium structure

is determined by minimizing the free energy over the vari-

ous possible lattice conformations, where a mean-field

approximation is applied within each lattice layer. Equa-

tions are derived for the calculation of conformational

probabilities, the segment density profiles, and the free

energy. Comparisons are made between the adsorbed struc-

ture of diblock copolymers and the structure of diblocks

with terminally anchored chains. Systematic differences

are found, but overall the structures are similar, with the

adsorbing block lying flat on the surface and the nonad-

sorbing block protruding far into the solution.72 The

method has also been successfully used in colloidal appli-

cations, for example, to describe the (repulsive) interaction

between two adsorbed layers of diblock copolymers.73 Mi-

celle formation can also be modeled with this theory by

choosing a spherical lattice.74

Linse and Bjorling generalized this theory by extending

it to the case where the polymer segments possess internal

degrees of freedom.75 The use of internal states results in

effective segment–segment interaction parameters, which

are temperature and density dependent. Results obtained

with this method have been carefully compared with exper-

imental data for a variety of aqueous copolymer systems.

The prominent increase in pluronic (PEO–polypropylene

oxide–PEO) absorption from an aqueous solution is cap-

tured as the temperature is raised to the cloud point. For

the temperature-dependent micellization of aqueous plur-

onic systems, qualitative agreement with experiment has

been obtained for the decrease in the cmc, the increase in

the mean aggregation number, and the increase in the mi-

cellar size with increasing temperature.76 Agreement was

also obtained for the dependence of the air/water interface

surface tension on the triblock volume fraction,77 and the

phase behavior of three-component pluronic/dextran/water

systems agrees with experiment.78 Finally, density profiles
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of PEO homopolymers at an air/water interface have been

compared to neutron reflectivity measurements; the shape

and extension of the chains into the water subphase agree

well with the experimental data, but the predicted surface

excess is too large.77

Additional studies done by other groups with this type

of model include the study by Guerin and Szleifer on the

cmc and the micellar size distribution as a function of the

A and B block lengths and temperature.79 The hydrophobic

region was found to be more compact for longer hydropho-

bic blocks and for lower temperatures. Another study on

polymer brushes dissolved in a good solvent80 showed very

good agreement with experimental results for PS but not

for PEO. The deviations from theory and experiment for

PEO were attributed to specific interactions between poly-

mer and solvent. In an attempt to incorporate specificity in

the molecular interactions in SCFT, Dormidontova81 intro-

duced a modification in the free-energy expression to

account for the PEO–water and water–water hydrogen-

bonding interactions. The temperature and concentration

dependence of the average fraction of hydrogen bonds

between PEO and water were found to be in good agree-

ment with experimental or MD simulation data. Also, com-

parisons were made to experimental data on the tempera-

ture behavior of the second virial coefficient and the effec-

tive interaction parameter. The decrease of the virial

coefficient with temperature is caused by the balance of

the opposing effects of water–PEO and water–water hydro-

gen bonding. The phase diagram for PEO of different mo-

lecular weights in water was calculated using experimen-

tally reported data for the energy and entropy of associa-

tion and very good quantitative agreement was achieved at

reproducing the closed-loop regions of phase coexistence.

Dynamical SCFT studies have reproduced the phase

behavior of concentrated aqueous pluronic systems. In

agreement with experiment, the classical morphologies

were all observed by varying the concentration in a small

interval (50–70%): lamellar, bicontinuous, hexagonal, and

micellar.69 The self-assembly into vesicles of ABA triblock

copolymers in dilute solution was also reproduced by Zhu

et al.82 A number of complex vesicles, such as global,

elongated, and necklace-like vesicles, were obtained with

both experiments and SCFT calculations. Vesicle forma-

tion has also been observed from diblock copolymers in

water with dynamic SCFT by the group of Doi.70

Many SCFT studies have focused on the effects of poly-

dispersity on various properties such as the cmc,83 micellar

size,83,84 and vesicle stability.84 The cmc was found to

decrease by several orders of magnitude while the aggrega-

tion number increased when the polydispersity of pluronic

polymers in water was increased.83 Also, close to the cmc,

the micelles were found to predominantly form from the

longest components (low cmc chains). The strong tempera-

ture dependence of the cmc and of the aggregation number

was only marginally affected by polydispersity.83 When

investigating the effects of polydispersity on the structure of

diblock copolymer vesicles in dilute solution, it was found

that larger polydispersity favors the formation of smaller

vesicles.84 This polydispersity effect was attributed to the

segregation of copolymers according to their chain lengths

to the inner and outer monolayers of the vesicle membrane,

in good agreement with experimental results. Polydispersity

was also found to affect the surface activity of triblock

copolymers at the air–water interface.77 The calculations

showed that below the cmc, the longest and most surface

active component dominates the distribution of chains at

the interface. However, above the cmc, the long polymers

self-assemble preferentially in the water subphase, depleting

the solution of these components, and hence reducing the

adsorbed amount of the long polymers at the interface.

Although it is clear that polydispersity can affect properties

of the assemblies, a study on vesicle formation from ABA

triblock copolymers in dilute solution showed that polydis-

persity does not determine the overall morphology.82

The effects of temperature on the phase behavior and

dynamics of aqueous pluronic solutions have been studied

using dynamic SCFT.85,86 Both studies reported that

increasing temperature decreases the rate of phase separa-

tion and has a strong influence on the phase behavior in

terms of preferred morphologies and periodicity of the

assemblies.

Initial efforts toward biological applications deal with

loading of a hydrophobic drug in the interior of block co-

polymer micelles. Dynamic SCFT has been specifically

used to study the interaction of haloperidol with aqueous

pluronic copolymers.87 The drug is modeled as a water site

with a different solubility parameter. The simulations, in

agreement with experimental TEM data, show an increase

in the core size and deformation of the micellar shape upon

loading of the drug. The simulations also show a broader

size distribution and a larger aggregation number for the

loaded micelles.

CONCLUSIONS

Aqueous block copolymer systems have gained much in-

terest in the scientific community in recent years because

of the flexibility they offer for a multitude of applications

in both the materials science and biomedical fields. As

more experimental results are reported, more questions

also arise with respect to the behavior of these systems.

Computer simulations have helped answer some of these

questions and seem poised to continue in this capacity as

better computational techniques are developed and faster

machines become available.

In this review, we have presented a summary of the

answers that computer simulations have provided so far,
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categorized by the time- and length scales accessible to

each of the techniques.

At the atomistic level, MD simulations have provided

considerable insight into specific interactions that depend

sensitively on the chemical nature of the functional groups

involved. As with other systems in which one of the com-

ponents is water, the behavior of aqueous block copolymer

systems will sometimes be dominated by hydrogen bond-

ing interactions with water. Atomistic computer simula-

tions can provide this level of detail and, additionally, pro-

vide data for the parameterization of coarse-grain models.

Better force-fields for polymers, especially in a biological

setting, need to be developed.

At the coarse-grain level, studies have focused on pro-

viding a generalized view of the conformations of polymer

chains in solvents of different qualities. Although recent

models have been constructed using experimental and

AMD data, most of the models used are still generic (toy

models) and need to be refined to make them more realistic

in both their chemical and physical details.

At the mesoscopic level, SCFT has been able to repro-

duce the experimentally observed phase behavior of aque-

ous block copolymer systems with minimal contamination

from finite size effects. This allows for the study of high

concentration (e.g., bicontinuous) phases without serious

problems from periodic boundary conditions, and allows

for a proper account of micelles, whose size can fluctuate

significantly around the mean aggregation number. It

remains a challenge to properly treat hydrodynamics and

to extend the method to systems in which specific correla-

tions are important.

Discussions and joint work with R. Lipowsky and J.
Shillcock in development of DPD for application to
block copolymers is gratefully acknowledged.
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Abstract
Background: RNA editing is the process whereby an RNA sequence is modified from the
sequence of the corresponding DNA template. In the mitochondria of land plants, some cytidines
are converted to uridines before translation. Despite substantial study, the molecular biological
mechanism by which C-to-U RNA editing proceeds remains relatively obscure, although several
experimental studies have implicated a role for cis-recognition. A highly non-random distribution
of nucleotides is observed in the immediate vicinity of edited sites (within 20 nucleotides 5' and 3'),
but no precise consensus motif has been identified.

Results: Data for analysis were derived from the the complete mitochondrial genomes of
Arabidopsis thaliana, Brassica napus, and Oryza sativa; additionally, a combined data set of
observations across all three genomes was generated. We selected datasets based on the 20
nucleotides 5' and the 20 nucleotides 3' of edited sites and an equivalently sized and appropriately
constructed null-set of non-edited sites. We used tree-based statistical methods and random
forests to generate models of C-to-U RNA editing based on the nucleotides surrounding the
edited/non-edited sites and on the estimated folding energies of those regions. Tree-based
statistical methods based on primary sequence data surrounding edited/non-edited sites and
estimates of free energy of folding yield models with optimistic re-substitution-based estimates of
~0.71 accuracy, ~0.64 sensitivity, and ~0.88 specificity. Random forest analysis yielded better
models and more exact performance estimates with ~0.74 accuracy, ~0.72 sensitivity, and ~0.81
specificity for the combined observations.

Conclusions: Simple models do moderately well in predicting which cytidines will be edited to
uridines, and provide the first quantitative predictive models for RNA edited sites in plant
mitochondria. Our analysis shows that the identity of the nucleotide -1 to the edited C and the
estimated free energy of folding for a 41 nt region surrounding the edited C are the most important
variables that distinguish most edited from non-edited sites. However, the results suggest that
primary sequence data and simple free energy of folding calculations alone are insufficient to make
highly accurate predictions.

Background
RNA editing is the process whereby an RNA sequence is

modified from the sequence corresponding to the DNA
template. A particular form of RNA editing in plant
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mitochondria, by which some cytidines are converted to
uridines before translation, occurs in many land plant lin-
eages. Although cytidine to uridine conversion is most
common, the reverse conversion is sometimes observed
[1-4]. In plants, the phenomenon is best studied, albeit
still poorly understood, in the mitochondria and plastids
of angiosperms [5-8].

The majority of plant mitochondrial RNA editing occurs
in coding sequences, and editing frequently changes
codons, resulting in changes of amino acids, or, in some
cases, creation of entirely new open reading frames
[1,9,10]. These changes often result in an increase in sim-
ilarity with respect to homologous protein sequences
among different organisms (such as in wheat [11]), and
Gray has postulated that the RNA editing process func-
tions as a repair mechanism to correct otherwise-deleteri-
ous genomic mutations [12]. RNA editing has also been
detected in introns, where it is conjectured to improve
splicing efficiency [13].

The precise biochemical basis for C-to-U editing in plant
mitochondria is unknown, although experimental evi-
dence suggests a deamination reaction [14-18]. Despite
substantial study, the molecular biological mechanism by
which C-to-U RNA editing proceeds remains relatively
obscure, although several experimental studies have
implicated a role for cis-recognition [19-21]. The mecha-
nism by which edited sites are recognized is also still
poorly understood, but the importance of surrounding
nucleotides has been noted [22]. A highly non-random
distribution of nucleotides in the immediate vicinity of
edited sites (within 10–20 nucleotides 5' and 3') is
observed, but no precise consensus motif has been identi-
fied [9,16]. Additionally, previous studies suggest that
inferred secondary structure is not important in site recog-
nition for C-to-U conversion [16,19].

Identifying edited sites thus remains an open problem,
one to which we have applied tree-based statistical mod-
els and an extension of such models. When applied to a
similar problem (predicting peptide binding to major his-
tocompatibility complex (MHC) class I molecules [23]),
tree-based statistical methods generated very accurate
models, identifying specific important residues when no
precise sequence motif had previously been identified.
Therefore, we were motivated to apply tree-based statisti-
cal models and an extension, random forests, to the prob-
lem of C-to-U RNA editing in angiosperm mitochondria
using complete mitochondrial genome data for three spe-
cies: Arabidopsis thaliana, Brassica napus and Oryza sativa.
The objective for the current research was to identify
sequence features that may provide insights into C-to-U
editing of plant mitochondrial RNA. We address the fol-
lowing specific questions. Is there evidence that sufficient

information exists within sequence regions flanking
edited sites to accurately predict editing? Is there an asso-
ciation between estimated free energy of folding for short
sequence regions containing edited sites and C-to-U edit-
ing? We report tree-based statistical analysis of three com-
plete mitochondrial genomes and show that relatively
simple models provide moderately accurate prediction of
C-to-U edited sites.

Results
Tree-based statistical models
Analysis of each of the three species-specific mitochon-
drial genome data sets yielded substantially similar results
(Table 1). Using flanking nucleotides and estimates of
folding energy as predictor variables, the optimistic re-
substitution-based estimates for cross-validated pruned
models had a mean correct classification rate of 0.705
(sensitivity [the proportion of observations correctly iden-
tified as edited]  = 0.640, and specificity [the proportion
of observations correctly identified as non-edited]  =
0.883) across the three species.

As an additional classification tree analysis, we examined
a dataset generated by combining the data from the three
species. These results were generally similar to those
described above for the mean of the individual genome
datasets. The classification tree model is shown in Figure
1; the partition is defined based on the nucleotide imme-
diately 5' (-1 position) of the edited/non-edited site. Of
the 1972 observations with pyrimidine at the -1 position,
1262 (0.64) are edited and 710 (0.36) are non-edited
sites. Of the 722 observations with purine at the -1
position, 85 (0.12) are edited and 637 (0.88) are non-
edited sites.

Random forests
Results from random forests (Table 2) were very similar to
those obtained with classification trees and were some-
what more accurate. In single-species analyses, the mean

accuracy rate was 0.744 (sensitivity  = 0.717, specificity

 = 0.809). Analysis of the larger, combined data set
yielded a model better than any of the single genome
models with an accuracy of 0.848 (Table 2). Analysis of
variable importance showed that the -1 position is over-
whelmingly the most important factor in determining
editing status. Other variables of lesser predictive value
include estimated free energy of folding, and the -2 and +1
positions relative to the edited/non-edited site (Figure 2).

Discussion
Despite their simplicity, the tree-based statistical models
derived here performed moderately well, with mean accu-
racies across species generally ~0.71. Single trees were
improved upon by constructing models based on ensem-
bles of tree-based models (random forests) each of which

x
x

x

x
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was built using random subsamples of the data. This sub-
sampling has the effect of reducing the variance through
averaging and also reducing the correlation among
models.

One of the advantages that random forests have over sin-
gle classification trees is that they provide quantitative
measures of variable importance, whereas with a simple
classification tree, one is primarily limited to inferring var-
iable importance from the frequency and location of the
occurrence of variables in the model. One measure of var-
iable importance is the decrease in the Gini index (a meas-
ure of impurity of observations at a particular node)

induced by splitting on the variable, averaged over all
trees [24].

In order to infer the relative importance of the predictor
variables, we considered the measure of variable impor-
tance produced during the random forest run on the com-
bined dataset, which is the most broadly representative
dataset considered here. A plot of the variable importance
measure for this dataset is shown in Figure 2; more
important variables are shown as higher bars. The meas-
ure strongly indicates that the residue immediately 5' of
the edited site (-1 position) is very important. These vari-
able importance results are in agreement with previous
work on C-to-U editing in mitochondria of Arabidopsis
thaliana, which noted the -1, and -2 positions had highly
non-random nucleotide distributions [9]. However, the
results here differ from the past study of Arabidopsis in that
we find no indication that the -17 position has much
importance in edited site recognition. Also previously
noted was that for 93.1% of the time [9], the -1 position
contained a pyrimidine, which is the data partition found
by the classification trees.

The free energy results contrast with previous studies indi-
cating that secondary structure was not important in
edited site recognition [16,19]. Our results show free
energy is a relatively important variable in the random
forest analyses. These results therefore indicate that sec-
ondary structure, as measured by free energy of folding for
the 41 nt region centered on an edited/non-edited site,
does help in distinguishing edited from non-edited sites.
Previous studies determined putative secondary structures
for mRNA regions containing edited sites and looked for
conserved structural motifs. In contrast, we used estimates
of free energy of folding, which are much easier to com-
pare quantitatively. It may be that secondary or tertiary
structure is even more important in determining edited
sites than shown here; however, secondary structure may
not be effectively represented by the calculated estimates
of free energy of folding analyzed.

Conclusions
Simple models based on nucleotides surrounding edited/
non-edited sites and on estimated folding energies of
those regions provide moderately accurate prediction of
C-to-U RNA edited sites. More nuanced representation of
secondary or higher-order structure in combination with
variables based on the nucleotide positions found impor-
tant here might improve models. Overall, the results
strongly suggest that the C-to-U editing mechanism in
plant mitochondria does not depend exclusively on the
primary sequence immediately in the vicinity of the
edited site.

Cross-validated pruned classification tree for the combined datasetFigure 1
Cross-validated pruned classification tree for the 
combined dataset. The number of edited and non-edited 
sites are given at each node. The single split is based on the 
nucleotides at position -1 relative to the edited site.

Table 1: Summary statistics for tree-based statistical models.

Accuracy Sensitivity Specificity

Arabidopsis thaliana 0.711 0.645 0.888
Brassica napus 0.693 0.630 0.887
Oryza sativa 0.709 0.645 0.874
combined 0.705 0.640 0.882

Table 2: Summary statistics for random forest models.

Accuracy Sensitivity Specificity

Arabidopsis thaliana 0.744 0.701 0.811
Brassica napus 0.765 0.733 0.808
Oryza sativa 0.722 0.716 0.808
combined 0.848 0.823 0.877

C, TA, G position −1 

1347 edited sites

1347 non−edited sites

1262 edited sites

710 non−edited sites

85 edited sites

637 non−edited sites
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Methods
Data sources
We obtained complete mitochondrial genome sequences
and information regarding edited sites from GenBank
[25] for three species: Arabidopsis thaliana (L.) Heynh.
(mouse-ear cress), 455 edited sites, GenBank accession
number NC_001284 [9]; Brassica napus L. (rapeseed), 425
edited sites, GenBank accession number AP006444 [26];
and Oryza sativa L (rice), 486 edited sites, GenBank acces-
sion numbers AB076665 and AB076666 [27]. None of the
GenBank entries noted U-to-C RNA edited sites.

Variable selection
Incomplete annotations in the GenBank sequences
required us to algorithmically determine on which strand
an edited site fell (the GenBank files sometimes supplied
only a position number, with no strand information). The
algorithm, implemented in a Perl script, scanned the
entire GenBank file and built an in-memory representa-
tion of the layout of all genes and coding sequence regions
in the genome. The strand with which an edited site was
associated could then be determined by consulting the
resultant genome map and checking which strand at the
edited site contained a gene region. In no case were genes
on both strands at an edited site, so strand localization
was always unambiguous. In a few cases, however, a gene
containing an edited site could not be located, or a site
marked as a C-to-U edit did not contain a C in either
strand. In these cases, the supposed edited site was elimi-

nated from further consideration. Final numbers of
included sites were as follows: Arabidopsis, 444; Brassica,
422; Oryza, 481. In total, 19 edited sites in the GenBank
files were not included across all three species.

We also constructed a set of null observations of cytidines
that are not edited to uridines. In constructing a null-set,
it is important to ensure that the observations are as alike
as possible to the edited observations (differing only in
the trait to be measured), or the resulting model may be
fictive. Here, our null-set observations were non-edited
cytidines chosen at random from within gene regions of
the genome. Additionally, we chose cytidines such that
the null set had exactly the same distribution of codon
positions as did the edited set, because the distribution of
edited sites within the three possible positions of a codon
is highly non-random with a bias to the first two positions
[9] (Table 3).

Variable importance measures for the combined datasetFigure 2
Variable importance measures for the combined dataset.  Numbered positions represent nucleotide state variables 
(with position zero representing the edited/non-edited site). The importance of each position is the decrease in the Gini index 
(a measure of impurity) induced by splitting the data on that position averaged over all trees (higher values are more impor-
tant). The three variables based on estimates of free energy of folding are the codon position of the edited site (cp), estimated 
free energy of folding for the entire 41-nucleotide sequence centered on the edited/non-edited site (fe), and the difference in 
estimated free energy of folding between the edited and non-edited versions of the 41-nucleotide sequence (dfe).
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Table 3: Counts of C-to-U edited sites for each codon position.

Codon Position

Species 1 2 3 Not in Codon

Arabidopsis thaliana 149 231 51 13
Brassica napus 142 243 33 4
Oryza sativa 174 230 77 0
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For each observation, we recorded 40 nucleotide state var-
iables: one variable for each of the 20 nucleotides sites 5'
and 3' of the edited C (on the same strand). We chose a
value of 20 for the number of nucleotides 5' and 3' so as
to encompass the entire range of semi-conserved posi-
tions previously suggested, the most extreme of which
occurs 17 bases 5' of the edited site [9]. In some cases
other edited sites occurred within the 20 nucleotides 5'
and 3' of the edited site used as a response variable. In
these cases the edited sites as predictor variables were
recorded as C. The low frequency of these sites at a partic-
ular position with respect to other edited sites results in
non-significant effects, independent of how these sites are
handled. In those cases where a full 20 nucleotides were
not included within an annotated mRNA, the missing
nucleotides were treated as unknown. Additionally, we
included two variables based on free energy expressed in
units of kcal/mole at 20°C: the estimated free energy of
folding for each 41-nucleotide sequence (20 bases 5', the
edited/non-edited base, 20 bases 3') and the change in
free energy of folding between the non-edited and edited
versions of the 41-nucleotide sequence. Free energies of
folding were calculated using mfold [28,29] version 3.1
with program parameters except temperature at default
values. Finally, we included codon position as a variable,
even though the null set had been chosen so non-edited
sites had the same distribution of codon position as the
edited sites, as shown in Table 3. Including codon posi-
tion as a predictor variable allows for possible interactions
with other variables.

Finally, we created a combined data set to use alongside
the species-specific datasets. The combined dataset is the
result of combining all edited sites from all three species
(there were no observations identical in all predictor vari-
ables), and then randomly selecting negative examples
from the set of those already chosen for the three individ-
ual datasets. Negative examples were chosen to exactly
match the positive examples in distribution over both spe-
cies and codon position. The combined dataset comprises
2,694 observations.

Data analysis
Tree-based statistical models
We used the R language for statistical computing [30], ver-
sion 1.7.1 to conduct our analyses. Analyses included tree-
based statistical models using rpart [31] and random for-
ests using the FORTRAN implementation of random for-
est version 3.1 [24,32].

Tree-based statistical models [33], also known as classifi-
cation and regression trees (CART) [34], are generated by
recursively creating binary partitions of a dataset. Each
partition is based on the value of a single predictor varia-
ble chosen to best produce homogeneous collections of a

nominal or ordinal response variable (classification) or to
best separate low and high values of a continuous
response variable (regression). More precisely, the parti-
tions may be considered as questions of the following
form: Is the observation xi ∈ A? Where A is a region of the
variable space defined by some criterion of a single predic-
tor variable. Answering such a question for all observa-
tions produces two groups: those observations for which
the answer is yes (those in region A) and those for which

the answer is no (xi ∉ A, those in ). Subsequent binary
partitioning continues until stopping criteria (variously
defined) are met [34]. The result is a classification or a
regression tree: a hierarchical series of data bifurcations
that depicts the partition definitions and describes the
resulting data subsets defined by each partition. To
address concerns about possible over-fitting models to the
data we used 10-fold cross-validation and pruned trees to
the shortest within 1-SE of the best tree.

We assessed the significance of our tree-based statistical
models through permutation where the predictor varia-
bles are randomized with respect to the response variable
[35]. The frequency of observing a result value equal to or
better than the observed value in 1 × 104 permutations is
the estimate of the probability associated with the
observed result.

Random forests
If one tree-based statistical model is good, then an ensem-
ble (forest) of appropriately constructed tree models
should be even better, which is the principal idea of ran-
dom forests. A random forest attempts to improve upon a
simple tree-based statistical model by generating a collec-
tion of such models and using them in aggregate [24,32].
Each model in a random forest is generated from a boot-
strap sample of the original dataset, and at each node in
each model a search for the best possible split is through
a subset of variables selected at random from the boot-
strap sample of predictor variables. These randomization
steps decrease prediction error through variance reduction
resulting from averaging and by decreasing the correlation
between individual models in the ensemble [36,37]. Each
of our random forest analyses comprised 1 × 104 individ-
ual models constructed by sub-sampling seven predictor
variables at each node.

Several model summary statistics were calculated, includ-
ing sensitivity, which is the proportion of observations
correctly identified as edited, specificity, which is the pro-
portion of observations correctly identified as non-edited,
and accuracy, which is the total proportion of observa-
tions correctly identified. More formally, these definitions
are:

sensitivity = true positives/(true positives + false negatives);

A
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specificity = true negatives/(true negatives + false positives);
and

accuracy = (true positives + true negatives)/total.
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Additional File 1
Arabidopsis thaliana data file File is plain text, space delimited. First 
row is column headings with variable names: edit; + site is edited, - site is 
not edited; -20 through 20, nucleotide position relative to edited site; cp, 
codon position; fe, estimated folding energy; dfe, difference in estimated 
folding energy between pre-edited and edited sequences; and loc, location 
of focus site (position 0) in GenBank file. Each subsequent line represents 
a observation.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2105-5-132-S1.txt]

Additional File 2
Brassica napus data file File is plain text, space delimited. First row is 
column headings with variable names: edit; + site is edited, - site is not 
edited; -20 through 20, nucleotide position relative to edited site; cp, 
codon position; fe, estimated folding energy; dfe, difference in estimated 
folding energy between pre-edited and edited sequences; and loc, location 
of focus site (position 0) in GenBank file. Each subsequent line represents 
a observation.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2105-5-132-S2.txt]

Additional File 3
Oryza sativa data file File is plain text, space delimited. First row is col-
umn headings with variable names: edit; + site is edited, - site is not 
edited; -20 through 20, nucleotide position relative to edited site; cp, 
codon position; fe, estimated folding energy; dfe, difference in estimated 
folding energy between pre-edited and edited sequences; and loc, location 
of focus site (position 0) in GenBank file. Each subsequent line represents 
a observation.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2105-5-132-S3.txt]

Additional File 4
Combined data file File is plain text, space delimited. First row is column 
headings with variable names: edit; + site is edited, - site is not edited; -
20 through 20, nucleotide position relative to edited site; cp, codon posi-
tion; fe, estimated folding energy; dfe, difference in estimated folding 
energy between pre-edited and edited sequences; and loc, location of focus 
site (position 0) in GenBank file. Each subsequent line represents a 
observation.
Click here for file
[http://www.biomedcentral.com/content/supplementary/1471-
2105-5-132-S4.txt]
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Lumazine synthase catalyzes one of the final steps
in the synthesis of riboflavin in plants, fungi, and
microorganisms. This type of enzyme displays two
quaternary structures, the polyhedral protein coat
in plants and bacteria, and the beautiful pen-
tameric forms in yeast and fungi as shown here.
This molecule was derived from Brucella abortus,
the infectious organism of the disease brucellosis in
animals. The active sites of the two structure types
are virtually identical, indicating that inhibitors
to these enzymes could be effective pharmaceuticals
across a broad species range.
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Welcome to the first annual report for the Protein Data Bank (PDB) following its 

transition to the management of the Research Collaboratory for Structural

Bioinformatics (RCSB). The period of time between July 1, 1999 and June 30, 2000

represents the first full year of management of the PDB by the RCSB. In this year, the PDB has

achieved significant progress in enhancing and maintaining the PDB. This report, prepared for

a general audience, briefly describes the purpose and functions of the PDB, details our accom-

plishments during this first year of RCSB management, and touches upon our plans for the

coming year.

As the sole international repository for three-dimensional structure data of biological macromol-

ecules, the PDB is an important resource for the extensive life-science research community. The

RCSB’s mission for the PDB is to enable new science. Each of the RCSB partner sites con-

tributes to the operation and development of the PDB: Rutgers, data deposition and processing;

National Institute of Standards and Technology (NIST), data uniformity, exploring issues spe-

cific to nuclear magnetic resonance (NMR), and data archiving; and the San Diego Supercomputer Center (SDSC) at the

University of California, San Diego (UCSD), data query reporting and distribution. We have been able to make great strides

in enhancing the PDB due to the unique environment the RCSB offers in personnel, hardware, software, and network infra-

structure. Some of the successes that highlight this year of the PDB’s management by the RCSB are detailed in this docu-

ment. Here are just a few of the PDB’s outstanding achievements from this timeframe: 

• The seamless transition of the PDB from Brookhaven National Laboratory was completed a full three months ahead of

schedule

• A large number of files have been processed with a rapid turnaround time

• Legacy data has been reprocessed and cross-referenced to ensure reliability

• An average of 90,000 hits per day have been accommodated by the main PDB Web site alone

The input from a number of collaborators made these achievements possible. We extend our sin-

cerest gratitude to all who have shown their support during the past year and who have

helped to make the PDB a better resource. Our plans for the future are to enhance the

PDB’s many features with new capabilities. We are particularly excited about a

higher, faster throughput of deposited data; a greater number of query capabili-

ties, including more complex and accurate queries; and a more uniform archive. 

We look forward to working with you in the years to come, and welcome

your input to help maintain the integrity of the resource and to perpetuate

its importance as a vital enabling technology for the sciences.

Helen M. Berman
on behalf of the entire project team

Message from the Director 

Taq DNA polymerase has revolutionized biotechnology. This mole-
cule is used in a process which allows small samples of DNA to be
duplicated and analyzed. DNA polymerase duplicates genetic infor-
mation by taking a single strand of DNA and building a compli-
mentary strand. In this image, a small piece of DNA is bound with
the template strand in purple and the new strand in green. This
image was created from the PDB file 1tau by David S. Goodsell of
The Scripps Research Institute.

PDBid: 1TAU

S.H. Eom, J. Wang, T.A. Steitz (1996): Structure of Taq polymerase
with DNA at the polymerase active site. Nature 382, p. 278.
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The Protein Data Bank is the sole international repository

for 3-dimensional structure data of biological macromol-

ecules. Specifically, it is a resource that processes, stores,

and disseminates structure coordinates and related information

about proteins, nucleic acids, nucleic acid complexes, viruses,

polypeptides, and some carbohydrates.

Why is it important? 
The 3-D structures of proteins and other biological macromole-

cules contained in the PDB hold significant promise for the

pharmaceutical and biotechnology industries in the search for

new drugs with few or no side effects, and the efforts to under-

stand the mystery of human disease. Medical researchers envision

gaining new insights into the causes, effects, and treatment of

various diseases by unlocking the therapeutic potential of biolog-

ical macromolecules. This requires very precise and accurate

information about the atomic structure of complex molecules.

The understanding of what a structure looks like aids in under-

standing how it works.

The PDB provides researchers with a rich source of information

about biological structures. Because of the improvements that

the RCSB has introduced, PDB users can now access new servic-

es and formulate complex queries that will provide reliable

answers to further the research efforts of the international biolog-

ical and biomedical communities. The PDB now provides pow-

erful tools to help researchers understand biological function

through investigation of sequence and molecular structure. The

tremendous influx of data that is being fueled by the structural

genomics initiative, and the increased recognition of the value of

structural data in understanding biological function, demand

new ways to collect, organize, and distribute data. The PDB will

continue to meet this demand using the most modern technolo-

gy that facilitates the use and analysis of structural data and that

creates an enabling resource for biological research.

Who is involved in running it?
The PDB is managed by the Research Collaboratory for

Structural Bioinformatics. The RCSB is a non-profit consortium

composed of Rutgers, the State University of New Jersey; the

National Institute of Standards and Technology (NIST); and the

San Diego Supercomputer Center (SDSC), an organized

research unit of the University of California at San Diego

(UCSD). The RCSB is supported by funds from the National

Science Foundation, the Department of Energy, and two units

of the National Institutes of Health: the National Institute of

General Medical Sciences and the National Library of Medicine. 

The RCSB Project Team manages the overall operation of the

PDB. Director Helen M. Berman, Professor of Chemistry at

Rutgers, was part of the original team that developed the PDB in

1971 and is the founder of the Nucleic Acid Database. Data dep-

osition and processing are the responsibilities of the RCSB Team

at Rutgers, which is led by John Westbrook, Research Associate

Professor of Chemistry. Data uniformity, NMR, and the master

archive are the responsibilities of the RCSB Team at NIST,

which is led by Gary Gilliland, Chief of the Biotechnology

Division of the Chemical Science and Technology Laboratory.

Data query and distribution functions are the responsibility of

the RCSB Team at SDSC, which is led by Phil Bourne,

Professor of Pharmacology at UCSD and Senior Principal

Scientist at SDSC, and Peter Arzberger, Executive Director of

SDSC. 

Mission
The mission of the RCSB is to enable science worldwide by pro-

viding resources to improve our understanding of structure-func-

tion relationships in biological systems. The RCSB integrates a

variety of production-level data and software resources, and

shares research results and software. The RCSB is dedicated to

fostering new scientific advances by providing accurate, consis-

tent, well-annotated 3-D structure data that is delivered in a

timely and efficient way to a wide audience. The RCSB will con-

tinue to significantly extend the capabilities of the PDB.

Historical background
The PDB was established at the Brookhaven National

Laboratory (BNL) in 1971, initially holding 7 structures

(Bernstein et al. 1977). After 27 years, responsibility for the oper-

ation and enhancement of the Protein Data Bank transitioned

from BNL to the RCSB during the period from October 1998 to

June 1999. Since July 1, 1999, the RCSB has had sole responsibil-

ity for the management of the PDB (Berman et al. 2000). 
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What is the PDB?

proteins, peptides,
and viruses

protein/nucleic
acid complexes nucleic acids carbohydrates

molecule type

x-ray diffraction
and other 9320 467 515

experimental
technique total

14 10316

NMR 1605 65 321 4 1995

theoretical
modeling 246 18 17 0 281

total 11171 550 853 18 12592

PDB Holdings (27-Jun-2000)



As in any active database, new structures are constantly 

being added, existing entries are being refined and 

“cleaned up”, users are continually accessing data, and

the entire database is periodically archived.

Data input
A key component of creating the public archive of information is

the efficient capture and curation of data – data processing. This

consists of data deposition, validation, and annotation. The

RCSB Team at Rutgers is responsible for all aspects of primary

data processing. Data are primarily deposited to the PDB and

processed using the AutoDep Input Tool (ADIT). Data are also

accepted via ftp, e-mail, CD-ROM, and the legacy BNL

AutoDep system. ADIT is built on top of the mmCIF dictionary

(Bourne 1997), which is an ontology of 1700 terms defining

macromolecular structure and the experiment used to determine

the structure. After checks are per-

formed by the PDB staff, validation

reports and a completed PDB file

are returned to the depositor for

review. The complete entry, includ-

ing its status information and PDB

ID, is loaded into the core relation-

al database. This process is com-

pleted by the PDB staff with an

average turnaround of about two

weeks. Data can also be deposited

using ADIT at Osaka University

(Japan), and by using AutoDep at

the European Bioinformatics

Institute (United Kingdom). Data

are processed at these sites and for-

warded to the RCSB for release.

From July 1999 to June 2000, 

2693 files were deposited with the

PDB. The 2693 deposited struc-

tures come from different experimental sources and from

researchers on five continents, as the figures demonstrate (see

page 4).

Data retrieval and storage
The PDB is a free service available to the general public via the

Internet. The main PDB Web site is maintained by the RCSB

Team at SDSC, and receives an average of 90,000 hits per day

from all over the world – more than one hit per second, 24 hours

per day, seven days per week! Additionally, there are six RCSB

PDB mirror sites around the world, located at the RCSB partner

sites at NIST and Rutgers, and at Osaka University in Japan, the

National University of Singapore, the Cambridge

Crystallographic Data Centre (CCDC) in the United Kingdom,

and the Universidade Federal de Minas Gerias in Brazil. A beta

test site also provides PDB users with the opportunity to try new

features before they are incorporated into the main site. These

sites are maintained 24 hours a day, 7 days a week. New struc-

tures are added to the PDB holdings each Wednesday by 1:00am
Pacific Time.

For users of macromolecular structure data, PDB is a portal to

general information about single structures, substructures, and

their interrelationships. The query capabilities include access to

information across a broad range of structures, a feature vital for

comparative analysis. The site offers several different interfaces

that can be used to query the database. The simplest search is

performed by entering the PDB ID of the desired molecule,

which returns a single structure via the Structure Explorer page.

The Structure Explorer presents options to further study the

molecule, such as the secondary structure or sequence informa-

tion. Each Structure Explorer entry provides links to the atomic

coordinates, crystallization conditions, derived geometric data,

structure factors (where available), 

3-D structure neighbors computed

using various methods, and hyper-

links to other resources which

include analysis programs and the

primary MEDLINE entry. Dynamic

links to the structure’s entry in other

databases as created by the Molecular

Information Agent (MIA; see

http://mia.sdsc.edu) are available under

Other Sources. Many options are

available for displaying structures,

including VRML, RasMol (Sayle,

Milner-White 1995), Chime®, and

QuickPDB (Java). Multiple structures

can be retrieved by using either the

SearchLite interface, which performs

a simple keyword search, or the

SearchFields interface, which is a

more advanced, customizable search

based on parameters that the user selects. The resulting Query

Result Browser lists all molecules that meet the user’s query spec-

ifications, and allows for exploration of one or more of the

resulting structures. Options to refine the query or create tabular

reports from such results are also available. A PDB or mmCIF

format file for any structure can be downloaded as plain text or

in one of several compression formats from the PDB Web site.

Files may also be downloaded directly from the PDB ftp server. 

Master Archive
The Master Archive, containing both paper and electronic

records, is maintained at the RCSB-NIST site. The paper

records are being converted to electronic form for long-term,

automatic, reliable access. The electronic storage of all records

will ensure the long-term viability of the resource. A snapshot of

the complete query and distribution production system is made

by SDSC and sent to NIST for long term archiving each month.

Currently, depositor tapes that were stored at BNL are being
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Theoretical
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How does it work? 

Experimental Source for RCSB
Depositions (7/99–6/00)



4 Research Collaboratory for Structural Bioinformatics

0

20,000

40,000

60,000

80,000

100,000

120,000

Files

Hits

6/005/004/003/002/001/0012/9911/9910/999/998/997/99

converted to CD-ROM format for reference uses and long-term

storage. The PDB also maintains and distributes a quarterly CD-

ROM snapshot of its holdings for users who may not have facile

internet access or who prefer to have a local copy of the PDB

files. 

Data Uniformity
A significant objective of the PDB is to make the archive as

consistent and error-free as possible. Query across the com-

plete PDB has been limited by missing, erroneous, and incon-

sistently reported experimental data, nomenclature, and func-

tional annotation. The evolution of experimental methods,

functional knowledge of proteins, and methods used to

process these data over the years has introduced various

inconsistencies into the PDB archive and has inspired differ-

ent versions of the PDB format. In addition to concentrating

on making current depositions to the PDB consistent, efforts

are being made as part of the Data Uniformity Project to

enhance the consistency of existing entries. 

The RCSB Team at NIST is responsible for the data quality

enhancement of the legacy data. The goal of these efforts is

to provide a higher level of query capability through the

higher curation of the database. The legacy data are being

checked for accuracy, uniformity, and completeness in both

individual and global respects. Much progress has been

achieved in this “clean-up” process by means of two com-

plementary methods used to update and unify the archive.

File-by-file uniformity processing brings each entry up to

the current PDB format by adding records that were not

present in some early entries, correcting unresolved prob-

lems, providing standard nomenclature, and evaluating data

using current validation software. Approximately 3000

entries have been processed in this manner. Additionally,

key records within each PDB entry have been targeted for

archive-wide uniformity processing wherein data are exam-

ined and updated on certain global parameters such as syn-

onyms, common names, and names used by other data cen-

ters to enrich the reliability of query results. 

South America (0.1%)Australia (2.4%)

Asia (10.7%)

Europe (25.0%)

North America (61.7%)

RCSB Deposition Demographics* 

South America (1.0%)Australia/New Zealand (2.0%)

Asia (11.0%)

Europe (25.0%)

North America (61.0%)

PDB Hits for the Primary RCSB Site (www.rcsb.org)
Based on Region (781,857 total)* 

Daily Average WWW Access by Month for the Primary RCSB Site (www.rcsb.org)

*From 7/99 to 6/00
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In its first full year of operating the PDB, the RCSB has

achieved many noteworthy successes. The PDB Advisory

Committee (PDBAC), which consists of members of the

international scientific community, commended the RCSB on its

high level of service and highlighted a number of RCSB achieve-

ments during its site visit in March, 2000:

• Smooth, seamless transition three months ahead of schedule

• Timely and efficient processing of newly deposited and

backlogged information 

• Development of a new and robust data input tool (ADIT)

• Introduction of the mmCIF data format, which allows

greater flexibility for incorporating new forms of data

• “Cleaning up” older PDB entries to ensure data uniformity

• Proactive investigation of XML and CORBA software tech-

nologies

• Enhancement of database query tools that meet the needs of

most users

• Improved handling of Nuclear Magnetic Resonance struc-

tures

• Continued collaboration with the European Bioinformatics

Institute (EBI) data deposition site

• New collaboration with the Osaka University (Japan) ADIT

data deposition site

• Education and outreach efforts to the scientific user commu-

nity

• Ongoing efforts to collaborate with other bioinformatics

databases and organizations

The following text elaborates on many of these and describes

other accomplishments.

The RCSB Collaboration
One of our primary achievements is the RCSB itself. Rutgers,

UCSD, and NIST have successfully worked together to maintain

and improve the PDB to meet the growing demands of the sci-

entific community. The participants at all three locations work

together in order to achieve the shared vision of providing the

best possible bioinformatics database to the international scientif-

ic community. While each RCSB site has primary responsibili-

ties, members of each of the sites contribute to aspects of the

project at the other sites. This is necessary to achieve the inte-

grated systems that we have developed and utilized. The Project

Leadership Team consists of Dr. Helen Berman and Dr. John

Westbrook of Rutgers, Dr. Phil Bourne and Dr. Peter Arzberger

of UCSD, and Dr. Gary Gilliland and Dr. T.N. Bhat of NIST.

They, and all RCSB members, communicate frequently by

phone and e-mail to coordinate activities and track progress. 

Advisory Committees
The PDB has several Advisory Committees who provide advice

and guidance. The members of the PDB Advisory Committee

were selected for their combined expertise in X-ray crystallogra-

phy, NMR, modeling, and bioinformatics. The RCSB has also

established a Database Advisory Committee whose members

consist of directors of other international data resources. This

committee helps with matters specific to databases and has

already helped the RCSB to arrive at a plan for releasing remedi-

ated data. The Professional Societies Committee will provide

advice on matters relevant to our interactions with professional

societies. The NMR Task Force provides guidance with respect

to meeting the specific needs of the NMR community.

Large number of entries processed per year 
During the summer and early fall of 1999 the RCSB completed

the processing of the 468 unreleased structures inherited at the

time of the PDB transition. The RCSB also reprocessed 456

structures that BNL had released as “Layer 1” entries, meaning

unannotated and unprocessed, and brought them to the com-

pletely processed “Layer 2” status. In addition, the RCSB

processed and released approximately 2300 newly deposited

structures. In all, the RCSB processed and released approximate-

ly 25% of the entries in the entire PDB in its first full year of

operation. As a result of the talented and highly motivated anno-

tation staff at Rutgers and the use of ADIT software, the RCSB

has been able to fully process files at the time of deposition, with

an average turnaround time of less than two weeks.

Large number of hits/users 
Over the past year, the primary PDB Web site, located at SDSC,

has averaged over 90,000 hits a day, with a peak average of over

100,000. The adjacent figure shows the daily average of hits and

files downloaded by month. The staff at the SDSC is dedicated

to maintaining the site on a 24/7 basis and has succeeded with

only a few hours of down time this past year.

Outreach and Education 
The RCSB is dedicated to providing a better understanding of

biological macromolecules. To accomplish this, the PDB has

implemented a number of educational and outreach efforts to

address the needs of a very diverse user community ranging from

students to distinguished professionals. 

Molecule of the Month
One such innovation is the popular Molecule of the Month

piece, which was highlighted in the journal Science (2000). Each

month a key biological molecule is selected for further explo-

ration. Beautiful images of the molecule are provided by David

Goodsell of the Scripps Research Institute and featured on the

PDB home page. Subsequent links provide additional informa-

tion about the structure and function of the molecule at a gener-

al level. 

Get Educated
The site’s “Get Educated” page includes an introduction to pro-

teins for general audiences and materials for undergraduates on

How well is the RCSB doing?
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topics such as nucleic acids and nucleic acid-containing struc-

tures, principles of protein structure, and electron microscopy.

Several beginners’ tutorials on how to query the PDB and how

to use RasMol and the Swiss-PDB Viewer (Guex, Peitsch 1997),

two popular molecular graphics viewing programs, are available.

Links are frequently added to this resource, which also includes

papers on the PDB, animated presentations about the PDB, and

VRML “protein documentaries” developed by students.

Ask the PDB Community
Another important service is the electronic help desk at

info@rcsb.org, which is available to answer all types of questions

about the PDB, usually within a 24-hour period. The RCSB-

Rutgers site also maintains two other addresses: deposit@rcsb.rut-
gers.edu, for general deposition and processing questions; and

help@rcsb.rutgers.edu, for ADIT information. Furthermore, the

pdb-l@rcsb.org discussion list provides a forum for users to interact

and collaborate.

The PDB staff is also actively involved at conferences, hosting

exhibit booths, demonstrations, and user group

meetings to gather feedback from the user

community and to provide informa-

tion about PDB’s capabilities and

growth. Materials such as

informative flyers and a quar-

terly newsletter are circulat-

ed to a broad audience to

inform the community

about PDB’s resources and

new items of interest.

Collaboration with
other non-RCSB
organizations
In order to better serve the

needs of the scientific community,

the RCSB is collaborating with the

following bioinformatics organiza-

tions: 

BioMagResBank (BMRB): The

RCSB is coordinating the deposi-

tion of NMR data with this site.

The BMRB is responsible for exper-

imental data and the PDB is

responsible for structural data. 

Cambridge Crystallographic Data
Centre (CCDC): The CCDC and

the RCSB have begun to develop

methods for ligand validation. The

RCSB is also working to mirror

ReLiBase, which is now under the

management of the CCDC.

European Bioinformatics Institute (EBI): The EBI provides

weekly updates of the structures deposited at their site. 

Institute for Protein Research, Osaka University: Structures

deposited at the ADIT site at Osaka University are processed

and then forwarded to the RCSB PDB for release.

National Center for Biotechnology Information (NCBI): We

are working with NCBI to ensure that our files can be used by

the databases developed and distributed by NCBI.

NCI-Frederick Cancer Research and Development Foundation:
We are working to move the HIV Protease Database from this

foundation to NIST and incorporate PDB data files that have

undergone the PDB uniformity process. 

Swiss Institute for Bioinformatics/Glaxo: Both parties are work-

ing to create an mmCIF based dictionary that can be used to

store model data. 

NMR Collaborations
The PDB’s continuing NMR efforts have involved working

closely with the NMR community to develop a data dictionary

and deposition/validation tools and procedures specific for

NMR. This is being accomplished by working directly with the

BMRB, by forming a PDB NMR Task Force, and by ensuring a

presence at all major NMR meetings and workshops.

Achievements to date include improved handling of ensembles of

NMR structures and the development of an expanding diction-

ary of terms describing NMR structure determinations. The

flexible mmCIF dictionary has permitted implementation of

these changes, without compromising searches on files

using the older nomenclature. 

The RCSB has undertaken a collaborative effort

with the BMRB to develop a joint deposition sys-

tem for NMR-specific data based on ADIT. An

ADIT server for the data items collected by the

BMRB has been built and is being alpha-

tested. This version uses an mmCIF-like

dictionary that was derived from the

NMR STAR deposition form used

by BMRB. The goal is to provide a

single integrated deposition system for

NMR data that will accept both exper-

imental and structure data. 

The PDB is also participating in the

Collaborative Computing Project for

NMR (CCPN) with the goal of devel-

oping data-harvesting capabilities. Data

harvesting refers to the exchange of

data between the software packages

used during the determination of a

structure and the deposition software at

the public databanks. Much of the

information required for deposition is

required by the software packages used

in processing experimental data and

determining structures. Automatic

exchange of these data will ease the

burden on the depositor and provide richer and more accurate

data to the databanks with improved data uniformity. This proj-

ect requires development of a generally accepted data format,

accompanied by a standard library of tools for manipulating data

conforming to this standard. 

A bacteriophage is a virus that attacks bacteria. The
phiX174 bacteriophage, pictured here, attacks the
common human bacteria Escherichia coli, infecting
the cell and forcing it to make new viruses. This mol-
ecule was the 10,000th deposited structure, a mile-
stone for the PDB.

PDBid: 1CD3

T. Dokland, R.A. Bernal, A. Burch, S. Pletnev, B.A.
Fane, M.G. Rossmann (1999): The role of scaffolding
proteins in the assembly of the small, single-stranded
DNA virus phiX174. J. Mol. Biol. 288, p. 595.
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Expected growth of data
These are exciting and challenging times to be responsible for

the collection, curation, and distribution of macromolecular

structure data. It is expected that improved technologies and

experimental methods will accelerate the growth of the number

of structures in the coming years. It is estimated that the PDB

could grow to approximately 35,000 structures by 2005, which

would nearly triple its size in less than five years. One major fac-

tor in this growth is the advent of structural genomics, whose

goal is to determine the structures of as many of the proteins

accessible from a given genome as possible, in the shortest time

possible. This promises to greatly increase the amount of infor-

mation that needs to be

archived within the PDB,

presenting a huge challenge to

the timely distribution of

high quality data. The PDB’s

approach of using modern

data management practices

should permit it to scale to

accommodate a large data

influx. Structural genomics

programs will be capturing a

substantial body of interim

results and biophysical data

that are likely to be of interest

to the scientific community.

The RCSB is uniquely posi-

tioned to address the latter

challenge because of its

expertise with mmCIF and

modern database technolo-

gies. 

Expected growth in
access 
As technology advances, it is

anticipated that the PDB’s

user base will expand with a

greater need for ease of access.

In order to accommodate this

demand, the RCSB plans to

enhance the robustness of the

PDB’s query capabilities. The

implementation of synonyms

for proteins and ligands used

in the PDB for querying is one way of enhancing these capabili-

ties. One notable feature to be released in the future is myPDB.

This service will allow users to register a query that will be run

automatically at a specified frequency and return the results via

email. New non-redundant data sets will be available soon along

with the traditional non-redundant set known as PDBselect,

originally derived by Hobohm, Sander et al. (1992). Property

based searching features will also be made available, along with

new display features such as Ramachandran plots, packing dia-

grams, and the complete biological unit. 

The RCSB will also continue its efforts to develop a standard

application interface for macromolecular data based on the

Common Object Request Broker Architecture (CORBA). An

initial proposal was submitted to the Object Management Group

(OMG) in February 2000. When the final specification is

accepted, the PDB will be able to publish a robust and efficient

interface definition for direct use by programs and other databas-

es accessing the PDB. Standards will be agreed upon and imple-

mented. 

Planned hardware upgrades

to the current system include

the addition of two 4-proces-

sor Sun 450’s each with 6 GB

of memory and 200 GB of

disk space to permit expan-

sion and faster access to the

PDB primary production

site. The existing 4000’s will

be used for the beta site and

the proposed myPDB

resource.

Another access development

pertains to the data archive.

The RCSB is proceeding

with the next phase of

archiving the physical data,

which involves scanning and

electronically storing all doc-

uments associated with the

PDB. Protocols will be devel-

oped and implemented

regarding procedures for han-

dling the old and new docu-

ments. The CD-ROM pro-

duction will continue on a

quarterly schedule, and dur-

ing the coming year the

development of a DVD dis-

tribution product will be

pursued to reduce the num-

ber of CDs in the set and

their production costs.

Future of Data Processing
The on-going maintenance and development of data processing

and data validation software will continue to be a primary soft-

ware effort. With the anticipated increase in the number of

structures submitted to the PDB for deposition, greater automa-

tion of the tasks associated with annotation and validation will

Where is the PDB going?
Future challenges and plans to meet them

The science of protein structure began with myoglobin. After years of
arduous work, John Kendrew (Myoglobin and the Structure of
Proteins, Nobel Lecture, December 11, 1962) and his coworkers deter-
mined the atomic structure of myoglobin, laying the foundation for an
era of biological understanding. Myoglobin is a small, bright red pro-
tein. It is very common in muscle cells, and gives meat much of its red
color. Its job is to store oxygen, for use when muscles are hard at work.

PDBid: 1MBN

H.C. Watson (1969): The Stereochemistry of the protein myoglobin.
Prog.Stereochem. 4, p. 299.



remain a high priority. The protocols established for dealing

with the legacy data will help to provide mechanisms for updat-

ing the PDB in the future, as notations and usage patterns

change. The PDB must also accommodate new requirements,

such as those that will come with depositions of cryogenic elec-

tron microscopy (cryo-EM) data.

The RCSB plans to release ADIT and its validation tools, and

will provide support. The RCSB will base its future user inter-

face development plans for ADIT on the feedback that it obtains

from the first distribution of ADIT.

Addressing the data integration tasks associated with the new

structural genomics projects will be a major focus for next year.

The RCSB plans to establish a liaison with each of the structural

genomics projects to serve as a point

of contact for data exchange issues.

The PDB could serve as a model for

many data representation and man-

agement systems that will be

required to support the structural

genomics effort. The RCSB will pro-

mote the use of the PDB tools and

methods among the structural

genomics projects.

The RCSB will also continue to

work with software developers to

promote the use of mmCIF in struc-

ture determination software, and will

continue to work within the CCPN

project to promote the use of a data

representation that will integrate

well with mmCIF.

Developments in Data
Uniformity
Data uniformity work will continue

by focusing on structure classifica-

tion, compound records, chain ID

fields, refinement parameters, coor-

dinates, sequence records, and the

biological unit. All the information generated as database tables

during the uniformity process will be accessible from the PDB

query and report functions, and will be stored in mmCIF files

separate from the original archive and made available to all users

of the PDB, along with new tools for accessing these mmCIF

files.

Future of NMR
The PDB will continue to maintain an active dialog with the

NMR community through its NMR Task Force, working closely

with the BMRB, and as an active participant in the CCPN soft-

ware initiative. 

Outreach and Education activities
The RCSB is committed to maintaining a proactive attitude in

further developing its outreach to

all sectors of the scientific and non-

scientific community. The RCSB

will continue to expand the

resources in place, such as the Get

Educated resource, while develop-

ing new features. The PDB will

continue to be represented at a

variety of meetings and confer-

ences. 

Efforts are also under way to fur-

ther improve awareness and usabili-

ty of PDB data at different levels of

expertise and use. New methodolo-

gies for the integration of tradition-

al database information and func-

tional content are being developed

using eXtensible Markup Language

(XML), a technology receiving a

great deal of attention by Web

developers. 

The RCSB will continue to pro-

mote frequent interactions with the

community and will rise to meet

the needs of its growing user base.
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RCSB PARTNER SITES

SAN DIEGO SUPERCOMPUTER CENTER AT THE UNIVERSITY
OF CALIFORNIA, LA JOLLA, CA, USA

http://www.rcsb.org/pdb/
http://www.pdb.org/
ftp://ftp.rcsb.org/

RUTGERS, THE STATE UNIVERSITY OF NEW JERSEY,
PISCATAWAY, NJ, USA

http://rutgers.rcsb.org/

NATIONAL INSTITUTE OF STANDARDS AND TECHNOLOGY,
GAITHERSBURG, MD, USA

http://nist.rcsb.org/

This molecule is the first complete atomic structure
of the 50S ribosomal subunit, which catalyzes
peptide bond formation; it binds initiation, termi-
nation, and elongation factors. The model includes
2711 of the 2923 nucleotides of 23S ribosomal
RNA, all 122 nucleotides of its 5S ribosomal
RNA, as well as structures for the 27 of the 31 pro-
teins in the subunit. This is a unique deposition as
it is the first comprehensive structure of its kind to
be included in the PDB holdings.
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TOP: X-ray crystallography can reveal the three-
dimensional structure of short fragments of DNA
with amazing precision. It provides information
on the overall helical structure and the configura-
tion of local features such as base-pair stacking
patterns and backbone form, which also gives
such clues to its function as potential binding
behavior. The groove geometries and accessibilities
of this self-complementary DNA fragment CCG-
GCGCCGG may be important for the potential
binding of both proteins and drug molecules to
G/C stretches in DNA. 

PDBid: 1CGC

U. Heinemann, C. Alings, M. Bansal (1992):
Double helix conformation, groove dimensions
and ligand binding potential of a G/C stretch in
B-DNA. EMBO. J. 11, p. 1931.

BOTTOM: The structure of the nucleosome core
particle of chromatin shows in detail how the his-
tone protein is assembled into eight similar sec-
tions called “octamers”, and how 146 base pairs of
DNA are organized into a superhelix around it.
This molecule reveals the form of DNA that is
predominant in living cells and offers a wealth of
information on DNA binding and bending by
the histone octamer. 

PDBid: 1AOI

K. Luger, A.W. Mader, R.K. Richmond, D.F.
Sargent, T.J. Richmond (1997): Crystal structure
of the nucleosome core particle at 2.8 A resolution.
Nature 389, p. 251.
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1. Abstract 
 
A flood of data means that many of the challenges in biology are now challenges in computing. 
Bioinformatics, the application of computational techniques to analyse the information associated 
with biomolecules on a large-scale, has now firmly established itself as a discipline in molecular 
biology, and encompasses a wide range of subject areas from structural biology, genomics to gene 
expression studies. 
 
In this review we provide an introduction and overview of the current state of the field. We discuss 
the main principles that underpin bioinformatics analyses, look at the types of biological information 
and databases that are commonly used, and finally examine some of the studies that are being 
conducted, particularly with reference to transcription regulatory systems. 
 
 
2. Introduction  
 
Biological data are flooding in at an unprecedented rate (1). For example as of August 
2000, the GenBank repository of nucleic acid sequences contained 8,214,000 entries (2) 
and the SWISS-PROT database of protein sequences contained 88,166 (3). On average, 
the amount of information stored in these databases is doubling every 15 months (2). In 
addition, since the publication of the H. influenzae genome (4), complete sequences for 
over 40 organisms have been released, ranging from 450 genes to over 100,000. Add to 
this the data from the myriad of related projects that study gene expression, determine the 
protein structures encoded by the genes, and detail how these products interact with one 
another, and we can begin to imagine the enormous quantity and variety of information 
that is being produced.  
 



2.1 Bioinformatics – a definition1 

 
 
 
 
 
 
 
 
   1 As submitted to the Oxford English Dictionary 
 
As a result of this surge in data, many of the challenges in biology have actually become 
challenges in computing. Such an approach is ideal because of the ease with which 
computers can handle large quantities of data and probe the complex dynamics observed 
in nature. Bioinformatics, the subject of the current review, is often defined as the 
application of computational techniques to understand and organise the information 
associated with biological macromolecules. This shotgun marriage between the two 
subjects is largely attributed to the fact that biology itself is an information technology; 
an organism’s physiology and behaviour are largely dictated by its genes, which at the 
basic level can be viewed as digital repositories of information. At the same time, there 
have been major advances in the technologies that supply the raw data; according to 
Anthony Kerlavage of Celera, an experimental laboratory can easily produce over 100 
gigabytes of data a day (5). This incredible processing power has been matched by 
developments in computer technology; the most important areas of improvements have 
been in the CPU, disk storage and Internet, allowing faster computations, better data 
storage and revolutionalised the methods for accessing and exchanging of data.  
 
2.2 Aims of bioinformatics 
 
The aims of bioinformatics are three-fold. First, at its simplest bioinformatics organises 
data in a way that allows researchers to access existing information and to submit new 
entries as they are produced, eg the Protein Data Bank for 3D macromolecular structures 
(6, 7). While data-curation is an essential task, the information stored in these databases 
is essentially useless until analysed. Thus the purpose of bioinformatics extends far 
beyond mere volume control. The second aim is to develop tools and resources that aid in 
the analysis of data. For example, having sequenced a particular protein, it is of interest to 
compare it with previously characterised sequences. This requires more than just a 
straightforward database search. As such, programs such as FASTA (8) and PSI-BLAST 
(9) must consider what constitutes a biologically significant resemblance. Development 
of such resources requires extensive knowledge of computational theory, as well as a 
thorough understanding of biology. The third aim is to use these tools to analyse the data 
and interpret the results in a biologically meaningful manner. Traditionally, biological 
studies examined individual systems in detail, and frequently compared them with a few 
that are related. In bioinformatics, we can also conduct global analyses of all the available 
data with the aim of uncovering common principles that apply across many systems and 
highlight features that are unique to some. 
 

(Molecular) bio – informatics: bioinformatics is conceptualising biology in terms of 
molecules (in the sense of physical chemistry) and applying “informatics techniques” 
(derived from disciplines such as applied maths, computer science and statistics) to 
understand and organise the information associated with these molecules, on a large 
scale. In short, bioinformatics is a management information system for molecular 
biology and has many practical applications. 



In this review, we provide an introduction to bioinformatics. We focus on the first and 
third aims just described, with particular reference to the keywords underlined in the 
definition: information, informatics, organisation, understanding, large-scale and 
practical applications. Specifically, we discuss the range of data that are currently being 
examined, the databases into which they are organised, the types of analyses that are 
being conducted using transcription regulatory systems as an example, and finally discuss 
some of the major practical applications of bioinformatics. 
 
 
3. “…the INFORMATION associated with these molecules…” 
  
Table 1 lists the types of data that are analysed in bioinformatics and the range of topics 
that we consider to fall within the field. Here we take a broad view and include subjects 
that may not normally be listed. We also give approximate values describing the sizes of 
data being discussed.  
 
We start with an overview of the sources of information: these may be divided into raw 
DNA sequences, protein sequences, macromolecular structures, genome sequences, and 
other whole genome data. Raw DNA sequences are strings of the four base-letters 
comprising genes, each typically 1,000 bases long. The GenBank repository of nucleic 
acid sequences currently holds a total of 9.5 billion bases in 8.2 million entries (all 
database figures as of August 2000). At the next level are protein sequences comprising 
strings of 20 amino acid-letters. At present there are about 300,000 known protein 
sequences, with a typical bacterial protein containing approximately 300 amino acids. 
Macromolecular structural data represents a more complex form of information. There 
are currently 13,000 entries in the Protein Data Bank, PDB, most of which are protein 
structures. A typical PDB file for a medium-sized protein contains the xyz coordinates of 
approximately 2,000 atoms. 
 
Scientific euphoria has recently centred on whole genome sequencing. As with the raw 
DNA sequences, genomes consist of strings of base-letters, ranging from 1.6 million 
bases in Haemophilus influenzae to 3 billion in humans. An important aspect of complete 
genomes is the distinction between coding regions and non-coding regions –‘junk’ 
repetitive sequences making up the bulk of base sequences especially in eukaryotes. We 
can now measure expression levels of almost every gene in a given cell on a whole-
genome level although public availability of such data is still limited. Expression level 
measurements are made under different environmental conditions, different stages of the 
cell cycle and different cell types in multi-cellular organisms. Currently the largest 
dataset for yeast has made approximately 20 time-point measurements for 6,000 genes 
(10). Other genomic-scale data include biochemical information on metabolic pathways, 
regulatory networks, protein-protein interaction data from two-hybrid experiments, and 
systematic knockouts of individual genes to test the viability of an organism. 
 
What is apparent from this list is the diversity in the size and complexity of different 
datasets. There are invariably more sequence-based data than structural data because of 
the relative ease with which they can be produced. This is partly related to the greater 



complexity and information-content of individual structures compared to individual 
sequences. While more biological information can be derived from a single structure than 
a protein sequence, the problem is overcome in the latter by analysing larger quantities of 
data.  
 

Data source Data size Bioinformatics topics 
Raw DNA sequence 
 
 
 
 
Protein sequence 
 
 
 
Macromolecular  
structure 
 
 
 
 
 
 
 
 
 
Genomes 
 
 
 
 
 
 
 
 
Gene expression 
 

8.2 million 
sequences 
(9.5 billion bases) 
 
 
300,000 sequences 
(~300 amino acids 
each) 
 
13,000 structures 
(~1,000 atomic 
coordinates each) 
 
 
 
 
 
 
 
 
40 complete 
genomes 
(1.6 million –  
3 billion bases each) 
 
 
 
 
 
largest: ~20 time 
point measurements 
for ~6,000 genes 
 

Separating coding and non-coding regions 
Identification of introns and exons 
Gene product prediction 
Forensic analysis 
 
Sequence comparison algorithms 
Multiple sequence alignments algorithms 
Identification of conserved sequence motifs 
 
Secondary, tertiary structure prediction 
3D structural alignment algorithms 
Protein geometry measurements 
Surface and volume shape calculations 
Intermolecular interactions 
 
Molecular simulations 
(force-field calculations,  
molecular movements,  
docking predictions) 
 
Characterisation of repeats 
Structural assignments to genes 
Phylogenetic analysis 
Genomic-scale censuses 
(characterisation of protein content, metabolic 
pathways) 
Linkage analysis relating specific genes to 
diseases 
 
Correlating expression patterns 
Mapping expression data to sequence, structural 
and biochemical data 

Other data 
 
Literature 
 
 
Metabolic pathways 

 
 
11 million citations 

 
 
Digital libraries for automated bibliographical 
searches 
Knowledge databases of data from literature 
 
Pathway simulations 
 

 
Table 1. Sources of data used in bioinformatics, the quantity of each type of data that is 
currently (August 2000) available, and bioinformatics subject areas that utilise this data. 

 
 
 



4. “… ORGANISE the information on a LARGE SCALE …” 
 
4.1 Redundancy and multiplicity of data 
 
A concept that underpins most research methods in bioinformatics is that much of this 
data can be grouped together based on biologically meaningful similarities. For example, 
sequence segments are often repeated at different positions of genomic DNA (11). Genes 
can be clustered into those with particular functions (eg enzymatic actions) or according 
to the metabolic pathway to which they belong (12), although here, single genes may 
actually possess several functions (13). Going further, distinct proteins frequently have 
comparable sequences – organisms often have multiple copies of a particular gene 
through duplication and different species have equivalent or similar proteins that were 
inherited when they diverged from each other in evolution. At a structural level, we 
predict there to be a finite number of different tertiary structures – estimates range 
between 1,000 and 10,000 folds (14, 15) – and proteins adopt equivalent structures even 
when they differ greatly in sequence (16). As a result, although the number of structures 
in the PDB has increased exponentially, the rate of discovery of novel folds has actually 
decreased.  
 
There are common terms to describe the relationship between pairs of proteins or the 
genes from which they are derived: analogous proteins have related folds, but unrelated 
sequences, while homologous proteins are both sequentially and structurally similar. The 
two categories can sometimes be difficult to distinguish especially if the relationship 
between the two proteins is remote (17, 18). Among homologues, it is useful to 
distinguish between orthologues, proteins in different species that have evolved from a 
common ancestral gene, and paralogues, proteins that are related by gene duplication 
within a genome (19). Normally, orthologues retain the same function while paralogues 
evolve distinct, but related functions (20). 
 
An important concept that arises from these observations is that of a finite “parts list” for 
different organisms (21, 22): an inventory of proteins contained within an organism, 
arranged according to different properties such as gene sequence, protein fold or function. 
Taking protein folds as an example, we mentioned that with a few exceptions, the tertiary 
structures of proteins adopt one of a limited repertoire of folds. As the number of 
different fold families is considerably smaller than the number of gene families, 
categorising the proteins by fold provides a substantial simplification of the contents of a 
genome. Similar simplifications can be provided by other attributes such as protein 
function. As such, we expect this notion of a finite parts list to become increasingly 
common in the future genomic analyses. 
 
Clearly, an essential aspect of managing this large volume of data lies in developing 
methods for assessing similarities between different biomolecules and identifying those 
that are related. Below, we discuss the major databases that provide access to the primary 
sources of information, and also introduce some secondary databases that systematically 
group the data (Table 2). These classifications ease comparisons between genomes and 



their products, allowing the identification of common themes between those that are 
related and highlighting features that are unique to some.  
 

 
Database URL 
Protein sequence 
(primary) 
SWISS-PROT 
PIR-International 
 
Protein sequence (composite) 
OWL 
NRDB 
 
Protein sequence (secondary) 
PROSITE 
PRINTS 
Pfam 
 
Macromolecular 
structures 
Protein Data Bank (PDB) 
Nucleic Acids Database (NDB) 
HIV Protease Database 
ReLiBase 
PDBsum 
CATH 
SCOP 
FSSP 
 
Nucleotide sequences 
GenBank 
EMBL 
DDBJ 
 
Genome sequences 
Entrez genomes 
GeneCensus 
COGs 
 
Integrated databases 
InterPro 
Sequence retrieval system (SRS) 
Entrez 

 
 
www.expasy.ch/sprot/sprot-top.html 
www.mips.biochem.mpg.de/proj/protseqdb 
 
 
www.bioinf.man.ac.uk/dbbrowser/OWL 
www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Protein 
 
 
www.expasy.ch/prosite 
www.bioinf.man.ac.uk/dbbrowser/PRINTS/PRINTS.html 
www.sanger.ac.uk/Pfam/ 
 
 
 
www.rcsb.org/pdb 
ndbserver.rutgers.edu/ 
www.ncifcrf.gov/CRYS/HIVdb/NEW_DATABASE 
www2.ebi.ac.uk:8081/home.html 
www.biochem.ucl.ac.uk/bsm/pdbsum 
www.biochem.ucl.ac.uk/bsm/cath 
scop.mrc-lmb.cam.ac.uk/scop 
www2.embl-ebi.ac.uk/dali/fssp 
 
 
www.ncbi.nlm.nih.gov/Genbank 
www.ebi.ac.uk/embl 
www.ddbj.nig.ac.jp/ 
 
 
www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Genome 
bioinfo.mbb.yale.edu/genome 
www.ncbi.nlm.nih.gov/COG 
 
 
www.ebi.ac.uk/interpro 
www.expasy.ch/srs5 
www.ncbi.nlm.nih.gov/Entrez 

 
Table 2. List of URLs for the databases that are cited in the review. 

 



4.2 Protein sequence databases 
 
Protein sequence databases are categorised as primary, composite or secondary. Primary 
databases contain over 300,000 protein sequences and function as a repository for the raw 
data. Some more common repositories, such as SWISS-PROT (3) and PIR-International 
(23), annotate the sequences as well as describe the proteins’ functions, its domain 
structure and post-translational modifications. Composite databases such as OWL (24) 
and the NRDB (25) compile and filter sequence data from different primary databases to 
produce combined non-redundant sets that are more complete than the individual 
databases and also include protein sequence data from the translated coding regions in 
DNA sequence databases (see below). Secondary databases contain information derived 
from protein sequences and help the user determine whether a new sequence belongs to a 
known protein family. One of the most popular is PROSITE (26), a database of short 
sequence patterns and profiles that characterise biologically significant sites in proteins. 
PRINTS (27) expands on this concept and provides a compendium of protein fingerprints 
– groups of conserved motifs that characterise a protein family. Motifs are usually 
separated along a protein sequence, but may be contiguous in 3D-space when the protein 
is folded. By using multiple motifs, fingerprints can encode protein folds and 
functionalities more flexibly than PROSITE. Finally, Pfam (28) contains a large 
collection of multiple sequence alignments and profile Hidden Markov Models covering 
many common protein domains. Pfam-A comprises accurate manually compiled 
alignments while Pfam-B is an automated clustering of the whole SWISS-PROT 
database. These different secondary databases have recently been incorporated into a 
single resource named InterPro (29).  
 
4.3 Structural databases 
 
Next we look at databases of macromolecular structures. The Protein Data Bank, PDB (6, 
7), provides a primary archive of all 3D structures for macromolecules such as proteins, 
RNA, DNA and various complexes. Most of the ~13,000 structures (August 2000) are 
solved by x-ray crystallography and NMR, but some theoretical models are also included. 
As the information provided in individual PDB entries can be difficult to extract, 
PDBsum (30) provides a separate Web page for every structure in the PDB displaying 
detailed structural analyses, schematic diagrams and data on interactions between 
different molecules in a given entry. Three major databases classify proteins by structure 
in order to identify structural and evolutionary relationships: CATH (31), SCOP (32), and 
FSSP databases (33). All comprise hierarchical structural taxonomy where groups of 
proteins increase in similarity at lower levels of the classification tree. In addition, 
numerous databases focus on particular types of macromolecules. These include the 
Nucleic Acids Database, NDB (34), for structures related to nucleic acids, the HIV 
protease database (35) for HIV-1, HIV-2 and SIV protease structures and their 
complexes, and ReLiBase (36) for receptor-ligand complexes.  
 
 
 
 



4.4 Nucleotide and Genome sequences 
 
As described previously, the biggest excitement currently lies with the availability of 
complete genome sequences for different organisms. The GenBank (2), EMBL (37) and 
DDBJ (38) databases contain DNA sequences for individual genes that encode protein 
and RNA products. Much like the composite protein sequence database, the Entrez 
nucleotide database (39) compiles sequence data from these primary databases.  
 
As whole-genome sequencing is often conducted through international collaborations, 
individual genomes are published at different sites. The Entrez genome database (40) 
brings together all complete and partial genomes in a single location and currently 
represents over 1,000 organisms (August 2000). In addition to providing the raw 
nucleotide sequence, information is presented at several levels of detail including: a list 
of completed genomes, all chromosomes in an organism, detailed views of single 
chromosomes marking coding and non-coding regions, and single genes. At each level 
there are graphical presentations, pre-computed analyses and links to other sections of 
Entrez. For example, annotations for single genes include the translated protein sequence, 
sequence alignments with similar genes in other genomes and summaries of the 
experimentally characterised or predicted function. GeneCensus (41) also provides an 
entry point for genome analysis with an interactive whole-genome comparison from an 
evolutionary perspective. The database allows building of phylogenetic trees based on 
different criteria such as ribosomal RNA or protein fold occurrence. The site also enables 
multiple genome comparisons, analysis of single genomes and retrieval of information 
for individual genes. The COGs database (20) classifies proteins encoded in 21 
completed genomes on the basis of sequence similarity. Members of the same Cluster of 
Orthologous Group, COG, are expected to have the same 3D domain architecture and 
often, similar functions. The most straightforward application of the database is to predict 
the function of uncharacterised proteins through their homology to characterised proteins, 
and also to identify phylogenetic patterns of protein occurrence – for example, whether a 
given COG is represented across most or all organisms or in just a few closely related 
species.  
 
4.5 Gene expression data 
 
The most recent sources of genomic-scale data have been from expression experiments, 
which quantify the expression levels of individual genes. These experiments measure the 
amount of mRNA or protein products that are produced by the cell. For the former, there 
are three main technologies: the cDNA microarray (42-44), Affymatrix GeneChip (45) 
and SAGE methods (46). The first method measures relative levels of mRNA abundance 
between different samples, while the last two measure absolute levels. Most of the effort 
in gene expression analysis has concentrated on the yeast and human genomes and as yet, 
there is no central repository for this data. For yeast, the Young (10), Church (47) and 
Samson datasets (48) use the GeneChip method, while the Stanford cell cycle (49), 
diauxic shift (50) and deletion mutant datasets (51) use the microarray. Most measure 
mRNA levels throughout the whole yeast cell cycle, although some focus on a particular 
stage in the cycle. For humans, the main application has been to understand expression in 



tumour and cancer cells. The Molecular Portraits of Breast Tumours (52), Lymphoma 
and Leukaemia Molecular Profiling (53) projects provide data from microarray 
experiments on human cancer cells.  
 
The technologies for measuring protein abundance are currently limited to 2D gel 
electrophoresis followed by mass spectrometry (54). As gels can only routinely resolve 
about 1,000 proteins (55), only the most abundant can be visualised. At present, data 
from these experiments are only available from the literature (56, 57). 
 
4.6 Data integration 
 
The most profitable research in bioinformatics often results from integrating multiple 
sources of data (58). For instance, the 3D coordinates of a protein are more useful if 
combined with data about the protein’s function, occurrence in different genomes, and 
interactions with other molecules. In this way, individual pieces of information are put in 
context with respect to other data. Unfortunately, it is not always straightforward to 
access and cross-reference these sources of information because of differences in 
nomenclature and file formats.  
 
At a basic level, this problem is frequently addressed by providing external links to other 
databases, for example in PDBsum, web-pages for individual structures direct the user 
towards corresponding entries in the PDB, NDB, CATH, SCOP and SWISS-PROT. At a 
more advanced level, there have been efforts to integrate access across several data 
sources. One is the Sequence Retrieval System, SRS (59), which allows any flat-file 
databases to be indexed to each other; this allows the user to retrieve, link and access 
entries from nucleic acid, protein sequence, protein motif, protein structure and 
bibliographic databases. Another is the Entrez facility (39), which provides similar 
gateways to DNA and protein sequences, genome mapping data, 3D macromolecular 
structures and the PubMed bibliographic database (60). A search for a particular gene in 
either database will allow smooth transitions to the genome it comes from, the protein 
sequence it encodes, its structure, bibliographic reference and equivalent entries for all 
related genes. 
 
5. “…UNDERSTAND and organise the information…” 
 
Having examined the data, we can discuss the types of analyses that are conducted. As 
shown in Table 1, the broad subject areas in bioinformatics can be separated according to 
the sources of information that are used in the studies. For raw DNA sequences, 
investigations involve separating coding and non-coding regions, and identification of 
introns, exons and promoter regions for annotating genomic DNA (61) (62). For protein 
sequences, analyses include developing algorithms for sequence comparisons (63), 
methods for producing multiple sequence alignments (64), and searching for functional 
domains from conserved sequence motifs in such alignments. Investigations of structural 
data include prediction of secondary and tertiary protein structures, producing methods 
for 3D structural alignments (65, 66), examining protein geometries using distance and 
angular measurements, calculations of surface and volume shapes and analysis of protein 



interactions with other subunits, DNA, RNA and smaller molecules. These studies have 
lead to molecular simulation topics in which structural data are used to calculate the 
energetics involved in stabilising macromolecular structures, simulating movements 
within macromolecules, and computing the energies involved in molecular docking. The 
increasing availability of annotated genomic sequences has resulted in the introduction of 
computational genomics and proteomics – large-scale analyses of complete genomes and 
the proteins that they encode. Research includes characterisation of protein content and 
metabolic pathways between different genomes, identification of interacting proteins, 
assignment and prediction of gene products, and large-scale analyses of gene expression 
levels. Some of these research topics will be demonstrated in our example analysis of 
transcription regulatory systems.  
 
Other subject areas we have included in Table 1 are development of digital libraries for 
automated bibliographical searches, knowledge bases of biological information from the 
literature, DNA analysis methods in forensics, prediction of nucleic acid structures, 
metabolic pathway simulations, and linkage analysis – linking specific genes to different 
disease traits.  
 
In addition to finding relationships between different proteins, much of bioinformatics 
involves the analysis of one type of data to infer and understand the observations for 
another type of data. An example is the use of sequence and structural data to predict the 
secondary and tertiary structures of new protein sequences (67). These methods, 
especially the former, are often based on statistical rules derived from structures, such as 
the propensity for certain amino acid sequences to produce different secondary structural 
elements. Another example is the use of structural data to understand a protein’s function; 
here studies have investigated the relationship different protein folds and their functions 
(68, 69) and analysed similarities between different binding sites in the absence of 
homology (70). Combined with similarity measurements, these studies provide us with an 
understanding of how much biological information can be accurately transferred between 
homologous proteins (71).   
 
5.1 The bioinformatics spectrum 
 
Figure 1 summarises the main points we raised in our discussions of organising and 
understanding biological data – the development of bioinformatics techniques has 
allowed an expansion of biological analysis in two dimension, depth and breadth. The 
first is represented by the vertical axis in the figure and outlines a possible approach to 
the rational drug design process. The aim is to take a single protein and follow through an 
analysis that maximises our understanding of the protein it encodes. Starting with a gene 
sequence, we can determine the protein sequence with strong certainty. From there, 
prediction algorithms can be used to calculate the structure adopted by the protein. 
Geometry calculations can define the shape of the protein’s surface and molecular 
simulations can determine the force fields surrounding the molecule. Finally, using 
docking algorithms, one could identify or design ligands that may bind the protein, 
paving the way for designing a drug that specifically alters the protein’s function. In 
practise, the intermediate steps are still difficult to achieve accurately, and they are best 



combined with experimental methods to obtain some of the data, for example 
characterising the structure of the protein of interest. 

 
 
Figure 1. Paradigm shifts during the past couple of decades have taken much of biology away from the 
laboratory bench and have allowed the integration of other scientific disciplines, specifically computing. 
The result is an expansion of biological research in breadth and depth. The vertical axis demonstrates how 
bioinformatics can aid rational drug design with minimal work in the wet lab. Starting with a single gene 
sequence, we can determine with strong certainty, the protein sequence. From there, we can determine the 
structure using structure prediction techniques. With geometry calculations, we can further resolve the 
protein’s surface and through molecular simulation determine the force fields surrounding the molecule. 
Finally docking algorithms can provide predictions of the ligands that will bind on the protein surface, thus 
paving the way for the design of a drug specific to that molecule.  
 
The horizontal axis shows how the influx of biological data and advances in computer technology have 
broadened the scope of biology. Initially with a pair of proteins, we can make comparisons between the 
between sequences and structures of evolutionary related proteins. With more data, algorithms for multiple 
alignments of several proteins become necessary. Using multiple sequences, we can also create 
phylogenetic trees to trace the evolutionary development of the proteins in question. Finally, with the 
deluge of data we currently face, we need to construct large databases to store, view and deconstruct the 
information. Alignments now become more complex, requiring sophisticated scoring schemes and there is 
enough data to compile a genome census – a genomic equivalent of a population census – providing 
comprehensive statistical accounting of protein features in genomes. 



The aims of the second dimension, the breadth in biological analysis, is to compare a 
gene with others. Initially, simple algorithms can be used to compare the sequences and 
structures of a pair of related proteins. With a larger number of proteins, improved 
algorithms can be used to produce multiple alignments, and extract sequence patterns or 
structural templates that define a family of proteins. Using this data, it is also possible to 
construct phylogenetic trees to trace the evolutionary path of proteins. Finally, with even 
more data, the information must be stored in large-scale databases. Comparisons become 
more complex, requiring multiple scoring schemes, and we are able to conduct genomic 
scale censuses that provide comprehensive statistical accounts of protein features, such as 
the abundance of particular structures or functions in different genomes. It also allows us 
to build phylogenetic trees that trace the evolution of whole organisms. 
 
6. “… applying INFORMATICS TECHNIQUES…” 
 
The distinct subject areas we mention require different types of informatics techniques. 
Briefly, for data organisation, the first biological databases were simple flat files. 
However with the increasing amount of information, relational database methods with 
Web-page interfaces have become increasingly popular. In sequence analysis, techniques 
include string comparison methods such as text search and 1D alignment algorithms. 
Motif and pattern identification for multiple sequences depend on machine learning, 
clustering and data-mining techniques. 3D structural analysis techniques include 
Euclidean geometry calculations combined with basic application of physical chemistry, 
graphical representations of surfaces and volumes, and structural comparison and 3D 
matching methods. For molecular simulations, Newtonian mechanics, quantum 
mechanics, molecular mechanics and electrostatic calculations are applied. In many of 
these areas, the computational methods must be combined with good statistical analyses 
in order to provide an objective measure for the significance of the results.  
 
7. Transcription regulation – a case study in bioinformatics 
 
DNA-binding proteins have a central role in all aspects of genetic activity within an 
organism, participating in processes such as transcription, packaging, rearrangement, 
replication and repair. In this section, we focus on the studies that have contributed to our 
understanding of transcription regulation in different organisms. Through this example, 
we demonstrate how bioinformatics has been used to increase our knowledge of 
biological systems and also illustrate the practical applications of the different subject 
areas that were briefly outlined earlier. We start by considering structural analyses of how 
DNA-binding proteins recognise particular base sequences. Later, we review several 
genomic studies that have characterised the nature of transcription factors in different 
organisms, and the methods that have been used to identify regulatory binding sites in the 
upstream regions. Finally, we provide an overview of gene expression analyses that have 
been recently conducted and suggest future uses of transcription regulatory analyses to 
rationalise the observations made in gene expression experiments. All the results that we 
describe have been found through computational studies. 
 



7.1 Structural studies 
 
As of August 2000, there were 379 structures of protein-DNA complexes in the PDB. 
Analyses of these structures have provided valuable insight into the stereochemical 
principles of binding, including how particular base sequences are recognized and how 
the DNA structure is quite often modified on binding.  
 
A structural taxonomy of DNA-binding proteins, similar to that presented in SCOP and 
CATH, was first proposed by Harrison (72) and periodically updated to accommodate 
new structures as they are solved (73). The classification consists of a two-tier system: 
the first level collects proteins into eight groups that share gross structural features for 
DNA-binding, and the second comprises 54 families of proteins that are structurally 
homologous to each other. Assembly of such a system simplifies the comparison of 
different binding methods; it highlights the diversity of protein-DNA complex geometries 
found in nature, but also underlines the importance of interactions between α-helices and 
the DNA major groove, the main mode of binding in over half the protein families. While 
the number of structures represented in the PDB does not necessarily reflect the relative 
importance of the different proteins in the cell, it is clear that helix-turn-helix, zinc-
coordinating and leucine zipper motifs are used repeatedly. This provides compact 
frameworks that present the α-helix on the surfaces of structurally diverse proteins. At a 
gross level, it is possible to highlight the differences between transcription factor domains 
that “just” bind DNA and those involved in catalysis (74). Although there are exceptions, 
the former typically approach the DNA from a single face and slot into the grooves to 
interact with base edges. The latter commonly envelope the substrate, using complex 
networks of secondary structures and loops. 
 
Focusing on proteins with α-helices, the structures show many variations, both in amino 
acid sequences and detailed geometry. They have clearly evolved independently in 
accordance with the requirements of the context in which they are found. While 
achieving a close fit between the α-helix and major groove, there is enough flexibility to 
allow both the protein and DNA to adopt distinct conformations. However, several 
studies that analysed the binding geometries of α-helices demonstrated that most adopt 
fairly uniform conformations regardless of protein family. They are commonly inserted in 
the major groove sideways, with their lengthwise axis roughly parallel to the slope 
outlined by the DNA backbone. Most start with the N-terminus in the groove and extend 
out, completing two to three turns within contacting distance of the nucleic acid (75, 76).  
 
Given the similar binding orientations, it is surprising to find that the interactions 
between each amino acid position along the α-helices and nucleotides on the DNA vary 
considerably between different protein families. However, by classifying the amino acids 
according to the sizes of their side chains, we are able to rationalise the different 
interactions patterns. The rules of interactions are based on the simple premise that for a 
given residue position on α-helices in similar conformations, small amino acids interact 
with nucleotides that are close in distance and large amino acids with those that are 
further (76, 77). Equivalent studies for binding by other structural motifs, like β-hairpins, 
have also been conducted (78). When considering these interactions, it is important to 



remember that different regions of the protein surface also provide interfaces with the 
DNA. 
 
This brings us to look at the atomic level interactions between individual amino acid-base 
pairs. Such analyses are based on the premise that a significant proportion of specific 
DNA-binding could be rationalised by a universal code of recognition between amino 
acids and bases, ie whether certain protein residues preferably interact with particular 
nucleotides regardless of the type of protein-DNA complex (79).  Studies have 
considered hydrogen bonds, van der Waals contacts and water-mediated bonds (80-82). 
Results showed that about 2/3 of all interactions are with the DNA backbone and that 
their main role is one of sequence-independent stabilisation. In contrast, interactions with 
bases display some strong preferences, including the interactions of arginine or lysine 
with guanine, asparagine or glutamine with adenine and threonine with thymine. Such 
preferences were explained through examination of the stereochemistry of the amino acid 
side chains and base edges. Also highlighted were more complex types of interactions 
where single amino acids contact more than one base-step simultaneously, thus 
recognising a short DNA sequence. These results suggested that universal specificity, one 
that is observed across all protein-DNA complexes, indeed exists. However, many 
interactions that are normally considered to be non-specific, such as those with the DNA 
backbone, can also provide specificity depending on the context in which they are made.  
 
Armed with an understanding of protein structure, DNA-binding motifs and side chain 
stereochemistry, a major application has been the prediction of binding either by proteins 
known to contain a particular motif, or those with structures solved in the uncomplexed 
form. Most common are predictions for α-helix-major groove interactions – given the 
amino acid sequence, what DNA sequence would it recognise (77, 83). In a different 
approach, molecular simulation techniques have been used to dock whole proteins and 
DNAs on the basis of force-field calculations around the two molecules (84, 85). 
 
The reason that both methods have only been met with limited success is because even 
for apparently simple cases like α-helix-binding, there are many other factors that must 
be considered. Comparisons between bound and unbound nucleic acid structures show 
that DNA-bending is a common feature of complexes formed with transcription factors 
(74, 86). This and other factors such as electrostatic and cation-mediated interactions 
assist indirect recognition of the nucleotide sequence, although they are not well 
understood yet. Therefore, it is now clear that detailed rules for specific DNA-binding 
will be family specific, but with underlying trends such as the arginine-guanine 
interactions.  
 
7.2 Genomic studies 
 
Due to the wealth of biochemical data that are available, genomic studies in 
bioinformatics have concentrated on model organisms, and the analysis of regulatory 
systems has been no exception. Identification of transcription factors in genomes 
invariably depends on similarity search strategies, which assume a functional and 
evolutionary relationship between homologous proteins. In E. coli, studies have so far 



estimated a total of 300 to 500 transcription regulators (87) and PEDANT (88), a 
database of automatically assigned gene functions, shows that typically 2-3% of 
prokaryotic and 6-7% of eukaryotic genomes comprise DNA-binding proteins. As 
assignments were only complete for 40-60% of genomes as of August 2000, these figures 
most likely underestimate the actual number.  Nonetheless, they already represent a large 
quantity of proteins and it is clear that there are more transcription regulators in 
eukaryotes than other species. This is unsurprising, considering the organisms have 
developed a relatively sophisticated transcription mechanism. 
 
From the conclusions of the structural studies, the best strategy for characterising DNA-
binding of the putative transcription factors in each genome is to group them by 
homology and analyse the individual families. Such classifications are provided in the 
secondary sequence databases described earlier and also those that specialise in 
regulatory proteins such as RegulonDB (89) and TRANSFAC (90). Of even greater use is 
the provision of structural assignments to the proteins; given a transcription factor, it is 
helpful to know the structural motif that it uses for binding, therefore providing us with a 
better understanding of how it recognises the target sequence. Structural genomics 
through bioinformatics assigns structures to the protein products of genomes by 
demonstrating similarity to proteins of known structure (91). These studies have shown 
that prokaryotic transcription factors most frequently contain helix-turn-helix motifs (87, 
92) and eukaryotic factors contain homeodomain type helix-turn-helix, zinc finger or 
leucine zipper motifs. From the protein classifications in each genome, it is clear that 
different types of regulatory proteins differ in abundance and families significantly differ 
in size. A study by Huynen and van Nimwegen (93) has shown that members of a single 
family have similar functions, but as the requirements of this function vary over time, so 
does the presence of each gene family in the genome.  
 
Most recently, using a combination of sequence and structural data, we examined the 
conservation of amino acid sequences between related DNA-binding proteins, and the 
effect that mutations have on DNA sequence recognition. The structural families 
described above were expanded to include proteins that are related by sequence 
similarity, but whose structures remain unsolved. Again, members of the same family are 
homologous, and probably derive from a common ancestor.  
 
Amino acid conservations were calculated for the multiple sequence alignments of each 
family (94). Generally, alignment positions that interact with the DNA are better 
conserved than the rest of the protein surface, although the detailed patterns of 
conservation are quite complex. Residues that contact the DNA backbone are highly 
conserved in all protein families, providing a set of stabilising interactions that are 
common to all homologous proteins. The conservation of alignment positions that contact 
bases, and recognise the DNA sequence, are more complex and could be rationalised by 
defining a 3-class model for DNA-binding. First, protein families that bind non-
specifically usually contain several conserved base-contacting residues; without 
exception, interactions are made in the minor groove where there is little discrimination 
between base types. The contacts are commonly used to stabilise deformations in the 
nucleic acid structure, particularly in widening the DNA minor groove. The second class 



comprise families whose members all target the same nucleotide sequence; here, base-
contacting positions are absolutely or highly conserved allowing related proteins to target 
the same sequence.  
 
The third, and most interesting, class comprises families in which binding is also specific 
but different members bind distinct base sequences. Here protein residues undergo 
frequent mutations, and family members can be divided into subfamilies according to the 
amino acid sequences at base-contacting positions; those in the same subfamily are 
predicted to bind the same DNA sequence and those of different subfamilies to bind 
distinct sequences. On the whole, the subfamilies corresponded well with the proteins’ 
functions and members of the same subfamilies were found to regulate similar 
transcription pathways. The combined analysis of sequence and structural data described 
by this study provided an insight into how homologous DNA-binding scaffolds achieve 
different specificities by altering their amino acid sequences. In doing so, proteins 
evolved distinct functions, therefore allowing structurally related transcription factors to 
regulate expression of different genes. Therefore, the relative abundance of transcription 
regulatory families in a genome depends, not only on the importance of a particular 
protein function, but also in the adaptability of the DNA-binding motifs to recognise 
distinct nucleotide sequences. This, in turn, appears to be best accommodated by simple 
binding motifs, such as the zinc fingers. 
 
Given the knowledge of the transcription regulators that are contained in each organism, 
and an understanding of how they recognise DNA sequences, it is of interest to search for 
their potential binding sites within genome sequences (95). For prokaryotes, most 
analyses have involved compiling data on experimentally known binding sites for 
particular proteins and building a consensus sequence that incorporates any variations in 
nucleotides. Additional sites are found by conducting word-matching searches over the 
entire genome and scoring candidate sites by similarity (96-99). Unsurprisingly, most of 
the predicted sites are found in non-coding regions of the DNA (96) and the results of the 
studies are often presented in databases such as RegulonDB (89). The consensus search 
approach is often complemented by comparative genomic studies searching upstream 
regions of orthologous genes in closely related organisms. Through such an approach, it 
was found that at least 27% of known E. coli DNA-regulatory motifs are conserved in 
one or more distantly related bacteria (100). 
 
The detection of regulatory sites in eukaryotes poses a more difficult problem because 
consensus sequences tend to be much shorter, variable, and dispersed over very large 
distances. However, initial studies in S. cerevisiae provided an interesting observation for 
the GATA protein in nitrogen metabolism regulation. While the 5 base-pair GATA 
consensus sequence is found almost everywhere in the genome, a single isolated binding 
site is insufficient to exert the regulatory function (101). Therefore specificity of GATA 
activity comes from the repetition of the consensus sequence within the upstream regions 
of controlled genes in multiple copies. An initial study has used this observation to 
predict new regulatory sites by searching for over-represented oligonucleotides in non-
coding regions of yeast and worm genomes (102, 103). 
 



Having detected the regulatory binding sites, there is the problem of defining the genes 
that are actually regulated, commonly termed regulons. Generally, binding sites are 
assumed to be located directly upstream of the regulons; however there are different 
problems associated with this assumption depending on the organism. For prokaryotes, it 
is complicated by the presence of operons; it is difficult to locate the regulated gene 
within an operon since it can lie several genes downstream of the regulatory sequence. It 
is often difficult to predict the organisation of operons (104), especially to define the gene 
that is found at the head, and there is often a lack of long-range conservation in gene 
order between related organisms (105). The problem in eukaryotes is even more severe; 
regulatory sites often act in both directions, binding sites are usually distant from 
regulons because of large intergenic regions, and transcription regulation is usually a 
result of combined action by multiple transcription factors in a combinatorial manner. 
 
Despite these problems, these studies have succeeded in confirming the transcription 
regulatory pathways of well-characterised systems such as the heat shock response 
system (99). In addition, it is feasible to experimentally verify any predictions, most 
notably using gene expression data. 
 
7.3 Gene expression studies 
 
Many expression studies have so far focused on devising methods to cluster genes by 
similarities in expression profiles. This is in order to determine the proteins that are 
expressed together under different cellular conditions. Briefly, the most common methods 
are hierarchical clustering, self-organising maps, and K-means clustering. Hierarchical 
methods originally derived from algorithms to construct phylogenetic trees, and group 
genes in a “bottom-up” fashion; genes with the most similar expression profiles are 
clustered first, and those with more diverse profiles are included iteratively (106-108). In 
contrast, the self-organising map (109, 110) and K-means methods (111) employ a “top-
down” approach in which the user pre-defines the number of clusters for the dataset. The 
clusters are initially assigned randomly, and the genes are regrouped iteratively until they 
are optimally clustered.  
 
Given these methods, it is of interest to relate the expression data to other attributes such 
as structure, function and subcellular localisation of each gene product. Mapping these 
properties provide an insight into the characteristics of proteins that are expressed 
together, and also suggest some interesting conclusions about the overall biochemistry of 
the cell. In yeast, shorter proteins tend to be more highly expressed than longer proteins, 
probably because of the relative ease with which they are produced (112). Looking at the 
amino acid content, highly expressed genes are generally enriched in alanine and glycine, 
and depleted in asparagine; these are thought to reflect the requirements of amino acid 
usage in the organism, where synthesis of alanine and glycine are energetically less 
expensive than asparagine. Turning to protein structure, expression levels of the TIM 
barrel and NTP hydrolase folds are highest, while those for the leucine zipper, zinc finger 
and transmembrane helix-containing folds are lowest. This relates to the functions 
associated with these folds; the former are commonly involved in metabolic pathways 
and the latter in signalling or transport processes (113). This is also reflected in the 



relationship with subcellular localisations of proteins, where expression of cytoplasmic 
proteins is high, but nuclear and membrane proteins tend to be low (114, 115). 
 
More complex relationships have also been assessed. Conventional wisdom is that gene 
products that interact with each other are more likely to have similar expression profiles 
than if they do not (116, 117). However, a recent study showed that this relationship is 
not so simple (118). While expression profiles are similar for gene products that are 
permanently associated, for example in the large ribosomal subunit, profiles differ 
significantly for products that are only associated transiently, including those belonging 
to the same metabolic pathway.  
 
As described below, one of the main driving forces behind expression analysis has been 
to analyse cancerous cell lines (119). In general, it has been shown that different cell lines 
(eg epithelial and ovarian cells) can be distinguished on the basis of their expression 
profiles, and that these profiles are maintained when cells are transferred from an in vivo 
to an in vitro environment (120). The basis for their physiological differences were 
apparent in the expression of specific genes; for example, expression levels of gene 
products necessary for progression through the cell cycle, especially ribosomal genes, 
correlated well with variations in cell proliferation rate. Comparative analysis can be 
extended to tumour cells, in which the underlying causes of cancer can be uncovered by 
pinpointing areas of biological variations compared to normal cells. For example in 
breast cancer, genes related to cell proliferation and the IFN-regulated signal transduction 
pathway were found to be upregulated (52, 121). One of the difficulties in cancer 
treatment has been to target specific therapies to pathogenetically distinct tumour types, 
in order to maximise efficacy and minimise toxicity. Therefore, improvements in cancer 
classifications have been central to advances in cancer treatment. Although the distinction 
between different forms of cancer – for example subclasses of acute leukaemia – has 
been well established, it is still not possible to establish a clinical diagnosis on the basis 
of a single test.  In a recent study, acute myeloid leukaemia and acute lymphoblastic 
leukaemia were successfully distinguished based on the expression profiles of these cells 
(53). As the approach does not require prior biological knowledge of the diseases, it may 
provide a generic strategy for classifying all types of cancer.  
 
Clearly, an essential aspect of understanding expression data lies in understanding the 
basis of transcription regulation. However, analysis in this area is still limited to 
preliminary analyses of expression levels in yeast mutants lacking key components of the 
transcription initiation complex (10, 122). 
 



8. “… many PRACTICAL APPLICATIONS…” 
 
Here, we describe some of the major uses of bioinformatics.  
 
8.1 Finding Homologues 
 
As described earlier, one of the driving forces behind bioinformatics is the search for 
similarities between different biomolecules. Apart from enabling systematic organisation 
of data, identification of protein homologues has some direct practical uses. The most 
obvious is transferring information between related proteins. For example, given a poorly 
characterised protein, it is possible to search for homologues that are better understood 
and with caution, apply some of the knowledge of the latter to the former. Specifically 
with structural data, theoretical models of proteins are usually based on experimentally 
solved structures of close homologues (123). Similar techniques are used in fold 
recognition in which tertiary structure predictions depend on finding structures of remote 
homologues and checking whether the prediction is energetically viable (124). Where 
biochemical or structural data are lacking, studies could be made in low-level organisms 
like yeast and the results applied to homologues in higher-level organisms such as 
humans, where experiments are more demanding.  
 
An equivalent approach is also employed in genomics. Homologue-finding is extensively 
used to confirm coding regions in newly sequenced genomes and functional data is 
frequently transferred to annotate individual genes. On a larger scale, it also simplifies 
the problem of understanding complex genomes by analysing simple organisms first and 
then applying the same principles to more complicated ones – this is one reason why 
early structural genomics projects focused on Mycoplasma genitalium (91). 
 
Ironically, the same idea can be applied in reverse. Potential drug targets are quickly 
discovered by checking whether homologues of essential microbial proteins are missing 
in humans. On a smaller scale, structural differences between similar proteins may be 
harnessed to design drug molecules that specifically bind to one structure but not another. 
 



8.2 Rational Drug Design 
 
One of the earliest medical applications of bioinformatics has been in aiding rational drug 
design. Figure 2 outlines the commonly cited approach, taking the MLH1 gene product as 
an example drug target. MLH1 is a human gene encoding a mismatch repair protein 
(mmr) situated on the short arm of chromosome 3 (125). Through linkage analysis and its 
similarity to mmr genes in mice, the gene has been implicated in nonpolyposis colorectal 
cancer (126). Given the nucleotide sequence, the probable amino acid sequence of the 
encoded protein can be determined using translation software. Sequence search 
techniques can then be used to find homologues in model organisms, and based on 
sequence similarity, it is possible to model the structure of the human protein on 
experimentally characterised structures. Finally, docking algorithms could design 
molecules that could bind the model structure, leading the way for biochemical assays to 
test their biological activity on the actual protein. 
 

Figure 2. Above is a schematic outlining how scientists can use bioinformatics to aid rational drug 
discovery. MLH1 is a human gene encoding a mismatch repair protein (mmr) situated on the short arm of 
chromosome 3. Through linkage analysis and its similarity to mmr genes in mice, the gene has been 
implicated in nonpolyposis colorectal cancer. Given the nucleotide sequence, the probable amino acid 
sequence of the encoded protein can be determined using translation software. Sequence search techniques 
can be used to find homologues in model organisms, and based on sequence similarity, it is possible to 
model the structure of the human protein on experimentally characterised structures. Finally, docking 
algorithms could design molecules that could bind the model structure, leading the way for biochemical 
assays to test their biological activity on the actual protein. 



8.3 Large-scale censuses 
 
Although databases can efficiently store all the information related to genomes, structures 
and expression datasets, it is useful to condense all this information into understandable 
trends and facts that users can readily understand. Broad generalisations help identify 
interesting subject areas for further detailed analysis, and place new observations in a 
proper context. This enables one to see whether they are unusual in any way.  
 
Through these large-scale censuses, one can address a number of evolutionary, 
biochemical and biophysical questions. For example, are specific protein folds associated 
with certain phylogenetic groups? How common are different folds within particular 
organisms? And to what degree are folds shared between related organisms? Does this 
extent of sharing parallel measures of relatedness derived from traditional evolutionary 
trees? Initial studies show that the frequency of folds differs greatly between organisms 
and that the sharing of folds between organisms does in fact follow traditional 
phylogenetic classifications (21, 41). We can also integrate data on protein functions; 
given that the particular protein folds are often related to specific biochemical functions 
(68, 69), these findings highlight the diversity of metabolic pathways in different 
organisms (20, 105).  
 
As we discussed earlier, one of the most exciting new sources of genomic information is 
the expression data. Combining expression information with structural and functional 
classifications of proteins we can ask whether the high occurrence of a protein fold in a 
genome is indicative of high expression levels (112). Further genomic scale data that we 
can consider in large-scale surveys include the subcellular localisations of proteins and 
their interactions with each other (127-129). In conjunction with structural data, we can 
then begin to compile a map of all protein-protein interactions in an organism. 
 
8.4 Further applications in medical sciences 
 
Most recent applications in the medical sciences have centred on gene expression 
analysis (130). This usually involves compiling expression data for cells affected by 
different diseases (131), eg cancer (53, 132, 133) and ateriosclerosis (134), and 
comparing the measurements against normal expression levels. Identification of genes 
that are expressed differently in affected cells provides a basis for explaining the causes 
of illnesses and highlights potential drug targets. Using the process described in Figure 2, 
one would design compounds that bind the expressed protein, or perhaps more 
importantly, the transcription regulator has caused the change in expression levels. Given 
a lead compound, microarray experiments can then be used to evaluate responses to 
pharmacological intervention, (135, 136) and also provide early tests to detect or predict 
the toxicity of trial drugs.  
 
Further advances in bioinformatics combined with experimental genomics for individuals 
are predicted to revolutionalise the future of healthcare. A typical scenario for a patient 
may start with post-natal genotyping to assess susceptibility or immunity from specific 
diseases and pathogens. With this information, a unique combination of vaccines could 



be prescribed, minimising the healthcare costs of unnecessary treatments and anticipating 
the onslaught of diseases later in life. Regular lifetime screenings could lead to guidance 
for nutrition intake and early detections of any illnesses (137). In addition, drug-based 
treatments could be tailored specifically to the patient and disease, thus providing the 
most effective course of medication with minimal side-effects (138). Given the present 
rate of development, such a scenario in healthcare appears to be possible in the not too 
distant future.  
 
9. Conclusions 
 
With the current deluge of data, computational methods have become indispensable to 
biological investigations. Originally developed for the analysis of biological sequences, 
bioinformatics now encompasses a wide range of subject areas including structural 
biology, genomics and gene expression studies. In this review, we provided an 
introduction and overview of the current state of field. In particular, we discussed the 
types of biological information and databases that are commonly used, examined some of 
the studies that are being conducted – with reference to transcription regulatory systems – 
and finally looked at several practical applications of the field.  
 
Two principal approaches underpin all studies in bioinformatics. First is that of 
comparing and grouping the data according to biologically meaningful similarities and 
second, that of analysing one type of data to infer and understand the observations for 
another type of data. These approaches are reflected in the main aims of the field, which 
are to understand and organise the information associated with biological molecules on a 
large scale. As a result, bioinformatics has not only provided greater depth to biological 
investigations, but added the dimension of breadth as well. In this way, we are able to 
examine individual systems in detail and also compare them with those that are related in 
order to uncover common principles that apply across many systems and highlight 
unusual features that are unique to some.  
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related to this new field has been surging,
and now comprise almost 2% of the 
annual total of papers in PubMed.

This unexpected union between the two
subjects is attributed to the fact that life 
itself is an information technology; an 
organism’s physiology is largely deter-
mined by its genes, which at its most basic
can be viewed as digital information.At the 
same time, there have been major advances
in the technologies that supply the initial
data; Anthony Kervalage of Celera recent-
ly cited that an experimental laboratory
can produce over 100 gigabytes of data a
day with ease [5]. This incredible pro-
cessing power has been matched by devel-
opments in computer technology; the most
important areas of improvements have 
been in the CPU, disk storage and Internet,
allowing faster computations, better data
storage and revolutionalised the methods
for accessing and exchanging data.

1.1 Aims of Bioinformatics
In general, the aims of bioinformatics are
three-fold. First, at its simplest bioinfor-
matics organises data in a way that allows
researchers to access existing information
and to submit new entries as they are 
produced, e.g. the Protein Data Bank for 
3D macromolecular structures [6, 7]. While
data-curation is an essential task, the in-
formation stored in these databases is 
essentially useless until analysed. Thus the
purpose of bioinformatics extends much
further. The second aim is to develop tools
and resources that aid in the analysis of 
data. For example, having sequenced a par-
ticular protein, it is of interest to compare it
with previously characterised sequences.

What is Bioinformatics? 
A Proposed Definition and Overview of the Field
N. M. Luscombe, D. Greenbaum, M. Gerstein
Department of Molecular Biophysics and Biochemistry
Yale University, New Haven, USA

1. Introduction

Biological data are being produced at a
phenomenal rate [1]. For example as 
of April 2001, the GenBank repository of
nucleic acid sequences contained
11,546,000 entries [2] and the SWISS-
PROT database of protein sequences con-
tained 95,320 [3]. On average, these databa-
ses are doubling in size every 15 months [2].
In addition, since the publication of 
the H. influenzae genome [4], complete 
sequences for nearly 300 organisms have
been released, ranging from 450 genes to
over 100,000. Add to this the data from the
myriad of related projects that study gene
expression, determine the protein structu-
res encoded by the genes, and detail how
these products interact with one another,
and we can begin to imagine the enormous
quantity and variety of information that is
being produced.

As a result of this surge in data, compu-
ters have become indispensable to biologi-
cal research. Such an approach is ideal 
because of the ease with which computers
can handle large quantities of data and 
probe the complex dynamics observed in
nature. Bioinformatics, the subject of the
current review, is often defined as the appli-
cation of computational techniques to 
understand and organise the information
associated with biological macromolecules.
Fig. 1 shows that the number of papers 

Summary
Background: The recent flood of data from genome
sequences and functional genomics has given rise to
new field, bioinformatics, which combines elements 
of biology and computer science.
Objectives: Here we propose a definition for this 
new field and review some of the research that is
being pursued, particularly in relation to transcriptional 
regulatory systems.
Methods: Our definition is as follows: Bioinformatics 
is conceptualizing biology in terms of macromolecules
(in the sense of physical-chemistry) and then applying
“informatics” techniques (derived from disciplines
such as applied maths, computer science, and statis-
tics) to understand and organize the information 
associated with these molecules, on a large-scale. 
Results and Conclusions: Analyses in bioinformatics
predominantly focus on three types of large datasets
available in molecular biology: macromolecular struc-
tures, genome sequences, and the results of function-
al genomics experiments (eg expression data). 
Additional information includes the text of scientific
papers and “relationship data” from metabolic path-
ways, taxonomy trees, and protein-protein interaction
networks. Bioinformatics employs a wide range 
of computational techniques including sequence and
structural alignment, database design and data 
mining, macromolecular geometry, phylogenetic tree
construction, prediction of protein structure and 
function, gene finding, and expression data clustering.
The emphasis is on approaches integrating a variety of
computational methods and heterogeneous data 
sources. Finally, bioinformatics is a practical discipline.
We survey some representative applications, such as 
finding homologues, designing drugs, and performing
large-scale censuses. Additional information pertinent
to the review is available over the web at
http://bioinfo.mbb.yale.edu/what-is-it.
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This needs more than just a simple text-
based search, and programs such as FASTA
[8] and PSI-BLAST [9] must consider what
constitutes a biologically significant match.
Development of such resources dictates 
expertise in computational theory, as well
as a thorough understanding of biology.
The third aim is to use these tools to ana-
lyse the data and interpret the results in a
biologically meaningful manner. Traditio-
nally, biological studies examined individu-
al systems in detail, and frequently com-
pared them with a few that are related. In
bioinformatics, we can now conduct global
analyses of all the available data with the
aim of uncovering common principles that
apply across many systems and highlight
novel features.

In this review, we provide a systematic
definition of bioinformatics as shown in
Box 1. We focus on the first and third aims
just described, with particular reference to
the keywords: information, informatics,
organisation, understanding, large-scale
and practical applications. Specifically, we
discuss the range of data that are currently
being examined, the databases into which
they are organised, the types of analyses
that are being conducted using transcrip-
tion regulatory systems as an example, and

finally some of the major practical applica-
tions of bioinformatics.

2. “…the INFORMATION 
associated with these 
Molecules…”

Table 1 lists the types of data that are 
analysed in bioinformatics and the range of
topics that we consider to fall within the
field. Here we take a broad view and in-
clude subjects that may not normally be 
listed. We also give approximate values 
describing the sizes of data being discussed.

We start with an overview of the sources
of information. Most bioinformatics analy-
ses focus on three primary sources of data:
DNA or protein sequences, macromolecu-
lar structures and the results of functional
genomics experiments. Raw DNA se-
quences are strings of the four base-letters
comprising genes, each typically 1,000 bases
long. The GenBank [2] repository of
nucleic acid sequences currently holds a 
total of 12.5 billion bases in 11.5 million
entries (all database figures as of April

2001).At the next level are protein sequenc-
es comprising strings of 20 amino acid-
letters. At present there are about 400,000
known protein sequences [3], with a typical
bacterial protein containing approximately
300 amino acids. Macromolecular struc-
tural data represents a more complex form
of information. There are currently 15,000
entries in the Protein Data Bank, PDB 
[6, 7], containing atomic structures of pro-
teins, DNA and RNA solved by x-ray
crystallography and NMR. A typical PDB
file for a medium-sized protein contains the
xyz-coordinates of approximately 2,000
atoms.

Scientific euphoria has recently centred
on whole genome sequencing. As with the
raw DNA sequences, genomes consist of
strings of base-letters, ranging from 1.6 
million bases in Haemophilus influenzae
[10] to 3 billion in humans [11, 12]. The 
Entrez database [13] currently has com-
plete sequences for nearly 300 archaeal,
bacterial and eukaryotic organisms. In 
addition to producing the raw nucleotide
sequence, a lot of work is involved in 
processing this data. An important aspect
of complete genomes is the distinction 
between coding regions and non-coding 
regions -‘junk’ repetitive sequences making
up the bulk of base sequences especially in
eukaryotes. Within the coding regions,
genes are annotated with their translated
protein sequence, and often with their 
cellular function.

Fig. 1 Plot showing the growth of scientific publications in bioinformatics between 1973 and 2000. The histogram bars
(left vertical axis) counts the total number of scientific articles relating to bioinformatics, and the black line (right vertical
axis) gives the percentage of the annual total of articles relating to bioinformatics. The data are taken from PubMed.

Bioinformatics – a Definition1

(Molecular) bio – informatics: bioinfor-
matics is conceptualising biology in
terms of molecules (in the sense of Phy-
sical chemistry) and applying “informa-
tics techniques” (derived from disci-
plines such as applied maths, computer
science and statistics) to understand and
organise the information associated
with these molecules, on a large scale. In
short, bioinformatics is a management
information system for molecular biolo-
gy and has many practical applications.

1As submitted to the Oxford English 
Dictionary.
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More recent sources of data have been
from functional genomics experiments, of
which the most common are gene expres-
sion studies.We can now determine expres-
sion levels of almost every gene in a given
cell on a whole-genome level, however
there is currently no central repository for
this data and public availability is limited.
These experiments measure the amount of
mRNA that is produced by the cell [14-18]
under different environmental conditions,
different stages of the cell cycle and differ-
ent cell types in multi-cellular organisms.
Much of the effort has so far focused on the
yeast [19-24] and human genomes [25, 26].
One of the largest dataset for yeast has 
made approximately 20 time-point meas-
urements for 6,000 genes [19]. However,
there is potential for much greater quan-

tities of data when experiments are con-
ducted for larger organisms and at more 
time-points.

Further genomic-scale data include 
biochemical information on metabolic 
pathways, regulatory networks, protein-
protein interaction data from two-hybrid
experiments, and systematic knockouts of
individual genes to test the viability of an
organism.

What is apparent from this list is the 
diversity in the size and complexity of dif-
ferent datasets. There are invariably more 
sequence-based data than others because
of the relative ease with which they can be
produced.This is partly related to the great-
er complexity and information-content of
individual structures or gene expression 
experiments compared to individual se-

quences. While more biological informa-
tion can be derived from a single structure
than a protein sequence, the lack of depth
in the latter is compensated by analysing
larger quantities of data.

3. “… ORGANISE the Infor-
mation on a LARGE SCALE…”
3.1 Redundancy and Multiplicity 
of Data
A concept that underpins most research
methods in bioinformatics is that much of
the data can be grouped together based on
biologically meaningful similarities. For 
example, sequence segments are often 
repeated at different positions of genomic
DNA [27]. Genes can be clustered into 
those with particular functions (eg enzy-
matic actions) or according to the meta-
bolic pathway to which they belong [28],
although here, single genes may actually
possess several functions [29]. Going 
further, distinct proteins frequently have
comparable sequences – organisms often
have multiple copies of a particular gene
through duplication and different species
have equivalent or similar proteins that 
were inherited when they diverged from
each other in evolution. At a structural 
level, we predict there to be a finite number
of different tertiary structures – estimates
range between 1,000 and 10,000 folds 
[30, 31] – and proteins adopt equivalent
structures even when they differ greatly in
sequence [32]. As a result, although the
number of structures in the PDB has 
increased exponentially, the rate of discov-
ery of novel folds has actually decreased.

There are common terms to describe the
relationship between pairs of proteins or
the genes from which they are derived:
analogous proteins have related folds, but
unrelated sequences, while homologous
proteins are both sequentially and structu-
rally similar. The two categories can some-
times be difficult to distinguish especially if
the relationship between the two proteins
is remote [33, 34]. Among homologues, it is
useful to distinguish between orthologues,
proteins in different species that have evolv-

Table 1 Sources of data used in bioinformatics, the quantity of each type of data that is currently (April 2001) available,
and bioinformatics subject areas that utilize this data.
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ed from a common ancestral gene, and 
paralogues, proteins that are related by 
gene duplication within a genome [35].
Normally, orthologues retain the same 
function while paralogues evolve distinct,
but related functions [36].

An important concept that arises from
these observations is that of a finite “parts
list” for different organisms [37-39]: an 
inventory of proteins contained within an
organism, arranged according to different
properties such as gene sequence, protein
fold or function. Taking protein folds as an
example, we mentioned that with a few 
exceptions, the tertiary structures of pro-
teins adopt one of a limited repertoire 
of folds. As the number of different fold 
families is considerably smaller than the
number of genes, categorising the proteins
by fold provides a substantial simplification
of the contents of a genome. Similar sim-
plifications can be provided by other attri-
butes such as protein function. As such, we
expect this notion of a finite parts list to 
become increasingly common in future 
genomic analyses.

Clearly, an essential aspect of managing
this large volume of data lies in developing
methods for assessing similarities between
different biomolecules and identifying 
those that are related. There are well-docu-
mented classifications for all of the main 
types of data we described earlier. Al-
though detailed descriptions of these clas-
sification systems are beyond the scope of
the current review, they are of great impor-
tance as they ease comparisons between
genomes and their products. Links to the
major databases are available from our
supplementary website.

3.2 Data Integration
The most profitable research in bioinfor-
matics often results from integrating mul-
tiple sources of data [40]. For instance, the
3D coordinates of a protein are more useful
if combined with data about the protein’s
function, occurrence in different genomes,
and interactions with other molecules. In
this way, individual pieces of information
are put in context with respect to other 
data. Unfortunately, it is not always

straightforward to access and cross-
reference these sources of information be-
cause of differences in nomenclature and
file formats.

At a basic level, this problem is fre-
quently addressed by providing external
links to other databases. For example in
PDBsum, web-pages for individual struc-
tures direct the user towards corresponding
entries in the PDB, NDB, CATH, SCOP
and SWISS-PROT databases. At a more
advanced level, there have been efforts to
integrate access across several data sources.
One is the Sequence Retrieval System, SRS
[41], which allows flat-file databases to be
indexed to each other; this allows the user
to retrieve, link and access entries from
nucleic acid, protein sequence, protein 
motif, protein structure and bibliographic
databases. Another is the Entrez facility
[42], which provides similar gateways to
DNA and protein sequences, genome 
mapping data, 3D macromolecular structu-
res and the PubMed bibliographic database
[43].A search for a particular gene in either
database will allow smooth transitions to
the genome it comes from, the protein 
sequence it encodes, its structure, biblio-
graphic reference and equivalent entries for
all related genes. In our own group, we have
developed the SPINE [44] and PartsList
[39] web resources; these databases inte-
grate many types of experimental data and
organise them using the concept of the 
finite “parts list” we described above.

4. “…UNDERSTAND and 
Organise the Information…”
Having examined the data, we can discuss
the types of analyses that are conducted.As
shown in Table 1, the broad subject areas in
bioinformatics can be separated according
to the type of information that is used. For
raw DNA sequences, investigations involve
separating coding and non-coding regions,
and identification of introns, exons and 
promoter regions for annotating genomic
DNA [45, 46]. For protein sequences, ana-
lyses include developing algorithms for 
sequence comparisons [47], methods for

producing multiple sequence alignments
[48], and searching for functional domains
from conserved sequence motifs in such 
alignments. Investigations of structural 
data include prediction of secondary and
tertiary protein structures, producing 
methods for 3D structural alignments [49,
50], examining protein geometries using 
distance and angular measurements, calcu-
lations of surface and volume shapes and
analysis of protein interactions with other
subunits, DNA, RNA and smaller mole-
cules. These studies have lead to molecular
simulation topics in which structural data
are used to calculate the energetics in-
volved in stabilising macromolecular struc-
tures, simulating movements within macro-
molecules, and computing the energies 
involved in molecular docking. The increa-
sing availability of annotated genomic 
sequences has resulted in the introduction
of computational genomics and proteomics
– large-scale analyses of complete genomes
and the proteins that they encode. Re-
search includes characterisation of protein
content and metabolic pathways between
different genomes, identification of interac-
ting proteins, assignment and prediction of
gene products, and large-scale analyses of
gene expression levels. Some of these re-
search topics will be demonstrated in our
example analysis of transcription regula-
tory systems.

Other subject areas we have included in
Table 1 are: development of digital libraries
for automated bibliographical searches,
knowledge bases of biological information
from the literature, DNA analysis methods
in forensics, prediction of nucleic acid struc-
tures, metabolic pathway simulations, and
linkage analysis – linking specific genes to
different disease traits.

In addition to finding relationships be-
tween different proteins, much of bioin-
formatics involves the analysis of one type
of data to infer and understand the obser-
vations for another type of data. An exam-
ple is the use of sequence and structural 
data to predict the secondary and tertiary
structures of new protein sequences [51].
These methods, especially the former, are
often based on statistical rules derived
from structures, such as the propensity for
certain amino acid sequences to produce



Luscombe, Greenbaum, Gerstein

350

Method Inform Med 4/2001

different secondary structural elements.
Another example is the use of structural
data to understand a protein’s function;
here studies have investigated the rela-
tionship different protein folds and their
functions [52, 53] and analysed similarities
between different binding sites in the ab-
sence of homology [54]. Combined with 
similarity measurements, these studies pro-
vide us with an understanding of how much
biological information can be accurately

transferred between homologous proteins
[55].

4.1 The Bioinformatics Spectrum
Fig. 2 summarises the main points we 
raised in our discussions of organising 
and understanding biological data – the 
development of bioinformatics techniques
has allowed an expansion of biological 

analysis in two dimension, depth and
breadth. The first is represented by the 
vertical axis in the figure and outlines a
possible approach to the rational drug 
design process. The aim is to take a single
gene and follow through an analysis that
maximises our understanding of the 
protein it encodes. Starting with a gene 
sequence, we can determine the protein 
sequence with strong certainty. From there,
prediction algorithms can be used to calcu-

Paradigm shifts during the past couple of decades have taken much of biology away from the 
laboratory bench and have allowed the integration of other scientific disciplines, specifically 
computing. The result is an expansion of biological research in breadth and depth. The vertical axis
demonstrates how bioinformatics can aid rational drug design with minimal work in the wet lab. 
Starting with a single gene sequence, we can determine with strong certainty, the protein 
sequence. From there, we can determine the structure using structure prediction techniques. With
geometry calculations, we can further resolve the protein’s surface and through molecular 
simulation determine the force fields surrounding the molecule. Finally docking algorithms can 
provide predictions of the ligands that will bind on the protein surface, thus paving the way for the
design of a drug specific to that molecule. The horizontal axis shows how the influx of biological 
data and advances in computer technology have broadened the scope of biology. Initially with a pair
of proteins, we can make comparisons between the between sequences and structures of 
evolutionary related proteins. With more data, algorithms for multiple alignments of several 
proteins become necessary. Using multiple sequences, we can also create phylogenetic trees to 
trace the evolutionary development of the proteins in question. Finally, with the deluge of data we
currently face, we need to construct large databases to store, view and deconstruct the 
information. Alignments now become more complex, requiring sophisticated scoring schemes and
there is enough data to compile a genome census – a genomic equivalent of a population census –
providing comprehensive statistical accounting of protein features in genomes.

Fig. 2 Organizing and understanding biological data
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late the structure adopted by the protein.
Geometry calculations can define the 
shape of the protein’s surface and molecu-
lar simulations can determine the force
fields surrounding the molecule. Finally,
using docking algorithms, one could 
identify or design ligands that may bind 
the protein, paving the way for designing a
drug that specifically alters the protein’s
function. In practise, the intermediate steps
are still difficult to achieve accurately, and
they are best combined with experimental
methods to obtain some of the data, for 
example characterising the structure of the
protein of interest.

The aim of the second dimension, the
breadth in biological analysis, is to compare
a gene or gene product with others. Ini-
tially, simple algorithms can be used to
compare the sequences and structures of a
pair of related proteins. With a larger num-
ber of proteins, improved algorithms can be
used to produce multiple alignments, and
extract sequence patterns or structural
templates that define a family of proteins.
Using this data, it is also possible to con-
struct phylogenetic trees to trace the evolu-
tionary path of proteins. Finally, with even
more data, the information must be stored
in large-scale databases. Comparisons 
become more complex, requiring multiple
scoring schemes, and we are able to con-
duct genomic scale censuses that provide
comprehensive statistical accounts of 
protein features, such as the abundance of
particular structures or functions in diffe-
rent genomes. It also allows us to build 
phylogenetic trees that trace the evolution
of whole organisms.

5. “… applying INFORMATICS
TECHNIQUES…”
The distinct subject areas we mention 
require different types of informatics tech-
niques. Briefly, for data organisation, the
first biological databases were simple flat
files. However with the increasing amount
of information, relational database 
methods with Web-page interfaces have 
become increasingly popular. In sequence
analysis, techniques include string compari-

son methods such as text search and one-
dimensional alignment algorithms. Motif
and pattern identification for multiple 
sequences depend on machine learning,
clustering and data-mining techniques. 3D
structural analysis techniques include Eu-
clidean geometry calculations combined
with basic application of physical chemis-
try, graphical representations of surfaces
and volumes, and structural comparison
and 3D matching methods. For molecular
simulations, Newtonian mechanics, quan-
tum mechanics, molecular mechanics and
electrostatic calculations are applied. In
many of these areas, the computational 
methods must be combined with good 
statistical analyses in order to provide an
objective measure for the significance of
the results.

6. Transcription Regulation – 
a Case Study in Bioinformatics
DNA-binding proteins have a central role
in all aspects of genetic activity within an
organism, participating in processes such as
transcription, packaging, rearrangement,
replication and repair. In this section, we
focus on the studies that have contributed
to our understanding of transcription 
regulation in different organisms. Through
this example, we demonstrate how bio-
informatics has been used to increase our
knowledge of biological systems and also 
illustrate the practical applications of the
different subject areas that were briefly 
outlined earlier. We start by considering
structural analyses of how DNA-binding
proteins recognise particular base se-
quences. Later, we review several genomic
studies that have characterised the nature
of transcription factors in different orga-
nisms, and the methods that have been used
to identify regulatory binding sites in the
upstream regions. Finally, we provide an
overview of gene expression analyses that
have been recently conducted and suggest
future uses of transcription regulatory ana-
lyses to rationalise the observations made
in gene expression experiments. All the 
results that we describe have been found
through computational studies.

6.1 Structural Studies
As of April 2001, there were 379 structures
of protein-DNA complexes in the PDB.
Analyses of these structures have provided
valuable insight into the stereochemical
principles of binding, including how par-
ticular base sequences are recognized 
and how the DNA structure is quite often
modified on binding.

A structural taxonomy of DNA-binding
proteins, similar to that presented in SCOP
and CATH, was first proposed by Harrison
[56] and periodically updated to accom-
modate new structures as they are solved
[57]. The classification consists of a two-tier
system: the first level collects proteins into
eight groups that share gross structural 
features for DNA-binding, and the second
comprises 54 families of proteins that are
structurally homologous to each other.
Assembly of such a system simplifies the
comparison of different binding methods; it
highlights the diversity of protein-DNA
complex geometries found in nature, but 
also underlines the importance of inter-
actions between �-helices and the DNA
major groove, the main mode of binding in
over half the protein families. While the
number of structures represented in the
PDB does not necessarily reflect the rela-
tive importance of the different proteins in
the cell, it is clear that helix-turn-helix,
zinc-coordinating and leucine zipper motifs
are used repeatedly.These provide compact
frameworks to present the �-helix on the
surfaces of structurally diverse proteins. At
a gross level, it is possible to highlight the
differences between transcription factor
domains that “just” bind DNA and those
involved in catalysis [58]. Although there
are exceptions, the former typically 
approach the DNA from a single face and
slot into the grooves to interact with base
edges. The latter commonly envelope the
substrate, using complex networks of 
secondary structures and loops.

Focusing on proteins with �-helices, the
structures show many variations, both in
amino acid sequences and detailed geo-
metry. They have clearly evolved indepen-
dently in accordance with the requirements
of the context in which they are found.
While achieving a close fit between the 
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�-helix and major groove, there is enough
flexibility to allow both the protein and
DNA to adopt distinct conformations.
However, several studies that analysed the
binding geometries of �-helices demon-
strated that most adopt fairly uniform con-
formations regardless of protein family.
They are commonly inserted in the major
groove sideways, with their lengthwise axis
roughly parallel to the slope outlined by 
the DNA backbone. Most start with the 
N-terminus in the groove and extend out,
completing two to three turns within
contacting distance of the nucleic acid [59,
60].

Given the similar binding orientations, it
is surprising to find that the interactions
between each amino acid position along
the �-helices and nucleotides on the DNA
vary considerably between different pro-
tein families. However, by classifying the
amino acids according to the sizes of their
side chains, we are able to rationalise the
different interactions patterns. The rules of
interactions are based on the simple pre-
mise that for a given residue position on 
�-helices in similar conformations, small
amino acids interact with nucleotides that
are close in distance and large amino acids
with those that are further [60, 61]. Equi-va-
lent studies for binding by other structural
motifs, like �-hairpins, have also been con-
ducted [62]. When considering these 
interactions, it is important to remember
that different regions of the protein surface
also provide interfaces with the DNA.

This brings us to look at the atomic level
interactions between individual amino
acid-base pairs. Such analyses are based on
the premise that a significant proportion of
specific DNA-binding could be rationalised
by a universal code of recognition between
amino acids and bases, ie whether certain
protein residues preferably interact with
particular nucleotides regardless of the 
type of protein-DNA complex [63]. Studies
have considered hydrogen bonds, van der
Waals contacts and water-mediated bonds
[64-66]. Results showed that about 2/3 of all
interactions are with the DNA back-
bone and that their main role is one of 
sequence-independent stabilisation. In 
contrast, interactions with bases display 
some strong preferences, including the 

interactions of arginine or lysine with 
guanine, asparagine or glutamine with
adenine and threonine with thymine. Such
preferences were explained through exami-
nation of the stereochemistry of the amino
acid side chains and base edges. Also 
highlighted were more complex types of 
interactions where single amino acids
contact more than one base-step simulta-
neously, thus recognising a short DNA 
sequence. These results suggested that 
universal specificity, one that is observed
across all protein-DNA complexes, indeed
exists. However, many interactions that are
normally considered to be non-specific,
such as those with the DNA backbone, can
also provide specificity depending on the
context in which they are made.

Armed with an understanding of 
protein structure, DNA-binding motifs and
side chain stereochemistry, a major applica-
tion has been the prediction of binding 
either by proteins known to contain a parti-
cular motif, or those with structures solved
in the uncomplexed form. Most common
are predictions for �-helix-major groove 
interactions – given the amino acid se-
quence, what DNA sequence would it 
recognise [61, 67]. In a different approach,
molecular simulation techniques have been
used to dock whole proteins and DNAs on
the basis of force-field calculations around
the two molecules [68, 69].

The reason that both methods have 
been met with limited success is because
even for apparently simple cases like �-
helix-binding, there are many other factors
that must be considered. Comparisons 
between bound and unbound nucleic acid
structures show that DNA-bending is a
common feature of complexes formed with
transcription factors [58, 70].This and other
factors such as electrostatic and cation-
mediated interactions assist indirect 
recognition of the nucleotide sequence,
although they are not well understood yet.
Therefore, it is now clear that detailed rules
for specific DNA-binding will be family
specific, but with underlying trends such as
the arginine-guanine interactions.

6.2 Genomic Studies
Due to the wealth of biochemical data that
are available, genomic studies in bioin-
formatics have concentrated on model 
organisms, and the analysis of regulatory
systems has been no exception. Identification
of transcription factors in genomes invari-
ably depends on similarity search strate-
gies, which assume a functional and evolu-
tionary relationship between homologous
proteins. In E. coli, studies have so far 
estimated a total of 300 to 500 transcription
regulators [71] and PEDANT [72], a data-
base of automatically assigned gene funct-
ions, shows that typically 2-3% of pro-
karyotic and 6-7% of eukaryotic genomes
comprise DNA-binding proteins.As assign-
ments were only complete for 40-60% of
genomes as of August 2000, these figures
most likely underestimate the actual num-
ber. Nonetheless, they already represent a
large quantity of proteins and it is clear that
there are more transcription regulators 
in eukaryotes than other species. This is 
unsurprising, considering the organisms 
have developed a relatively sophisticated
transcription mechanism.

From the conclusions of the structural
studies, the best strategy for characterising
DNA-binding of the putative transcription
factors in each genome is to group them 
by homology and to analyse the individual 
families. Such classifications are provided
in the secondary sequence databases 
described earlier and also those that 
specialise in regulatory proteins such as
RegulonDB [73] and TRANSFAC [74].
Of even greater use is the provision of
structural assignments to the proteins;
given a transcription factor, it is helpful to
know the structural motif that it uses for
binding, therefore providing us with a 
better understanding of how it recognises
the target sequence. Structural genomics
through bioinformatics assigns structures
to the protein products of genomes by 
demonstrating similarity to proteins of
known structure [75]. These studies have
shown that prokaryotic transcription fac-
tors most frequently contain helix-turn-
helix motifs [71, 76] and eukaryotic factors
contain homeodomain type helix-turn-
helix, zinc finger or leucine zipper motifs.
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From the protein classifications in each 
genome, it is clear that different types of 
regulatory proteins differ in abundance and
families significantly differ in size. A study
by Huynen and van Nimwegen [77] has
shown that members of a single family have
similar functions, but as the requirements
of this function vary over time, so does 
the presence of each gene family in the 
genome.

Most recently, using a combination of
sequence and structural data, we examined
the conservation of amino acid sequences
between related DNA-binding proteins,
and the effect that mutations have on 
DNA sequence recognition. The structural
families described above were expanded to
include proteins that are related by sequence
similarity, but whose structures remain 
unsolved. Again, members of the same 
family are homologous, and probably derive
from a common ancestor.

Amino acid conservations were calculat-
ed for the multiple sequence alignments 
of each family [78]. Generally, alignment
positions that interact with the DNA are
better conserved than the rest of the pro-
tein surface, although the detailed patterns
of conservation are quite complex. Residues
that contact the DNA backbone are highly
conserved in all protein families, providing
a set of stabilising interactions that are
common to all homologous proteins. The
conservation of alignment positions that
contact bases, and recognise the DNA 
sequence, are more complex and could be
rationalised by defining a three-class model
for DNA-binding. First, protein families
that bind non-specifically usually contain 
several conserved base-contacting residues;
without exception, interactions are made in
the minor groove where there is little 
discrimination between base types. The
contacts are commonly used to stabilise 
deformations in the nucleic acid structure,
particularly in widening the DNA minor
groove. The second class comprise families
whose members all target the same
nucleotide sequence; here, base-contacting
positions are absolutely or highly conser-
ved allowing related proteins to target the
same sequence.

The third, and most interesting, class
comprises families in which binding is also

specific but different members bind distinct
base sequences. Here protein residues 
undergo frequent mutations, and family
members can be divided into subfamilies
according to the amino acid sequences 
at base-contacting positions; those in the
same subfamily are predicted to bind the
same DNA sequence and those of different
subfamilies to bind distinct sequences. On
the whole, the subfamilies corresponded
well with the proteins’ functions and mem-
bers of the same subfamilies were found to
regulate similar transcription pathways.
The combined analysis of sequence and
structural data described by this study pro-
vided an insight into how homologous
DNA-binding scaffolds achieve different
specificities by altering their amino acid 
sequences. In doing so, proteins evolved 
distinct functions, therefore allowing 
structurally related transcription factors to
regulate expression of different genes.
Therefore, the relative abundance of tran-
scription regulatory families in a genome
depends, not only on the importance of a
particular protein function, but also in the
adaptability of the DNA-binding motifs to
recognise distinct nucleotide sequences.
This, in turn, appears to be best accommo-
dated by simple binding motifs, such as the
zinc fingers.

Given the knowledge of the transcription
regulators that are contained in each 
organism, and an understanding of how
they recognise DNA sequences, it is of 
interest to search for their potential bind-
ing sites within genome sequences [79].
For prokaryotes, most analyses have in-
volved compiling data on experimentally
known binding sites for particular proteins
and building a consensus sequence that in-
corporates any variations in nucleotides.
Additional sites are found by conducting
word-matching searches over the entire 
genome and scoring candidate sites by 
similarity [80-83]. Unsurprisingly, most of
the predicted sites are found in non-coding
regions of the DNA [80] and the results of
the studies are often presented in databases
such as RegulonDB [73]. The consensus 
search approach is often complemented by
comparative genomic studies searching 
upstream regions of orthologous genes in
closely related organisms. Through such an

approach, it was found that at least 27% of
known E. coli DNA-regulatory motifs are
conserved in one or more distantly related
bacteria [84].

The detection of regulatory sites in 
eukaryotes poses a more difficult problem
because consensus sequences tend to be
much shorter, variable, and dispersed over
very large distances. However, initial stud-
ies in S. cerevisiae provided an interesting
observation for the GATA protein in nitro-
gen metabolism regulation. While the 5 
base-pair GATA consensus sequence is 
found almost everywhere in the genome, a
single isolated binding site is insufficient to
exert the regulatory function [85]. There-
fore specificity of GATA activity comes
from the repetition of the consensus se-
quence within the upstream regions of con-
trolled genes in multiple copies. An initial
study has used this observation to predict
new regulatory sites by searching for over-
represented oligonucleotides in non-coding
regions of yeast and worm genomes [86,
87].

Having detected the regulatory binding
sites, there is the problem of defining the
genes that are actually regulated, commonly
termed regulons. Generally, binding sites
are assumed to be located directly upstream
of the regulons; however there are different
problems associated with this assumption
depending on the organism. For prokary-
otes, it is complicated by the presence of
operons; it is difficult to locate the regulat-
ed gene within an operon since it can lie 
several genes downstream of the regulatory
sequence. It is often difficult to predict the
organisation of operons [88], especially to
define the gene that is found at the head,
and there is often a lack of long-range con-
servation in gene order between related 
organisms [89]. The problem in eukaryotes
is even more severe; regulatory sites often
act in both directions, binding sites are
usually distant from regulons because of
large intergenic regions, and transcription
regulation is usually a result of combined
action by multiple transcription factors in a
combinatorial manner.

Despite these problems, these studies
have succeeded in confirming the transcrip-
tion regulatory pathways of well-character-
ized systems such as the heat shock response



Luscombe, Greenbaum, Gerstein

354

Method Inform Med 4/2001

system [83]. In addition, it is feasible to 
experimentally verify any predictions, most
notably using gene expression data.

6.3 Gene Expression Studies
Many expression studies have so far 
focused on devising methods to cluster 
genes by similarities in expression profiles.
This is in order to determine the proteins
that are expressed together under different
cellular conditions. Briefly, the most com-
mon methods are hierarchical clustering,
self-organising maps, and K-means cluster-
ing. Hierarchical methods originally de-
rived from algorithms to construct phyloge-
netic trees, and group genes in a “bottom-
up” fashion; genes with the most similar 
expression profiles are clustered first, and
those with more diverse profiles are 
included iteratively [90-92]. In contrast, the
self-organising map [93, 94] and K-means
methods [95, 96] employ a “top-down”
approach in which the user pre-defines the
number of clusters for the dataset. The 
clusters are initially assigned randomly, and
the genes are regrouped iteratively until
they are optimally clustered.

Given these methods, it is of interest to
relate the expression data to other attri-
butes such as structure, function and sub-
cellular localisation of each gene product.
Mapping these properties provides an 
insight into the characteristics of proteins
that are expressed together, and also sug-
gest some interesting conclusions about the
overall biochemistry of the cell. In yeast,
shorter proteins tend to be more highly 
expressed than longer proteins, probably
because of the relative ease with which they
are produced [97]. Looking at the amino
acid content, highly expressed genes are 
generally enriched in alanine and glycine,
and depleted in asparagine; these are
thought to reflect the requirements of 
amino acid usage in the organism, where
synthesis of alanine and glycine are energe-
tically less expensive than asparagine.Turn-
ing to protein structure, expression levels of
the TIM barrel and NTP hydrolase folds
are highest, while those for the leucine 
zipper, zinc finger and transmembrane
helix-containing folds are lowest. This 

relates to the functions associated with 
these folds; the former are commonly in-
volved in metabolic pathways and the latter
in signalling or transport processes [98].
This is also reflected in the relationship
with subcellular localisations of proteins,
where expression of cytoplasmic proteins is
high, but nuclear and membrane proteins
tend to be low [99, 100].

More complex relationships have also
been assessed. Conventional wisdom is that
gene products that interact with each other
are more likely to have similar expression
profiles than if they do not [101, 102]. How-
ever, a recent study showed that this rela-
tionship is not so simple [103]. While ex-
pression profiles are similar for gene pro-
ducts that are permanently associated, for
example in the large ribosomal subunit,
profiles differ significantly for products
that are only associated transiently, includ-
ing those belonging to the same metabolic
pathway.

As described below, one of the main 
driving forces behind expression analysis
has been to analyse cancerous cell lines
[104]. In general, it has been shown that dif-
ferent cell lines (eg epithelial and ovarian
cells) can be distinguished on the basis of
their expression profiles, and that these
profiles are maintained when cells are
transferred from an in vivo to an in vitro 
environment [105]. The basis for their phy-
siological differences were apparent in the
expression of specific genes; for example,
expression levels of gene products neces-
sary for progression through the cell cycle,
especially ribosomal genes, correlated well
with variations in cell proliferation rate.
Comparative analysis can be extended to
tumour cells, in which the underlying 
causes of cancer can be uncovered by 
pinpointing areas of biological variations
compared to normal cells. For example in
breast cancer, genes related to cell prolif-
eration and the IFN-regulated signal trans-
duction pathway were found to be upregu-
lated [25, 106]. One of the difficulties in
cancer treatment has been to target specific
therapies to pathogenetically distinct tu-
mour types, in order to maximise efficacy
and minimise toxicity. Thus, improvements
in cancer classifications have been central
to advances in cancer treatment. Although

the distinction between different forms of
cancer – for example subclasses of acute
leukaemia – has been well established, it is
still not possible to establish a clinical diag-
nosis on the basis of a single test. In a 
recent study, acute myeloid leukaemia and
acute lymphoblastic leukaemia were suc-
cessfully distinguished based on the ex-
pression profiles of these cells [26]. As the
approach does not require prior biological
knowledge of the diseases, it may provide a
generic strategy for classifying all types of
cancer.

Clearly, an essential aspect of under-
standing expression data lies in understand-
ing the basis of transcription regulation.
However, analysis in this area is still limited
to preliminary analyses of expression levels
in yeast mutants lacking key components of
the transcription initiation complex [19,
107].

7 “… many PRACTICAL 
APPLICATIONS…”
Here, we describe some of the major uses
of bioinformatics.

7.1 Finding Homologues
As described earlier, one of the driving 
forces behind bioinformatics is the search
for similarities between different biomole-
cules.Apart from enabling systematic orga-
nisation of data, identification of protein
homologues has some direct practical uses.
The most obvious is transferring informa-
tion between related proteins. For example,
given a poorly characterised protein, it is
possible to search for homologues that are
better understood and with caution, apply
some of the knowledge of the latter to the
former. Specifically with structural data,
theoretical models of proteins are usually
based on experimentally solved structures
of close homologues [108]. Similar tech-
niques are used in fold recognition in which
tertiary structure predictions depend on
finding structures of remote homologues
and checking whether the prediction is
energetically viable [109]. Where biochem-
ical or structural data are lacking, studies
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could be made in low-level organisms like
yeast and the results applied to homo-
logues in higher-level organisms such as 
humans, where experiments are more 
demanding.

An equivalent approach is also employed
in genomics. Homologue-finding is exten-
sively used to confirm coding regions in 
newly sequenced genomes and functional
data is frequently transferred to annotate
individual genes. On a larger scale, it also

simplifies the problem of understanding
complex genomes by analysing simple 
organisms first and then applying the 
same principles to more complicated ones –
this is one reason why early structural 
genomics projects focused on Mycoplasma
genitalium [75].

Ironically, the same idea can be applied
in reverse. Potential drug targets are quickly
discovered by checking whether homo-
logues of essential microbial proteins are

missing in humans. On a smaller scale,
structural differences between similar pro-
teins may be harnessed to design drug
molecules that specifically bind to one
structure but not another.

7.2 Rational Drug Design
One of the earliest medical applications of
bioinformatics has been in aiding rational

Fig. 3 Above is a schematic outlining how scientists can use bioinformatics to aid rational drug discovery. MLH1 is a human gene encoding a mismatch repair protein (mmr) situated on the
short arm of chromosome 3. Through linkage analysis and its similarity to mmr genes in mice, the gene has been implicated in nonpolyposis colorectal cancer. Given the nucleotide sequence,
the probable amino acid sequence of the encoded protein can be determined using translation software. Sequence search techniques can be used to find homologues in model organisms, and
based on sequence similarity, it is possible to model the structure of the human protein on experimentally characterised structures. Finally, docking algorithms could design molecules that
could bind the model structure, leading the way for biochemical assays to test their biological activity on the actual protein.
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drug design. Fig. 3 outlines the commonly
cited approach, taking the MLH1 gene pro-
duct as an example drug target. MLH1 is a
human gene encoding a mismatch repair
protein (mmr) situated on the short arm of
chromosome 3 [110]. Through linkage ana-
lysis and its similarity to mmr genes in mice,
the gene has been implicated in nonpoly-
posis colorectal cancer [111]. Given the
nucleotide sequence, the probable amino
acid sequence of the encoded protein can
be determined using translation software.
Sequence search techniques can then be
used to find homologues in model orga-
nisms, and based on sequence similarity, it
is possible to model the structure of the 
human protein on experimentally character-
ized structures. Finally, docking algorithms
could design molecules that could bind the
model structure, leading the way for bio-
chemical assays to test their biological 
activity on the actual protein.

7.3 Large-scale Censuses
Although databases can efficiently store all
the information related to genomes, struc-
tures and expression datasets, it is useful to
condense all this information into under-
standable trends and facts that users can
readily understand. Broad generalisations
help identify interesting subject areas for
further detailed analysis, and place new ob-
servations in a proper context. This enables
one to see whether they are unusual in any
way.

Through these large-scale censuses, one
can address a number of evolutionary, bio-
chemical and biophysical questions. For 
example, are specific protein folds associat-
ed with certain phylogenetic groups? How
common are different folds within partic-
ular organisms? And to what degree are
folds shared between related organisms?
Does this extent of sharing parallel meas-
ures of relatedness derived from traditional
evolutionary trees? Initial studies show
that the frequency of folds differs greatly
between organisms and that the sharing of
folds between organisms does in fact follow
traditional phylogenetic classifications 
[37, 112, 113]. We can also integrate data on
protein functions; given that the particular

protein folds are often related to specific
biochemical functions [52, 53], these find-
ings highlight the diversity of metabolic 
pathways in different organisms [36, 89].

As we discussed earlier, one of the most
exciting new sources of genomic information
is the expression data. Combining expression
information with structural and functional
classifications of proteins we can ask
whether the high occurrence of a protein
fold in a genome is indicative of high ex-
pression levels [97]. Further genomic scale
data that we can consider in large-scale sur-
veys include the subcellular localisations of
proteins and their interactions with each
other [114-116]. In conjunction with struc-
tural data, we can then begin to compile a
map of all protein-protein interactions in
an organism.

8. Conclusions
With the current deluge of data, compu-
tational methods have become indispens-
able to biological investigations. Originally
developed for the analysis of biological se-
quences, bioinformatics now encompasses
a wide range of subject areas including
structural biology, genomics and gene ex-
pression studies. In this review, we provided
an introduction and overview of the cur-
rent state of field. In particular, we discus-
sed the types of biological information and
databases that are commonly used, exa-
mined some of the studies that are being con-
ducted – with reference to transcription 
regulatory systems – and finally looked at
several practical applications of the field.
Two principal approaches underpin all stud-
ies in bioinformatics. First is that of com-
paring and grouping the data according to
biologically meaningful similarities and sec-
ond, that of analysing one type of data to
infer and understand the observations for
another type of data. These approaches are
reflected in the main aims of the field,
which are to understand and organise the
information associated with biological
molecules on a large scale. As a result,
bioinformatics has not only provided great-
er depth to biological investigations, but 
added the dimension of breadth as well. In

this way, we are able to examine individual
systems in detail and also compare them
with those that are related in order to un-
cover common principles that apply across
many systems and highlight unusual fea-
tures that are unique to some.
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Introduction

Biological data are being produced
at a phenomenal rate [1]. For
example as of August 2000, the
GenBank repository of nucleic acid
sequences contained 8,214,000
entries [2] and the SWISS-PROT
database of protein sequences
contained 88,166 [3]. On average,
these databases are doubling in
size every 15 months [2]. In addition,
since the publication of the H.
influenzae genome [4], complete
sequences for over 40 organisms
have been released, ranging from
450 genes to over 100,000. Add to
this the data from the myriad of
related projects that study gene
expression, determine the protein
structures encoded by the genes,
and detail how these products inter-
act with one another, and we can
begin to imagine the enormous
quantity and variety of information
that is being produced.

As a result of this surge in data,
computers have become indispensable
to biological research. Such an approach
is ideal because of the ease with which
computers can handle large quantities
of data and probe the complex dynam-
ics observed in nature. Bioinformatics,
the subject of the current review, is
often defined as the application of
computational techniques to understand
and organise the information associated
with biological macromolecules. This
uexpected union between the two
subjects is largely attributed to the fact

Abstract: A flood of data means that many of the challenges in biology are now challenges
in computing. Bioinformatics, the application of computational techniques to analyse the
information associated with biomolecules on a large-scale, has now firmly established
itself as a discipline in molecular biology, and encompasses a wide range of subject areas
from structural biology, genomics to gene expression studies.

In this review we provide an introduction and overview of the current state of the field.
We discuss the main principles that underpin bioinformatics analyses, look at the types
of biological information and databases that are commonly used, and finally examine
some of the studies that are being conducted, particularly with reference to transcription
regulatory systems.

(Molecular) bio – informatics: bioinformatics is conceptualising biology in
terms of molecules (in the sense of physical chemistry) and applying
"informatics techniques" (derived from disciplines such as applied maths,
computer science and statistics) to understand and organise the information
associated with these molecules, on a large scale . In short, bioinformatics
is a management information system for molecular biology and has many
practical applications.

Bioinformatics - a definition1

1 As submitted to the Oxford English Dictionary

that life itself is an information
technology; an organism’s physiology
is largely determined by its genes, which
at its most basic can be viewed as
digital information. At the same time,
there have been major advances in the
technologies that supply the initial data;
Anthony Kerlavage of Celera recently
cited that an experimental laboratory
can produce over 100 gigabytes of
data a day with ease [5]. This incredible
processing power has been matched
by developments in computer technol-
ogy; the most important areas of
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improvements have been in the CPU,
disk storage and Internet, allowing
faster computations, better data stor-
age and revolutionalised the methods
for accessing and exchanging data.

Aims of bioinformatics
The aims of bioinformatics are three-

fold. First, at its simplest bioinformatics
organises data in a way that allows
researchers to access existing infor-
mation and to submit new entries as
they are produced, eg the Protein Data
Bank for 3D macromolecular struc-
tures [6,7]. While data-curation is an
essential task, the information stored
in these databases is essentially use-
less until analysed. Thus the purpose of
bioinformatics extends much further.
The second aim is to develop tools and
resources that aid in the analysis of
data. For example, having sequenced a
particular protein, it is of interest to
compare it with previously characte-
rised sequences. This needs more than
just a simple text-based search and
programs such as FASTA [8] and
PSI-BLAST [9] must consider what
comprises a biologically significant
match. Development of such resources
dictates expertise in computational
theory as well as a thorough under-
standing of biology. The third aim is to
use these tools to analyse the data and
interpret the results in a biologically
meaningful manner. Traditionally,
biological studies examined individual
systems in detail, and frequently
compared them with a few that are
related. In bioinformatics, we can now
conduct global analyses of all the
available data with the aim of un-
covering common principles that apply
across many systems and highlight
novel features.

In this review, we provide an intro-
duction to bioinformatics. We focus on
the first and third aims just described,
with particular reference to the key-
words underlined in the definition: infor-
mation,informatics, organisation,

understanding , large-scale  and
practical applications . Specifically, we
discuss the range of data that are
currently being examined, the databases
into which they are organised, the types
of analyses that are being conducted
using transcription regulatory systems
as an example, and finally some of the
major practical applications of
bioinformatics.

“…the INFORMATION
associated with these
molecules…”

Table 1 lists the types of data that are
analysed in bioinformatics and the range
of topics that we consider to fall within
the field. Here we take a broad view and
include subjects that may not normally

be listed. We also give approximate
values describing the sizes of data being
discussed.

We start with an overview of the
sources of information: these may
be divided into raw DNA sequences,
protein sequences, macromolecular
structures, genome sequences, and
other whole genome data. Raw DNA
sequences are strings of the four base-
letters comprising genes, each typically
1,000 bases long. The GenBank
repository of nucleic acid sequences
currently holds a total of 9.5 billion
bases in 8.2 million entries (all database
figures as of August 2000). At the next
level are protein sequences comprising
strings of 20 amino acid-letters. At
present there are about 300,000 known
protein sequences, with a typical

Data source Data size Bioinformatics topics
Raw DNA sequence

Protein sequence

Macromolecular
structure

Genomes

Gene expression

8.2 million sequences
(9.5 billion bases)

300,000 sequences
(~300 amino acids
each)

13,000 structures
(~1,000 atomic
coordinates each)

40 complete genomes
(1.6 million –
3 billion bases each)

largest: ~20 time
point measurements
for ~6,000 genes

Separating coding and non-coding regions
Identification of introns and exons
Gene product prediction
Forensic analysis

Sequence comparison algorithms
Multiple sequence alignments algorithms
Identification of conserved sequence motifs

Secondary, tertiary structure prediction
3D structural alignment algorithms
Protein geometry measurements
Surface and volume shape calculations
Intermolecular interactions

Molecular simulations
(force-field calculations,
molecular movements,
docking predictions)

Characterisation of repeats
Structural assignments to genes
Phylogenetic analysis
Genomic-scale censuses
(characterisation of protein content, metabolic pathways)
Linkage analysis relating specific genes to diseases

Correlating expression patterns
Mapping expression data to sequence, structural and
biochemical data

Other data

Literature

Metabolic pathways

11 million citations Digital libraries for automated bibliographical searches
Knowledge databases of data from literature

Pathway simulations

Table 1. Sources of data used in bioinformatics, the quantity of each type of data that is currently
(August 2000) available, and bioinformatics subject areas that utilise this data.
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bacterial protein containing approxi-
mately 300 amino acids. Macromo-
lecular structural data represents a
more complex form of information.
There are currently 13,000 entries in
the Protein Data Bank, PDB, most
of which are protein structures. A
typical PDB file for a medium-sized
protein contains the xyz coordinates
of approximately 2,000 atoms.

Scientific euphoria has recently
centred on whole genome sequencing.
As with the raw DNA sequences,
genomes consist of strings of base-
letters, ranging from 1.6 million bases
in Haemophilus influenzae to 3 billion
in humans. An important aspect of
complete genomes is the distinction
between coding regions and non-
coding regions –'junk' repetitive
sequences making up the bulk of base
sequences especially in eukaryotes.
We can now measure expression levels
of almost every gene in a given cell
on a whole-genome level although
public availability of such data is still
limited. Expression level measurements
are made under different environmental
conditions, different stages of the cell
cycle and different cell types in multi-
cellular organisms. Currently the largest
dataset for yeast has made approxi-
mately 20 time-point measurements
for 6,000 genes [10]. Other genomic-
scale data include biochemical informa-
tion on metabolic pathways, regulatory
networks, protein-protein interaction
data from two-hybrid experiments,
and systematic knockouts of individ-
ual genes to test the viability of an
organism.

What is apparent from this list is the
diversity in the size and complexity of
different datasets. There are invariably
more sequence-based data than struc-
tural data because of the relative ease
with which they can be produced. This
is partly related to the greater complex-
ity and information-content of individual
structures compared to individual

sequences. While more biological infor-
mation can be derived from a single
structure than a protein sequence, the
lack of depth in the latter is remedied
by analysing larger quantities of data.

“… ORGANISE the informa-
tion on a LARGE SCALE …”

Redundancy and multiplicity of data
A concept that underpins most

research methods in bioinformatics is
that much of this data can be grouped
together based on biologically meaning-
ful similarities. For example, sequence
segments are often repeated at
different positions of genomic DNA
[11]. Genes can be clustered into those
with particular functions (eg enzymatic
actions) or according to the metabolic
pathway to which they belong [12],
although here, single genes may actually
possess several functions [13]. Going
further, distinct proteins frequently
have comparable sequences – orga-
nisms often have multiple copies of a
particular gene through duplication
while different species have equivalent
or similar proteins that were inherited
when they diverged from each other in
evolution. At a structural level, we
predict there to be a finite number of
different tertiary structures – estimates
range between 1,000 and 10,000 folds
[14,15] – and proteins adopt equivalent
structures even when they differ
greatly in sequence [16]. As a result,
although the number of structures in
the PDB has increased exponentially,
the rate of discovery of novel folds has
actually decreased.

There are common terms to describe
the relationship between pairs of
proteins or the genes from which they
are derived: analogous proteins have
related folds, but unrelated sequences,
while homologous proteins are both
sequentially and structurally similar.
The two categories can sometimes be
difficult to distinguish especially if the

relationship between the two proteins
is remote [17, 18]. Among homologues,
it is useful to distinguish between
orthologues, proteins in different
species that have evolved from a
common ancestral gene, and
paralogues, proteins that are related by
gene duplication within a genome [19].
Normally, orthologues retain the same
function while paralogues evolve
distinct, but related functions [20].

An important concept that arises
from these observations is that of a
finite “parts list” for different organisms
[21,22]: an inventory of proteins
contained within an organism, arranged
according to different properties such
as gene sequence, protein fold or
function. Taking protein folds as an
example, we mentioned that with a
few exceptions, the tertiary structures
of proteins adopt one of a limited
repertoire of folds. As the number of
different fold families is considerably
smaller than the number of gene
families, categorising the proteins by
fold provides a substantial simplifi-
cation of the contents of a genome.
Similar simplifications can be
provided by other attributes such as
protein function. As such, we expect
this notion of a finite parts list to become
increasingly common in the future
genomic analyses.

Clearly, an essential aspect of mana-
ging this large volume of data lies in
developing methods for assessing
similarities between different biomole-
cules and identifying those that are
related. Below, we discuss the major
databases that provide access to the
primary sources of information, and
also introduce some secondary data-
bases that systematically group the
data (Table 2). These classifications
ease comparisons between genomes
and their products, allowing the identi-
fication of common themes between
those that are related and highlighting
features that are unique to some.



86

 Review Paper

Yearbook of Medical Informatics 2001

Protein sequence databases
Protein sequence databases are

categorised as primary, composite or
secondary. Primary databases contain
over 300,000 protein sequences and
function as a repository for the raw
data. Some more common repositories,
such as SWISS-PROT [3] and PIR-
International [23], annotate the
sequences as well as describe the
proteins’ functions, its domain structure
and post-translational modifications.
Composite databases such as OWL
[24] and the NRDB [25] compile and
filter sequence data from different
primary databases to produce com-
bined non-redundant sets that are more
complete than the individual databases

and also include protein sequence data
from the translated coding regions in
DNA sequence databases (see
below). Secondary databases contain
information derived from protein
sequences and help the user determine
whether a new sequence belongs to a
known protein family. One of the most
popular is PROSITE [26], a database
of short sequence patterns and profiles
that characterise biologically significant
sites in proteins. PRINTS [27] expands
on this concept and provides a
compendium of protein fingerprints –
groups of conserved motifs that
characterise a protein family. Motifs
are usually separated along a protein
sequence, but may be contiguous in

3D-space when the protein is folded.
By using multiple motifs, fingerprints
can encode protein folds and
functionalities more flexibly than
PROSITE. Finally, Pfam [28] contains
a large collection of multiple sequence
alignments and profile Hidden Markov
Models covering many common protein
domains. Pfam-A comprises accurate
manually compiled alignments while
Pfam-B is an automated clustering of
the whole SWISS-PROT database.
These different secondary databases
have recently been incorporated into a
single resource named InterPro [29].

Structural databases
Next we look at databases of macro-

molecular structures. The Protein Data
Bank, PDB [6,7], provides a primary
archive of all 3D structures for
macromolecules such as proteins,
RNA, DNA and various complexes.
Most of the ~13,000 structures (August
2000) are solved by x-ray crystallo-
graphy and NMR, but some theoretical
models are also included. As the infor-
mation provided in individual PDB
entries can be difficult to extract,
PDBsum [30] provides a separate Web
page for every structure in the PDB
displaying detailed structural analyses,
schematic diagrams and data on inter-
actions between different molecules in
a given entry. Three major databases
classify proteins by structure in order
to identify structural and evolutionary
relationships: CATH [31], SCOP [32],
and FSSP databases [33]. All
comprise hierarchical structural
taxonomy where groups of proteins
increase in similarity at lower levels
of the classification tree. In addition,
numerous databases focus on particular
types of macromolecules. These
include the Nucleic Acids Database,
NDB [34], for structures related to
nucleic acids, the HIV protease
database [35] for HIV-1, HIV-2 and
SIV protease structures and their
complexes, and ReLiBase [36] for
receptor-ligand complexes.

Database URL

Protein sequence
(primary)
SWISS-PROT
PIR-International

Protein sequence (composite)
OWL
NRDB

Protein sequence (secondary)
PROSITE
PRINTS
Pfam

Macromolecular
structures
Protein Data Bank (PDB)
Nucleic Acids Database (NDB)
HIV Protease Database
ReLiBase
PDBsum
CATH
SCOP
FSSP

Nucleotide sequences
GenBank
EMBL
DDBJ

Genome sequences
Entrez genomes
GeneCensus
COGs

Integrated databases
InterPro
Sequence retrieval system (SRS)
Entrez

www.expasy.ch/sprot/sprot-top.html
www.mips.biochem.mpg.de/proj/protseqdb

www.bioinf.man.ac.uk/dbbrowser/OWL
www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Protein

www.expasy.ch/prosite
www.bioinf.man.ac.uk/dbbrowser/PRINTS/PRINTS.html
www.sanger.ac.uk/Pfam/

www.rcsb.org/pdb
ndbserver.rutgers.edu/
www.ncifcrf.gov/CRYS/HIVdb/NEW_DATABASE
www2.ebi.ac.uk:8081/home.html
www.biochem.ucl.ac.uk/bsm/pdbsum
www.biochem.ucl.ac.uk/bsm/cath
scop.mrc-lmb.cam.ac.uk/scop
www2.embl-ebi.ac.uk/dali/fssp

www.ncbi.nlm.nih.gov/Genbank
www.ebi.ac.uk/embl
www.ddbj.nig.ac.jp

www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=Genome
bioinfo.mbb.yale.edu/genome
www.ncbi.nlm.nih.gov/COG

www.ebi.ac.uk/interpro
www.expasy.ch/srs5
www.ncbi.nlm.nih.gov/Entrez

Table 2. List of URLs for the databases that are cited in the review.
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Nucleotide and Genome
sequences

As described previously, the biggest
excitement currently lies with the
availability of complete genome
sequences for different organisms. The
GenBank [2], EMBL [37] and DDBJ
[38] databases contain DNA sequen-
ces for individual genes that encode
protein and RNA products. Much like
the composite protein sequence
database, the Entrez nucleotide
database [39] compiles sequence data
from these primary databases.

As whole-genome sequencing is
often conducted through international
collaborations, individual genomes are
published at different sites. The Entrez
genome database [40] brings together
all complete and partial genomes in a
single location and currently represents
over 1,000 organisms (August 2000).
In addition to providing the raw
nucleotide sequence, information is
presented at several levels of detail
including: a list of completed genomes,
all chromosomes in an organism,
detailed views of single chromosomes
marking coding and non-coding regions,
and single genes. At each level there
are graphical presentations, pre-
computed analyses and links to other
sections of Entrez. For example,
annotations for single genes include
the translated protein sequence,
sequence alignments with similar genes
in other genomes and summaries of
the experimentally characterised or
predicted function. GeneCensus [41]
also provides an entry point for genome
analysis with an interactive whole-
genome comparison from an evolution-
ary perspective. The database allows
building of phylogenetic trees based on
different criteria such as ribosomal
RNA or protein fold occurrence. The
site also enables multiple genome
comparisons, analysis of single
genomes and retrieval of information
for individual genes. The COGs data-
base [20] classifies proteins encoded

in 21 completed genomes on the basis
of sequence similarity. Members of
the same Cluster of Orthologous Group,
COG, are expected to have the same
3D domain architecture and often, simi-
lar functions. The most straightforward
application of the database is to predict
the function of uncharacterised proteins
through their homology to characterised
proteins, and also to identify phylo-
genetic patterns of protein occurrence
– for example, whether a given COG
is represented across most or all
organisms or in just a few closely
related species.

Gene expression data
A most recent source of genomic-

scale data has been from expression
experiments, which quantify the
expression levels of individual genes.
These experiments measure the
amount of mRNA or protein products
that are produced by the cell. For the
former, there are three main
technologies: the cDNA microarray
[42-44], Affymatrix GeneChip [45] and
SAGE methods [46]. The first method
measures relative levels of mRNA
abundance between different samples,
while the last two measure absolute
levels. Most of the effort in gene
expression analysis has concentrated
on the yeast and human genomes and
as yet, there is no central repository for
this data. For yeast, the Young [10],
Church [47] and Samson datasets [48]
use the GeneChip method, while the
Stanford cell cycle [49], diauxic shift
[50] and deletion mutant datasets [51]
use the microarray. Most measure
mRNA levels throughout the whole
yeast cell cycle, although some focus
on a particular stage in the cycle. For
humans, the main application has been
to understand expression in tumour
and cancer cells. The Molecular
Portraits of Breast Tumours [52],
Lymphoma and Leukaemia Molecular
Profiling [53] projects provide data
from microarray experiments on
human cancer cells.

The technologies for measuring
protein abundance are currently limited
to 2D gel electrophoresis followed by
mass spectrometry [54]. As gels can
only routinely resolve about 1,000
proteins [55], only the most abundant
can be visualised. At present, data
from these experiments are only
available from the literature [56,57].

Data integration
The most profitable research in

bioinformatics often results from
integrating multiple sources of data
[58]. For instance, the 3D coordinates
of a protein are more useful if combined
with data about the protein’s function,
occurrence in different genomes, and
interactions with other molecules. In
this way, individual pieces of infor-
mation are put in context with respect
to other data. Unfortunately, it is not
always straightforward to access and
cross-reference these sources of infor-
mation because of differences in
nomenclature and file formats.

At a basic level, this problem is
frequently addressed by providing
external links to other databases, for
example in PDBsum, web-pages for
individual structures direct the user
towards corresponding entries in the
PDB, NDB, CATH, SCOP and
SWISS-PROT. At a more advanced
level, there have been efforts to
integrate access across several data
sources. One is the Sequence Retrieval
System, SRS [59], which allows flat-
file databases to be indexed to each
other; this allows the user to retrieve,
link and access entries from nucleic
acid, protein sequence, protein motif,
protein structure and bibliographic
databases. Another is the Entrez facility
[39], which provides similar gateways
to DNA and protein sequences,
genome mapping data, 3D macromo-
lecular structures and the PubMed
bibliographic database [60]. A search
for a particular gene in either database
will allow smooth transitions to the
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genome it comes from, the protein
sequence it encodes, its structure,
bibliographic reference and equivalent
entries for all related genes.

“…UNDERSTAND and
organise the information…”

Having examined the data, we can
discuss the types of analyses that are
conducted. As shown in Table 1, the
broad subject areas in bioinformatics
can be separated according to the sources
of information that are used in the studies.
For raw DNA sequences, investigations
involve separating coding and non-coding
regions, and identification of introns,
exons and promoter regions for annotating
genomic DNA [61,62]. For protein se-
quences, analyses include developing
algorithms for sequence comparisons
[63], methods for producing multiple
sequence alignments [64], and searching
for functional domains from conserved
sequence motifs in such alignments.
Investigations of structural data include
prediction of secondary and tertiary pro-
tein structures, producing methods for
3D structural alignments [65,66], exami-
ning protein geometries using distance
and angular measurements, calculations
of surface and volume shapes and ana-
lysis of protein interactions with other
subunits, DNA, RNA and smaller mole-
cules. These studies have lead to molecu-
lar simulation topics in which structural
data are used to calculate the energetics
involved in stabilising macromolecular
structures, simulating movements within
macromolecules, and computing the
energies involved in molecular docking.
The increasing availability of annotated
genomic sequences has resulted in the
introduction of computational genomics
and proteomics – large-scale analyses
of complete genomes and the proteins
that they encode. Research includes
characterisation of protein content and
metabolic pathways between different
genomes, identification of interacting
proteins, assignment and prediction of

gene products, and large-scale analyses
of gene expression levels. Some of these
research topics will be demonstrated in
our example analysis of transcription
regulatory systems.

Other subject areas we have included
in Table 1 are development of digital
libraries for automated bibliographical
searches, knowledge bases of biological
information from the literature, DNA
analysis methods in forensics, prediction
of nucleic acid structures, metabolic
pathway simulations, and linkage analysis
– linking specific genes to different
disease traits.

In addition to finding relationships
between different proteins, much of
bioinformatics involves the analysis of
one type of data to infer and understand
the observations for another type of
data. An example is the use of sequence
and structural data to predict the
secondary and tertiary structures of new
protein sequences [67]. These methods,
especially the former, are often based on
statistical rules derived from structures,
such as the propensity for certain amino
acid sequences to produce different
secondary structural elements. Another
example is the use of structural data to
understand a protein’s function; here
studies have investigated the relationship
different protein folds and their functions
[68,69] and analysed similarities between
different binding sites in the absence of
homology [70]. Combined with similarity
measurements, these studies provide us
with an understanding of how much
biological information can be accurately
transferred between homologous
proteins [71].

The bioinformatics spectrum
Figure 1 summarises the main points

we raised in our discussions of
organising  and understanding
biological data – the development of
bioinformatics techniques has allowed
an expansion of biological analysis in
two dimension, depth and breadth. The

first is represented by the vertical axis in
the figure and outlines a possible approach
to the rational drug design process. The
aim is to take a single protein and follow
through an analysis that maximises our
understanding of the protein it encodes.
Starting with a gene sequence, we can
determine the protein sequence with
strong certainty. From there, prediction
algorithms can be used to calculate the
structure adopted by the protein.
Geometry calculations can define the
shape of the protein’s surface and
molecular simulations can determine the
force fields surrounding the molecule.
Finally, using docking algorithms, one
could identify or design ligands that may
bind the protein, paving the way for
designing a drug that specifically alters
the protein’s function. In practise, the
intermediate steps are still difficult to
achieve accurately, and they are best
combined with experimental methods to
obtain some of the data, for example
characterising the structure of the protein
of interest.

The aims of the second dimension, the
breadth in biological analysis, is to
compare a gene with others. Initially,
simple algorithms can be used to com-
pare the sequences and structures of a
pair of related proteins. With a larger
number of proteins, improved algorithms
can be used to produce multiple align-
ments, and extract sequence patterns or
structural templates that define a family
of proteins. Using this data, it is also
possible to construct phylogenetic trees
to trace the evolutionary path of proteins.
Finally, with even more data, the infor-
mation must be stored in large-scale
databases. Comparisons become more
complex, requiring multiple scoring
schemes, and we are able to conduct
genomic scale censuses that provide
comprehensive statistical accounts of
protein features, such as the abundance
of particular structures or functions in
different genomes. It also allows us to
build phylogenetic trees that trace the
evolution of whole organisms.
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Fig. 1. Paradigm shifts during the past couple of decades have taken much of biology away from the laboratory bench and have allowed the
integration of other scientific disciplines, specifically computing. The result is an expansion of biological research in breadth and depth. The
vertical axis demonstrates how bioinformatics can aid rational drug design with minimal work in the wet lab. Starting with a single gene sequence,
we can determine with strong certainty, the protein sequence. From there, we can determine the structure using structure prediction techniques.
With geometry calculations, we can further resolve the protein’s surface and through molecular simulation determine the force fields surrounding
the molecule. Finally docking algorithms can provide predictions of the ligands that will bind on the protein surface, thus paving the way for
the design of a drug specific to that molecule. The horizontal axis shows how the influx of biological data and advances in computer technology
have broadened the scope of biology. Initially with a pair of proteins, we can make comparisons between the between sequences and structures
of evolutionary related proteins. With more data, algorithms for multiple alignments of several proteins become necessary. Using multiple
sequences, we can also create phylogenetic trees to trace the evolutionary development of the proteins in question. Finally, with the deluge
of data we currently face, we need to construct large databases to store, view and deconstruct the information. Alignments now become more
complex, requiring sophisticated scoring schemes and there is enough data to compile a genome census – a genomic equivalent of a population
census – providing comprehensive statistical accounting of protein features in genomes.
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“… applying INFORMATICS
TECHNIQUES…”

The distinct subject areas we
mention require different types of
informatics techniques. Briefly, for data
organisation, the first biological
databases were simple flat files.
However with the increasing amount
of information, relational database
methods with Web-page interfaces
have become increasingly popular. In
sequence analysis, techniques include
string comparison methods such as
text search and 1-dimensional align-
ment algorithms. Motif and pattern
identification for multiple sequences
depend on machine learning, clustering
and data-mining techniques. 3D
structural analysis techniques include
Euclidean geometry calculations
combined with basic application of
physical chemistry, graphical repre-
sentations of surfaces and volumes,
and structural comparison and 3D
matching methods. For molecular
simulations, Newtonian mechanics,
quantum mechanics, molecular me-
chanics and electrostatic calculations
are applied. In many of these areas,
the computational methods must be
combined with good statistical analyses
in order to provide an objective measure
for the significance of the results.

Transcription regulation – a case
study in bioinformatics

DNA-binding proteins have a central
role in all aspects of genetic activity
within an organism, participating in
processes such as transcription, packa-
ging, rearrangement, replication and
repair. In this section, we focus on the
studies that have contributed to our
understanding of transcription regula-
tion in different organisms. Through
this example, we demonstrate how
bioinformatics has been used to increase
our knowledge of biological systems
and also illustrate the practical
applications of the different subject
areas that were briefly outlined earlier.

We start by considering structural
analyses of how DNA-binding proteins
recognise particular base sequences.
Later, we review several genomic
studies that have characterised the
nature of transcription factors in
different organisms, and the methods
that have been used to identify regula-
tory binding sites in the upstream
regions. Finally, we provide an overview
of gene expression analyses that have
been recently conducted and suggest
future uses of transcription regulatory
analyses to rationalise the observations
made in gene expression experiments.
All the results that we describe have
been found through computational
studies.

Structural studies
As of August 2000, there were 379

structures of protein-DNA complexes
in the PDB. Analyses of these
structures have provided valuable
insight into the stereochemical
principles of binding, including how
particular base sequences are
recognized and how the DNA structure
is quite often modified on binding.

A structural taxonomy of DNA-
binding proteins, similar to that
presented in SCOP and CATH, was
first proposed by Harrison [72] and
periodically updated to accommodate
new structures as they are solved [73].
The classification consists of a two-
tier system: the first level collects
proteins into eight groups that share
gross structural features for DNA-
binding, and the second comprises 54
families of proteins that are structurally
homologous to each other. Assembly
of such a system simplifies the
comparison of different binding
methods; it highlights the diversity of
protein-DNA complex geometries
found in nature, but also underlines the
importance of interactions between α-
helices and the DNA major groove,
the main mode of binding in over half
the protein families. While the number

of structures represented in the PDB
does not necessarily reflect the relative
importance of the different proteins in
the cell, it is clear that helix-turn-helix,
zinc-coordinating and leucine zipper
motifs are used repeatedly. This
provides compact frameworks that
present the α-helix on the surfaces of
structurally diverse proteins. At a gross
level, it is possible to highlight the
differences between transcription
factor domains that “just” bind DNA
and those involved in catalysis [74].
Although there are exceptions, the
former typically approach the DNA
from a single face and slot into the
grooves to interact with base edges.
The latter commonly envelope the
substrate, using complex networks of
secondary structures and loops.

Focusing on proteins with α-helices,
the structures show many variations,
both in amino acid sequences and
detailed geometry. They have clearly
evolved independently in accordance
with the requirements of the context in
which they are found. While achieving
a close fit between the α-helix and
major groove, there is enough flexibility
to allow both the protein and DNA to
adopt distinct conformations. However,
several studies that analysed the binding
geometries of α-helices demonstrated
that most adopt fairly uniform confor-
mations regardless of protein family.
They are commonly inserted in the
major groove sideways, with their
lengthwise axis roughly parallel to the
slope outlined by the DNA backbone.
Most start with the N-terminus in the
groove and extend out, completing two
to three turns within contacting distance
of the nucleic acid [75,76].

Given the similar binding orientations,
it is surprising to find that the interactions
between each amino acid position along
the α-helices and nucleotides on the
DNA vary considerably between
different protein families. However,
by classifying the amino acids according
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to the sizes of their side chains, we are
able to rationalise the different
interactions patterns. The rules of
interactions are based on the simple
premise that for a given residue position
on α-helices in similar conformations,
small amino acids interact with
nucleotides that are close in distance
and large amino acids with those that
are further [76,77]. Equivalent studies
for binding by other structural motifs,
like β-hairpins, have also been
conducted [78]. When considering
these interactions, it is important to
remember that different regions of the
protein surface also provide interfaces
with the DNA.

This brings us to look at the atomic
level interactions between individual
amino acid-base pairs. Such analyses
are based on the premise that a
significant proportion of specific DNA-
binding could be rationalised by a
universal code of recognition between
amino acids and bases, ie whether
certain protein residues preferably
interact with particular nucleotides
regardless of the type of protein-DNA
complex [79].  Studies have considered
hydrogen bonds, van der Waals contacts
and water-mediated bonds [80-82].
Results showed that about 2/3 of all
interactions are with the DNA
backbone and that their main role is
one of sequence-independent stabilisa-
tion. In contrast, interactions with bases
display some strong preferences,
including the interactions of arginine or
lysine with guanine, asparagine or
glutamine with adenine and threonine
with thymine. Such preferences were
explained through examination of the
stereochemistry of the amino acid side
chains and base edges. Also highlighted
were more complex types of inter-
actions where single amino acids
contact more than one base-step
simultaneously, thus recognising a short
DNA sequence. These results
suggested that universal specificity,
one that is observed across all protein-

DNA complexes, indeed exists.
However, many interactions that are
normally considered to be non-specific,
such as those with the DNA backbone,
can also provide specificity depending
on the context in which they are made.

Armed with an understanding of
protein structure, DNA-binding motifs
and side chain stereochemistry, a major
application has been the prediction of
binding either by proteins known to
contain a particular motif, or those with
structures solved in the uncomplexed
form. Most common are predictions
for α-helix-major groove interactions
– given the amino acid sequence, what
DNA sequence would it recognise
[77,83]. In a different approach,
molecular simulation techniques have
been used to dock whole proteins and
DNAs on the basis of force-field
calculations around the two molecules
[84,85].

The reason that both methods have
only been met with limited success is
because even for apparently simple
cases like α-helix-binding, there are
many other factors that must be
considered. Comparisons between
bound and unbound nucleic acid
structures show that DNA-bending is
a common feature of complexes formed
with transcription factors [74, 86]. This
and other factors such as electrostatic
and cation-mediated interactions assist
indirect recognition of the nucleotide
sequence, although they are not well
understood yet. Therefore, it is now
clear that detailed rules for specific
DNA-binding will be family specific,
but with underlying trends such as the
arginine-guanine interactions.

Genomic studies
Due to the wealth of biochemical

data that are available, genomic studies
in bioinformatics have concentrated
on model organisms, and the analysis
of regulatory systems has been no
exception. Identification of transcription

factors in genomes invariably depends
on similarity search strategies, which
assume a functional and evolutionary
relationship between homologous
proteins. In E. coli, studies have so far
estimated a total of 300 to 500
transcription regulators [87] and
PEDANT [88], a database of auto-
matically assigned gene functions,
shows that typically 2-3% of
prokaryotic and 6-7% of eukaryotic
genomes comprise DNA-binding
proteins. As assignments were only
complete for 40-60% of genomes as of
August 2000, these figures most likely
underestimate the actual number.
Nonetheless, they already represent a
large quantity of proteins and it is clear
that there are more transcription
regulators in eukaryotes than other
species. This is unsurprising, consider-
ing the organisms have developed a
relatively sophisticated transcription
mechanism.

From the conclusions of the structural
studies, the best strategy for charac-
terising DNA-binding of the putative
transcription factors in each genome is
to group them by homology and analyse
the individual families. Such classifi-
cations are provided in the secondary
sequence databases described earlier
and also those that specialise in
regulatory proteins such as RegulonDB
[89] and TRANSFAC [90]. Of even
greater use is the provision of structural
assignments to the proteins; given a
transcription factor, it is helpful to know
the structural motif that it uses for
binding, therefore providing us with a
better understanding of how it recog-
nises the target sequence. Structural
genomics through bioinformatics
assigns structures to the protein
products of genomes by demonstrating
similarity to proteins of known structure
[91]. These studies have shown that
prokaryotic transcription factors most
frequently contain helix-turn-helix
motifs [87,92] and eukaryotic factors
contain homeodomain type helix-turn-
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helix, zinc finger or leucine zipper motifs.
From the protein classifications in each
genome, it is clear that different types
of regulatory proteins differ in abun-
dance and families significantly differ
in size. A study by Huynen and van
Nimwegen [93] has shown that mem-
bers of a single family have similar
functions, but as the requirements of
this function vary over time, so does
the presence of each gene family in the
genome.

Most recently, using a combination
of sequence and structural data, we
examined the conservation of amino
acid sequences between related DNA-
binding proteins, and the effect that
mutations have on DNA sequence
recognition. The structural families
described above were expanded to
include proteins that are related by
sequence similarity, but whose
structures remain unsolved. Again,
members of the same family are
homologous, and probably derive from
a common ancestor.

Amino acid conservations were
calculated for the multiple sequence
alignments of each family [94].
Generally, alignment positions that
interact with the DNA are better
conserved than the rest of the protein
surface, although the detailed patterns
of conservation are quite complex.
Residues that contact the DNA back-
bone are highly conserved in all protein
families, providing a set of stabilising
interactions that are common to all
homologous proteins. The conservation
of alignment positions that contact
bases, and recognise the DNA se-
quence, are more complex and could
be rationalised by defining a 3-class
model for DNA-binding. First, protein
families that bind non-specifically
usually contain several conserved base-
contacting residues; without exception,
interactions are made in the minor
groove where there is little discrim-
ination between base types. The

contacts are commonly used to stabilise
deformations in the nucleic acid
structure, particularly in widening the
DNA minor groove. The second class
comprise families whose members all
target the same nucleotide sequence;
here, base-contacting positions are
absolutely or highly conserved allowing
related proteins to target the same
sequence.

The third, and most interesting, class
comprises families in which binding
is also specific but different members
bind distinct base sequences. Here
protein residues undergo frequent
mutations, and family members can
be divided into subfamilies according
to the amino acid sequences at base-
contacting positions; those in the
same subfamily are predicted to bind
the same DNA sequence and those
of different subfamilies to bind
distinct sequences. On the whole,
the subfamilies corresponded well
with the proteins’ functions and
members of the same subfamilies were
found to regulate similar transcription
pathways. The combined analysis of
sequence and structural data described
by this study provided an insight into
how homologous DNA-binding
scaffolds achieve different specificities
by altering their amino acid sequences.
In doing so, proteins evolved distinct
functions, therefore allowing structur-
ally related transcription factors to
regulate expression of different genes.
Therefore, the relative abundance of
transcription regulatory families in a
genome depends, not only on the
importance of a particular protein
function, but also in the adaptability
of the DNA-binding motifs to
recognise distinct nucleotide
sequences. This, in turn, appears to
be best accommodated by simple
binding motifs, such as the zinc fingers.

Given the knowledge of the tran-
scription regulators that are contained
in each organism, and an understanding
of how they recognise DNA

sequences, it is of interest to search for
their potential binding sites within
genome sequences [95]. For
prokaryotes, most analyses have
involved compiling data on experi-
mentally known binding sites for
particular proteins and building a
consensus sequence that incorporates
any variations in nucleotides. Additional
sites are found by conducting word-
matching searches over the entire
genome and scoring candidate sites by
similarity [96-99]. Unsurprisingly, most
of the predicted sites are found in non-
coding regions of the DNA [96] and
the results of the studies are often
presented in databases such as
RegulonDB [89]. The consensus
search approach is often complemented
by comparative genomic studies
searching upstream regions of
orthologous genes in closely related
organisms. Through such an approach,
it was found that at least 27% of
known E. coli DNA-regulatory motifs
are conserved in one or more distantly
related bacteria [100].

The detection of regulatory sites in
eukaryotes poses a more difficult
problem because consensus sequences
tend to be much shorter, variable, and
dispersed over very large distances.
However, initial studies in S.
cerevisiae provided an interesting
observation for the GATA protein in
nitrogen metabolism regulation.
While the 5 base-pair GATA
consensus sequence is found almost
everywhere in the genome, a single
isolated binding site is insufficient to
exert the regulatory function [101].
Therefore specificity of GATA activity
comes from the repetition of the
consensus sequence within the
upstream regions of controlled genes
in multiple copies. An initial study has
used this observation to predict new
regulatory sites by searching for over-
represented oligonucleotides in non-
coding regions of yeast and worm
genomes [102,103].
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Having detected the regulatory
binding sites, there is the problem of
defining the genes that are actually
regulated, commonly termed regulons.
Generally, binding sites are assumed to
be located directly upstream of the
regulons; however there are different
problems associated with this assump-
tion depending on the organism. For
prokaryotes, it is complicated by the
presence of operons; it is difficult to
locate the regulated gene within an
operon since it can lie several genes
downstream of the regulatory se-
quence. It is often difficult to predict
the organisation of operons [104],
especially to define the gene that is
found at the head, and there is often a
lack of long-range conservation in gene
order between related organisms [105].
The problem in eukaryotes is even
more severe; regulatory sites often act
in both directions, binding sites are
usually distant from regulons because
of large intergenic regions, and
transcription regulation is usually a
result of combined action by multiple
transcription factors in a combinatorial
manner.

Despite these problems, these
studies have succeeded in confirming
the transcription regulatory pathways
of well-characterised systems such as
the heat shock response system [99].
In addition, it is feasible to experi-
mentally verify any predictions, most
notably using gene expression data.

Gene expression studies
Many expression studies have so

far focused on devising methods to
cluster genes by similarities in
expression profiles. This is in order to
determine the proteins that are
expressed together under different
cellular conditions. Briefly, the most
common methods are hierarchical
clustering, self-organising maps, and
K-means clustering. Hierarchical
methods originally derived from
algorithms to construct phylogenetic

trees, and group genes in a “bottom-
up” fashion; genes with the most similar
expression profiles are clustered first,
and those with more diverse profiles
are included iteratively [106-108]. In
contrast, the self-organising map [109,
110] and K-means methods [111]
employ a “top-down” approach in which
the user pre-defines the number of
clusters for the dataset. The clusters
are initially assigned randomly, and the
genes are regrouped iteratively until
they are optimally clustered.

Given these methods, it is of interest
to relate the expression data to other
attributes such as structure, function
and subcellular localisation of each
gene product. Mapping these properties
provides an insight into the
characteristics of proteins that are
expressed together, and also suggest
some interesting conclusions about the
overall biochemistry of the cell. In
yeast, shorter proteins tend to be more
highly expressed than longer proteins,
probably because of the relative ease
with which they are produced [112].
Looking at the amino acid content,
highly expressed genes are generally
enriched in alanine and glycine, and
depleted in asparagine; these are
thought to reflect the requirements of
amino acid usage in the organism, where
synthesis of alanine and glycine are
energetically less expensive than
asparagine. Turning to protein
structure, expression levels of the TIM
barrel and NTP hydrolase folds are
highest, while those for the leucine
zipper, zinc finger and transmembrane
helix-containing folds are lowest. This
relates to the functions associated with
these folds; the former are commonly
involved in metabolic pathways and
the latter in signalling or transport
processes [113]. This is also reflected
in the relationship with subcellular
localisations of proteins, where
expression of cytoplasmic proteins is
high, but nuclear and membrane
proteins tend to be low [114,115].

More complex relationships have
also been assessed. Conventional
wisdom is that gene products that
interact with each other are more likely
to have similar expression profiles than
if they do not [116,117]. However, a
recent study showed that this relation-
ship is not so simple [118]. While
expression profiles are similar for gene
products that are permanently associ-
ated, for example in the large ribosomal
subunit, profiles differ significantly for
products that are only associated
transiently, including those belonging
to the same metabolic pathway.

As described below, one of the main
driving forces behind expression
analysis has been to analyse cancerous
cell lines [119]. In general, it has been
shown that different cell lines (eg
epithelial and ovarian cells) can be
distinguished on the basis of their
expression profiles, and that these
profiles are maintained when cells are
transferred from an in vivo to an in
vitro environment [120]. The basis for
their physiological differences were
apparent in the expression of specific
genes; for example, expression levels
of gene products necessary for
progression through the cell cycle,
especially ribosomal genes, correlated
well with variations in cell proliferation
rate. Comparative analysis can be
extended to tumour cells, in which the
underlying causes of cancer can be
uncovered by pinpointing areas of
biological variations compared to
normal cells. For example in breast
cancer, genes related to cell prolifera-
tion and the IFN-regulated signal
transduction pathway were found to
be upregulated [52,121]. One of the
difficulties in cancer treatment has
been to target specific therapies to
pathogenetically distinct tumour types,
in order to maximise efficacy and
minimise toxicity. Thus, improvements
in cancer classifications have been
central to advances in cancer treat-
ment. Although the distinction between
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different forms of cancer – for example
subclasses of acute leukaemia – has
been well established, it is still not
possible to establish a clinical diagnosis
on the basis of a single test.  In a recent
study, acute myeloid leukaemia and
acute lymphoblastic leukaemia were
successfully distinguished based on the
expression profiles of these cells [53].
As the approach does not require prior
biological knowledge of the diseases, it
may provide a generic strategy for
classifying all types of cancer.

Clearly, an essential aspect of
understanding expression data lies in
understanding the basis of transcription
regulation. However, analysis in this area
is still limited to preliminary analyses of
expression levels in yeast mutants lacking
key components of the transcription
initiation complex [10,122].

“… many PRACTICAL
APPLICATIONS…”

Here, we describe some of the major
uses of bioinformatics.

Finding Homologues
As described earlier, one of the

driving forces behind bioinformatics is
the search for similarities between
different biomolecules. Apart from
enabling systematic organisation of
data, identification of protein homol-
ogues has some direct practical uses.
The most obvious is transferring infor-
mation between related proteins. For
example, given a poorly characterised
protein, it is possible to search for
homologues that are better understood
and with caution, apply some of the
knowledge of the latter to the former.
Specifically with structural data,
theoretical models of proteins are
usually based on experimentally solved
structures of close homologues [123].
Similar techniques are used in fold
recognition in which tertiary structure
predictions depend on finding structures

of remote homologues and checking
whether the prediction is energetically
viable [124]. Where biochemical or
structural data are lacking, studies could
be made in low-level organisms like
yeast and the results applied to
homologues in higher-level organisms
such as humans, where experiments
are more demanding.

An equivalent approach is also
employed in genomics. Homologue-
finding is extensively used to confirm
coding regions in newly sequenced
genomes and functional data is fre-
quently transferred to annotate individ-
ual genes. On a larger scale, it also
simplifies the problem of understanding
complex genomes by analysing simple
organisms first and then applying the
same principles to more complicated
ones – this is one reason why early
structural genomics projects focused
on Mycoplasma genitalium [91].

Ironically, the same idea can be
applied in reverse. Potential drug
targets are quickly discovered by
checking whether homologues of
essential microbial proteins are missing
in humans. On a smaller scale, structural
differences between similar proteins
may be harnessed to design drug
molecules that specifically bind to one
structure but not another.

Rational Drug Design
One of the earliest medical applica-

tions of bioinformatics has been in
aiding rational drug design. Figure 2
outlines the commonly cited approach,
taking the MLH1 gene product as an
example drug target. MLH1 is a human
gene encoding a mismatch repair
protein (mmr) situated on the short
arm of chromosome 3 [125]. Through
linkage analysis and its similarity to
mmr genes in mice, the gene has
been implicated in nonpolyposis colo-
rectal cancer [126]. Given the nucle-
otide sequence, the probable amino
acid sequence of the encoded protein

can be determined using translation
software. Sequence search techniques
can then be used to find homologues in
model organisms, and based on
sequence similarity, it is possible to
model the structure of the human
protein on experimentally characterised
structures. Finally, docking algorithms
could design molecules that could bind
the model structure, leading the way
for biochemical assays to test their
biological activity on the actual protein.

Large-scale censuses
Although databases can efficiently

store all the information related to
genomes, structures and expression
datasets, it is useful to condense all this
information into understandable trends
and facts that users can readily under-
stand. Broad generalisations help
identify interesting subject areas for
further detailed analysis, and place
new observations in a proper context.
This enables one to see whether they
are unusual in any way.

Through these large-scale
censuses, one can address a number
of evolutionary, biochemical and
biophysical questions. For example,
are specific protein folds associated
with certain phylogenetic groups?
How common are different folds
within particular organisms? And to
what degree are folds shared between
related organisms? Does this extent of
sharing parallel measures of
relatedness derived from traditional
evolutionary trees? Initial studies show
that the frequency of folds differs
greatly between organisms and that
the sharing of folds between organisms
does in fact follow traditional
phylogenetic classifications [21,41].
We can also integrate data on protein
functions; given that the particular
protein folds are often related to specific
biochemical functions [68, 69], these
findings highlight the diversity of
metabolic pathways in different
organisms [20,105].
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Fig.2. Above is a schematic outlining how scientists can use bioinformatics to aid rational drug discovery. MLH1 is a human gene encoding a mismatch
repair protein (mmr) situated on the short arm of chromosome 3. Through linkage analysis and its similarity to mmr genes in mice, the gene has been
implicated in nonpolyposis colorectal cancer. Given the nucleotide sequence, the probable amino acid sequence of the encoded protein can be
determined using translation software. Sequence search techniques can be used to find homologues in model organisms, and based on sequence
similarity, it is possible to model the structure of the human protein on experimentally characterised structures. Finally, docking algorithms could
design molecules that could bind the model structure, leading the way for biochemical assays to test their biological activity on the actual protein.

As we discussed earlier, one of the
most exciting new sources of genomic
information is the expression data.
Combining expression information with
structural and functional classifications
of proteins we can ask whether the
high occurrence of a protein fold in a
genome is indicative of high expression
levels [112]. Further genomic scale data
that we can consider in large-scale
surveys include the subcellular

localisations of proteins and their inter-
actions with each other [127-129]. In
conjunction with structural data, we can
then begin to compile a map of all protein-
protein interactions in an organism.

Further applications in medical
sciences

Most recent applications in the
medical sciences have centred on
gene expression analysis [130]. This

usually involves compiling expression
data for cells affected by different
diseases [131], eg cancer [53,132,
133] and ateriosclerosis [134], and
comparing the measurements against
normal expression levels. Identifi-
cation of genes that are expressed
differently in affected cells provides
a basis for explaining the causes of
illnesses and highlights potential drug
targets. Using the process described
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in Figure 2, one would design
compounds that bind the expressed
protein, or perhaps more importantly,
the transcription regulator has caused
the change in expression levels. Given
a lead compound, microarray experi-
ments can then be used to evaluate
responses to pharmacological inter-
vention, [135,136] and also provide
early tests to detect or predict the
toxicity of trial drugs.

Further advances in bioinformatics
combined with experimental genomics
for individuals are predicted to
revolutionalise the future of healthcare.
A typical scenario for a patient may
start with post-natal genotyping to
assess susceptibility or immunity from
specific diseases and pathogens. With
this information, a unique combination
of vaccines could be prescribed, mini-
mising the healthcare costs of unneces-
sary treatments and anticipating the
onslaught of diseases later in life.
Regular lifetime screenings could lead
to guidance for nutrition intake and
early detections of any illnesses [137].
In addition, drug-based treatments
could be tailored specifically to the
patient and disease, thus providing the
most effective course of medication
with minimal side-effects [138]. Given
the present rate of development, such
a scenario in healthcare appears to be
possible in the not too distant future.

Conclusions
With the current deluge of data,

computational methods have become
indispensable to biological investiga-
tions. Originally developed for the
analysis of biological sequences, bioin-
formatics now encompasses a wide
range of subject areas including struc-
tural biology, genomics and gene ex-
pression studies. In this review, we
provided an introduction and overview
of  the current state of field. In
particular, we discussed the types of
biological information and databases
that are commonly used, examined
some of the studies that are being

conducted – with reference to trans-
cription regulatory systems – and finally
looked at several practical applications
of the field.

Two principal approaches underpin
all studies in bioinformatics. First is
that of comparing and grouping the
data according to biologically meaning-
ful similarities and second, that of
analysing one type of data to infer and
understand the observations for another
type of data. These approaches are
reflected in the main aims of the field,
which are to understand and organise
the information associated with biolo-
gical molecules on a large scale. As a
result, bioinformatics has not only
provided greater depth to biological
investigations, but added the dimension
of breadth as well. In this way, we are
able to examine individual systems in
detail and also compare them with
those that are related in order to
uncover common principles that apply
across many systems and highlight
unusual features that are unique to
some.
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The Unblazed Trail: Bioinformatics and the Protection 
of Genetic Knowledge∗  

Lawrence M. Sung, Ph.D.** 

INTRODUCTION 

The history of the endeavor to understand the human condition, 
fueled in part by the desire to prolong or otherwise enhance the 
enjoyment of life, will mark this year with great significance. On 
February 12, 2001, the world awoke to the news sensation of the 
achievement of a milestone in genetic knowledge arguably unrivaled 
by any other previously.1 The scientific research teams dedicated to 

 
 ∗  Copyright © 2001 by Lawrence M. Sung, Ph.D. This Article was prepared for the 
2001 Heart of America Intellectual Property Law Conference: �Intellectual Property, Digital 
Technology, and Electronic Commerce� co-sponsored by Washington University School of 
Law on April 6-7, 2001. 
 ** Assistant Professor of Law, University of Maryland School of Law (Baltimore, MD). 
J.D., cum laude, The American University, Washington College of Law (Washington, DC); 
Ph.D. Microbiology, U.S. Department of Defense, Uniformed Services University of the Health 
Sciences (Bethesda, Maryland); B.A. Biology, University of Pennsylvania. Former judicial 
clerk to the Honorable Raymond C. Clevenger, III, The U.S. Court of Appeals for the Federal 
Circuit (Washington, DC). All inquiries and/or comments are welcome by telephone at 
410.706.1052, or e-mail at lsung@law.umaryland.edu. 
 1. See, e.g., Scientists Set to Announce Major Advances in Mapping the Human Genome 
(Early Edition, CNN television broadcast, Feb. 12, 2001) (�[I]n just three hours, we�re going to 
hear what could be the beginning of a revolution in the practice of medicine. An announcement 
regarding the mapping of all the genes in the human body will be made in Washington.�); 
Human Genome Decoded (Today, NBC television broadcast, Feb. 12, 2001) (�This morning 
details on what may be the most amazing scientific accomplishment ever, the mapping of the 
human genome. Last June, scientists on competing teams announced they had done it, and 
today they are releasing their results, and it could revolutionize the future of medical care.�); 
Map of Human Genome Debuts with Some Big Surprises (World News This Morning, ABC 
television broadcast, Feb. 12, 2001) (�History will have to judge, of course, but scientists say 
they may be at a turning point comparable to Copernicus figuring out the layout of the solar 
system or Darwin beginning to understand how plants and animals evolved.�); Two Rival 
Studies Offer the First Detailed Look at Most of the Human Genetic Code (The Early Show, 
CBS television broadcast, Feb. 12, 2001). 

We�ve been trying in the 20th century to try to treat disease without even knowing 
what the parts were, without knowing what was wrong in diseases like diabetes or 
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the elucidation of the precise structural nature of the chemicals that 
encode the design of the human organism announced the release of 
their long anticipated findings�the nucleotide sequence of the 
human genome.2 

For even the most casual observers, the accomplishment 
underlying this report was earthshaking.3 Even for those who had 
closely monitored the progress of this project throughout its years of 
intensive effort, the publication of the human genome sequence was 
no less heralded. Indeed, the editors of Science, one of the two 
leading scientific journals to report this data, pronounced it a 

 
asthma or hypertension. It�d be like bringing your car to an auto mechanic who didn�t 
know what was under the hood, didn�t know the parts. 

Id.; see also Clive Cookson, A Glimpse of the Secrets of Life: The Results of the Human 
Genome Project Show Unexpected Layers of Complexity in our Genes, FIN. TIMES (LONDON), 
Feb. 12, 2001, at 21. 

Eight months ago, Bill Clinton and Tony Blair linked up to proclaim one of science�s 
greatest achievements: decoding the human genome or �book of life.� But that public 
relations spectacular was not supported by research data or conclusions. This week 
scientists get their first look at the evidence, with the official publication of the human 
genome sequence in the journals Nature and Science. 

Id.; China on Par With Developed Countries in Genome Research, XINHUA DAILY NEWS 
SERVICE, Feb. 12, 2001. 

The latest map and preliminary conclusion on the human genome by experts from 
China and five developed countries indicate China is on a par with the developed 
countries in this field . . . . [T]he progress, unveiled late Monday by international 
sciences news weekly Science and Nature, is the result of international cooperation. 
The research demonstrates the strength of China, the only developing country allowed 
to join the project, in this advanced research field . . . . 

Id. 
 2. See Elizabeth Pennisi, The Human Genome, 291 SCIENCE 1177, 1178 (2001):  

Just obtaining the sequence is a phenomenal achievement, one that many researchers 
did not believe possible 15 years ago . . . . Spelling out the entire sequence, all 3 billion 
or so chemical letters that make up DNA along each chromosome, would fill tomes 
equivalent to 200 New York City phone books . . . . Perhaps most humbling of all is 
the finding . . . that humans have 32,000 genes, give or take a few thousand. 

 3. See Leslie Roberts, Controversial From the Start, 291 SCIENCE 1182, 1182 (2001): 
The human genome: the crown jewel of 20th century biology, heralded at the White 
House, plastered on the covers of countless magazines�and at last spelled out today in 
intricate detail in both Science and Nature. Deciphering this string of 3 billion A�s, 
T�s, G�s, and C�s is being hailed as an achievement that will usher in a new era of 
biology and even alter our understanding of who we are. 
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�historic moment for the scientific endeavor.�4 The message to the 
scientific community, however, also appeared to reflect a tenor of 
underlying concern. 

Humanity has been given a great gift. With the completion of 
the human genome sequence, we have received a powerful tool 
for unlocking the secrets of our genetic heritage and for finding 
our place among the other participants in the adventure of 
life . . . . 

It should be no surprise that an achievement so stunning, and 
so carefully watched, has created new challenges for the 
scientific venture.5 

To be sure, the process of discovering our genetic code, from its 
inception, has fostered coincident public scrutiny and concern, which 
included portents of privacy loss, genetic discrimination, and 
eugenics.6 Perhaps most controversial, however, were the issues of 
ownership and exclusivity obtainable through patent protection to 
aspects of the human genome.7 The public debate aside, the federal 

 
 4. See Barbara R. Jasny & Donald Kennedy, Editorial: The Human Genome, 291 
SCIENCE 1153, 1153 (2001) (commemorating the contemporaneous publications of the human 
genome sequence in Science by J. Craig Venter et al. of Celera Genomics, a private enterprise, 
and in Nature by the International Human Genome Sequencing Consortium, a publicly-funded 
international cooperative of laboratories led by Francis Collins). 
 5. See id. (indicating that �access to all the data needed to verify conclusions� and 
�protection against piracy [to] enable other proprietary data to be published after peer review� 
are important considerations). 
 6. See Jeremy A. Colby, An Analysis of Genetic Discrimination Legislation Proposed by 
the 105th Congress, 24 AM. J.L. & MED. 443, 443-44 (1998). 

[G]enetic information may also result in a world characterized by genetic 
discrimination and genetic determinism. Although genetic information will be used to 
develop revolutionary treatments, such as gene therapy and other molecular medicine, 
it will also bring genetic discrimination and heretofore unrealized invasions into the 
privacy of our genetic codes. 

Id. 
 7. See Eliot Marshall, Sharing the Glory, Not the Credit, 291 SCIENCE 1189, 1191 (2001) 
(reporting the stern reaction by scientists to the negotiations between Celera and Science of �a 
balanced plan, requiring Celera to release data freely to academics but allowing the company to 
protect its database by requiring readers to obtain access at a company site and register as 
academic or commercial users�). Of course, the U.S. patent system has supporters and 
detractors alike as a general proposition. Nevertheless, its significance, positive or negative, to 
the business community appears clear. See John R. Allison & Mark A. Lemley, Taking Stock: 
The Law and Economics of Intellectual Property Rights: Who’s Patenting What? An Empirical 
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courts, principally the Court of Appeals for the Federal Circuit,8 and 
the U.S. Patent and Trademark Office (USPTO), attempted to provide 
guidance on the intellectual property rights that might impact such 
matters involving the human genome and other genetic data. These 
efforts, however, met with, at best, lackluster support from patent law 
practitioners and other commentators, as well as the general public.9 

In recent days, public debate in this regard focused on the proper 
scope, if any, of patent protection for genetic discoveries generally 
and for expressed sequence tags (ESTs) and single nucleotide 
polymorphisms (SNPs) specifically. Two concerns prevail. The first 
relates to the challenge, pursuant to the written description 
requirement of the patent law, to patent coverage of inventions 
pertaining to genes or gene fragments where the applicant failed to 
disclose the corresponding nucleotide sequence information. The 
second involves whether isolated and purified nucleic acid fragments 
with no known association or other functionality can satisfy the 
patent law requirement of utility as well as written description. 

 
Exploration of Patent Prosecution, 53 VAND. L. REV. 2099, 2100 (2000). 

Patents are big business. Individuals and companies are obtaining far more patents 
today than ever before. Some simple calculations make it clear that companies are 
spending over $5 billion a year obtaining patents in the U.S.�to say nothing of the 
costs of obtaining patents elsewhere, and of licensing and enforcing the patents. There 
are a number of reasons why patenting is on the rise; primary among them are a 
booming economy and a shift away from manufacturing and capital-intensive 
industries towards companies with primarily intellectual assets. But whatever the 
reason, it is evident that many companies consider patents important. 

Id. 
 8. The Federal Circuit has exclusive jurisdiction of appeals in civil actions across the 
country that arise under the patent statutes. See 28 U.S.C. § 1295 (1994) (vesting the Federal 
Circuit with exclusive jurisdiction in patent appeals from final judgments and orders of the U.S. 
district courts and the U.S. Court of Federal Claims, from decisions of the Board of Patent 
Appeals and Interferences of the U.S. Patent and Trademark Office, from decisions of the 
Commissioner of Patents and Trademarks, and from decisions of the U.S. International Trade 
Commission); see also S. REP. NO. 275, at 2 (1981), reprinted in 1982 U.S.C.C.A.N. 11, 12 
(describing the legislative rationale behind the establishment of the Federal Circuit with the 
enactment of the Federal Courts Improvement Act of 1982, Pub. L. No. 97-164, 96 Stat. 25, 37 
(codified as amended at 28 U.S.C. § 1295 (1994)). 
 9. See Jerry Knight, Biotech Stocks Tougher to Unravel Than Genome, WASH. POST, 
Feb. 19, 2001, at E01 (warning about investment in biotechnology companies because �[t]heir 
science is so complex, their business strategies so unpredictable, their path to profitability so 
uncertain�to say nothing of so long�that it�s impossible to calculate what each stock is worth or 
which is better to buy�). 
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Given the reactive nature of the patent system, particularly in a 
technical art such as biotechnology, where the law today deals with 
the potentially decades old science, the legal issues center on early 
research work in recombinant protein production and genomics.10 
With the human genome sequence in hand now, scientists and other 
interested members of the public recognize that the practical 
applications will likely include better, faster, and cheaper routes to 
drug discovery and advances in medical practice.11 This progress 
depends in large part on other scientific fields, that of bioinformatics 
(once better known as computational biology) and proteomics.12 The 

 
 10. See Courtney J. Miller, Patent Law and Human Genomics, 26 CAP. U. L. REV. 893, 
984 (1997). 

The genomics industry is a complex and frustrating combination of philanthropy and 
commercialism, science and law. The basic premise of sequencing the human genome 
is that such a venture will benefit humankind, but the importance of protecting the 
significant financial and physical investments required to sustain the effort have 
resulted in the need for definitive federal legislative guidelines concerning the 
intellectual property generated as the genomics industry matures. 

Id. 
 11. See Sara Dastgheib-Vinarov, A Higher Nonobviousness Standard for Gene Patents: 
Protecting Biomedical Research from the Big Chill, 4 MARQ. INTELL. PROP. L. REV. 143, 158-
59 (2000). 

In the new millenium, computational and molecular techniques allow scientists to 
accomplish what was once deemed impossible. Some of these techniques include 
designing optimum DNA probes for PCR and comparing three-dimensional protein 
secondary structure of various species with their mRNA sequences on a computer. 
These techniques, which reduce experiment times from days to minutes, have made 
most traditional molecular biological procedures obsolete. 

Id.; Lawrence M. Sung & Don J. Pelto, Bioinformatics May Get Boost From “State Street,” 
NAT�L L.J., Oct. 19, 1998, at C28. 

How quickly scientists achieve these goals thus may depend little on the breakneck 
pace at which they undertake to obtain new DNA sequence information by brute force. 
Indeed, the smart money is now focusing on how long it takes to understand what the 
exploding storehouses of genetic information actually teach. The true race is not to see 
who first maps every last stretch of human DNA, but who can most successfully 
identify candidates for effective drug and gene therapy based on genetic information 
with little, if any, known biological significance. 

Id. 
 12. See Mark J. Stewart, The Written Description Requirement of 35 U.S.C. § 112(1): The 
Standard After Regents of the University of California v. Eli Lilly & Co., 32 IND. L. REV. 537, 
555 n.153 (1999) (�The development of bioinformatics is beginning to manage the increasing 
amount of genetic sequence information that is becoming available. Bioinformatics provides 
ways to analyze DNA and protein sequences and make predictions regarding structure or 
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legal ramifications of intellectual property protection in this 
developing research area will probably take years to manifest, but 
might engender as much, if not more, public debate than that 
presently observable with biotechnology patents.13 

This Article begins with a review of the legal treatment of 
biotechnology patents involving genetic information and addresses 
contemporary issues facing the federal courts and the USPTO. A 
consideration follows regarding the likely patent protection scenarios 

 
function relationships.�) (citing ANDREAS D. BAXEVANIS & B.F. OUELLETTE, 
BIOINFORMATICS: A PRACTICAL GUIDE TO THE ANALYSIS OF GENES AND PROTEINS (1st ed. 
1998)); Ronald Cass et al., Advances in Biomaterials and Devices, and Their Financing, 6 B.U. 
J. SCI. & TECH. L. 2, 6 (2000). 

How bioinformatics and genetic engineering become important is that one can use 
information from the human genome project. The idea is then to use this information 
to help predict what functions other proteins or other regions of proteins are involved 
in�not only cellular adhesion but also other cellular roles such as cell death, growth, 
and migration and differentiation. 

Id.; David Malakoff & Robert F. Service, Genomania Meets the Bottom Line, 291 SCIENCE 
1193, 1201 (2001) (�Toolmakers, information suppliers, and discovery companies are already 
looking beyond genomics to proteomics, the latest effort to demystify the functions of the 
proteins coded for by all those genes. Surveying genes is a good way of finding possible drug 
targets, the reasoning goes.�); Stanley Fields, Proteomics in Genomeland, 291 SCIENCE 1221, 
1221 (2001) (�In the wonderland of complete sequences, there is much that genomics cannot 
do, and so the future belongs to proteomics: the analysis of complete complements of 
proteins.�). 
 13. See Rebecca S. Eisenberg, Genetics and the Law: The Ethical, Legal, and Social 
Implications of Genetic Technology and Biomedical Ethics: Intellectual Property at the Public-
Private Divide: The Case of Large-Scale cDNA Sequencing, 3 U. CHI. L. SCH. ROUNDTABLE 
557, 565 (1996). 

Despite the growth of the public database, the private databases remain significantly 
larger. Inasmuch as all the information that enters the public database promptly 
becomes available in the private databases as well, the public database can never 
contain more information than the private databases. The private database owners also 
claim to offer superior products in that they have assembled contiguous fragments into 
longer sequences, they provide more complete annotations for the sequences, 
including information about expression in different types of tissue, they provide 
sequence information from customized cDNA libraries derived from tissue types of 
interest to their subscribers, and their sequence information comes with high-powered 
bioinformatics capabilities and user-friendly software. Ironically, Merck�s investment 
in enhancing the public database may have enhanced the value of the private databases 
as a resource for discovery, not only by contributing further data to make the 
information in the private databases more complete, but also by creating a deluge of 
information that enhances the value of the complementary proprietary bioinformatics 
capabilities that the private database owners offer to their clients.  

Id. (internal citations omitted). 
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surrounding bioinformatics and proteomics. The Article concludes 
with various proposals for the enhancement of progress in 
bioinformatics and proteomics, and other beneficiary research fields 
of genomics, through the securing of intellectual property rights.14 

I 

The protection of genetic information under patent law raises 
several issues. A prominent issue concerns the characterization of 
nucleic acids as basic research tools, to which easy access is 
considered vital to the progress of science.15 With knowledge of a 
particular nucleotide sequence, a scientist can engage in further 
experimentation, including a determination of whether that sequence 
is physically present in a sample, as well as whether transcription or 
translation products corresponding to that sequence are produced. In 
addition, nucleic acids of consequence can be used to construct 
recombinant proteins. In this sense, as structural components, nucleic 
acids can be used to facilitate further discovery. There is another 
facet to the character of nucleic acids.  

Beyond its nature as a chemical compound, a nucleic acid serves 
as a storage medium for biological information.16 The nucleotide 
sequence alone can provide an understanding of the relative 
significance of the specific nucleic acid and the products it encodes. 
As such, the genetic knowledge a nucleic acid contains can be as 

 
 14. See Emanuel Vacchiano, It’s A Wonderful Genome: The Written-Description 
Requirement Protects The Human Genome From Overly-Broad Patents, 32 J. MARSHALL L. 
REV. 805, 830 (1999). 

Congress and the biotech community must consider implementing a special patent 
category for patents to human DNA segments where a medical or industrial utility is 
not demonstrated. This special patent category would award a limited term based on a 
diminished examination process. For example, a five-year term can be appropriate for 
these patents, although such a determination requires considerable comment from the 
biotech community before implementation. 

Id. 
 15. See Michael A. Heller & Rebecca S. Eisenberg, Can Patents Deter Innovation? The 
Anticommons in Biomedical Research, 280 SCIENCE 698 (1998). 
 16. See R.C. Lewontin, In the Beginning Was the Word, 291 SCIENCE 1263, 1263 (2001) 
(reviewing LILY E. KAY, WHO WROTE THE BOOK OF LIFE? (2000), and noting her examination 
of �how the view that DNA is �information� that is �written� in a �language� whose �words� are 
in �code� has driven the research program and claims of molecular biology�). 
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inseparable from the discrete chemical compound as a personality is 
from the human individual. 

This knowledge creates a problem, however, because intellectual 
property law is not intended to vest ownership in information per se. 
The essence of nucleic acids as both chemical compounds and 
information reservoirs, therefore, fosters a dichotomy that the patent 
law, in particular, is ill-equipped to reconcile. If patent protection to 
nucleic acids was accorded based solely on their chemical character, 
for example, claims might be issued that would be arguably 
overbroad.17 The fundamental inquiry remains whether the discoverer 
of a certain isolated and purified nucleic acid provides the public with 
knowledge worthy of the reward of a temporary right of exclusivity. 

The USPTO and federal courts have addressed the patentability of 
genetic discoveries.18 Until relatively recently, all were situations in 
which the patent applicant disclosed the genetic knowledge in 
conjunction with the chemical structure.19 In these cases, the public 

 
 17. Assuming arguendo the inevitability of such unreasonable patent claims, then various 
remedies can be proposed to ameliorate the detrimental effects. Among such notions are an 
expanded infringement exemption for pure academic, or otherwise non-commercial, research 
similar to the fair use defense under copyright law. Cf. Julie E. Cohen & Mark A. Lemley, 
Patent Scope and Innovation in the Software Industry, 89 CAL. L. REV. 1, 18 (2001) 
(recognizing that presently the �patent statute includes no express provision allowing reverse 
engineering, nor is there any judicially-developed exception akin to copyright�s fair use 
doctrine that might permit it�). Another possibility is a broader infringement exemption for 
experimental use. Cf. id. at 29 (noting that although the �patent statute itself contains only a 
narrow experimental use defense . . . [under 35 U.S.C. § 271(e)] there is also a non-statutory 
exception for experimental uses�). A third option is compulsory licensing. In recent days, 
compulsory licensing issues have arisen in the international context of government-sanctioned 
generic substitutes for patented AIDS medicines. See Jon Jeter, Trial Opens in South Africa 
AIDS Drug Suit, WASH. POST, Mar. 6, 2001, at A01 (reporting on the lawsuit brought by thirty-
nine foreign drug manufacturers in Pretoria High Court to block any action pursuant to the 1997 
South African statute, the Medicines Control Act, which authorizes South Africa�s health 
minister to control the import and pricing of AIDS medications, irrespective of existing patent 
rights). 
 18. See, e.g., In re Mayne, 104 F.3d 1339 (Fed. Cir. 1997); In re Alton, 76 F.3d 1168 
(Fed. Cir. 1996); In re Goodman, 11 F.3d 1046 (Fed. Cir. 1993); In re Bell, 991 F.2d 781 (Fed. 
Cir. 1993); In re Vaeck, 947 F.2d 488 (Fed. Cir. 1991); In re O�Farrell, 853 F.2d 894 (Fed. Cir. 
1988).  
 19. See, e.g., Monsanto Co. v. Mycogen Plant Science, Inc., 261 F.3d 1356 (Fed. Cir. 
2001) (concerning claims reciting the introduction into plants of recombinant DNA known to 
make them more resistant to insects by genetic modification to express a Bacillus thuringiensis 
protein, which is toxic to various insects); Singh v. Brake, 222 F.3d 1362 (Fed. Cir. 2000) 
(involving the appellate review of an interference proceeding before the USPTO Board of 
Patent Appeals and Interferences concerning a DNA construct known to relate to alpha-factor, 
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benefit rationale underlying the patent system is arguably satisfied�
the public is taught the what, why, when, where, and how of the 
biological significance as well as the chemical structure of the 
patented nucleic acid. By contrast, more recent patent applications to 
some genetic discoveries, such as ESTs and SNPs, disclose little, if 
any, corresponding genetic knowledge.20 The present controversy 
over patenting genes generally appears to center on these certain 
inventions that are accompanied by minimal disclosure of associative 
or functional biological relevance. 

In any event, the advent and increasing precision of technologies 
like bioinformatics and proteomics might better facilitate the 
patentability of gene fragments randomly isolated from samples. 
Even where no known association or function can be ascribed to it 
upon isolation, a nucleic acid might begin to impart such knowledge 
with the aid of predictive modeling available through bioinformatics 
and proteomics.21 Accordingly, perhaps the controversy over 
patenting genes that derive from concerns over ESTs and SNPs will 
subside as the state of the art progresses, allowing scientists to 
recognize meaning in the otherwise bare nucleotide sequences.22 

 
also known as alpha-mating factor, which is a peptide released by the budding yeast 
Saccharomyces cerevisiae when a haploid cell is prepared to mate); Schering Corp. v. Amgen 
Inc., 222 F.3d 1347 (Fed. Cir. 2000) (involving recombinant DNA molecules known to encode 
specific types of human interferon). 
 20. See infra note 115. 
 21. Of course, fans and critics alike can find support in their positions on the relative 
success of computer predictive modeling, as evidenced in many other fields such as seismic and 
weather forecasting. See More Quakes Ahead for Pacific Northwest? (Mar. 1, 2001), at 
http://www.cnn.com/2001/TECH/science/03/01/quake.folo/index.html. (�Will another powerful 
earthquake rip through western Washington State or the region after Wednesday�s big one? 
Despite considerable improvements in seismology, no one knows for sure . . . . The more we 
learn about earthquakes, the more elusive real predictions seem to be.�). Compare Major Storm 
Poised to Unload Snow on U.S. East Coast (Mar. 4, 2001), at http://www.cnn.com/2001/ 
WEATHER/03/03/weather.storm.02/. (�U.S. East Coast residents with travel plans for Monday 
are being warned of a powerful storm moving into the region that has the potential to be the 
worst so-called �nor�easter� in 50 years.�), with Snow Across the Northeast (Mar. 6, 2001), at 
http://www.cnn.com/2001/WEATHER/03/06/winter.storms.02/index.html (�A major snow-
storm traveling on the strength of a howling nor�easter crept into New England overnight 
Monday into Tuesday morning, but the storm didn�t pack the punch officials had expected.�). 
 22. Cf. David S. Roos, Bioinformatics-Trying to Swim in a Sea of Data, 291 SCIENCE 
1260, 1261 (2001): 

The �postgenomic era� holds phenomenal promise for identifying the mechanistic 
bases of organismal development, metabolic processes, and disease, and we can 
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In the meantime, the development of the legal authority trails 
years, if not decades, behind.23 Given the history of such resolutions, 
the federal courts will have many years before needing to confront 
patents granted on nucleic acid discoveries with little, if any, 
corresponding genetic knowledge. Thus, no applicable precedent 
exists today. Instead, the extant decisions focus on the aspect of 
genes or gene fragments as chemical entities, and not on their 
coincidental information content.24 Indeed, a review of the most 
recent Federal Circuit cases, for example, reveals the straightforward 
consideration of genetic discoveries as chemical inventions.25 

 
confidently predict that bioinformatics research will have a dramatic impact on 
improving our understanding of such diverse areas as the regulation of gene 
expression, protein structure determination, comparative evolution, and drug 
discovery. The availability of virtually complete data sets also makes negative data 
informative: by mapping entire pathways, for example, it becomes interesting to ask 
not only what is present, but also what is absent. As the potential of genomics-scale 
studies becomes more fully appreciated, it is likely that genomics research will 
increasingly come to be viewed as indistinguishable from biology itself. But such 
research is possible only if data remain available not only for examination, but also to 
build upon. 

 23. See Lawrence M. Sung, Stranger in a Strange Land: Biotechnology and the Federal 
Circuit, 2 Wash. U. J.L. & Pol�y 167, 170 (2000) (noting a potential failure to appreciate the 
significant temporal distortion that exists with the decisions of the Federal Circuit in appeals 
involving biotechnology inventions and the attendant possibility that the casual observer might 
conclude the court�s biotechnology judgments are senseless, because they rest on anachronistic 
notions of the science). The author explains: 

The effective date of the filing of a patent application often dictates what prior art the 
invention must overcome to qualify for patent protection. In addition, the breadth and 
depth with which applicants must describe their inventions in patent applications can 
depend upon the respective filing dates. The judicial consideration of the patentability 
of the subject matter in a patent application, or the validity of an issued patent, 
therefore must focus on the state of the art at the time of the patent application rather 
than the time of the dispute. 
The disparity between the filing of the patent application and the conclusion of the 
patent infringement lawsuit is perhaps more pronounced in the field of biotechnology 
than in the electrical, mechanical, or even chemical arts. The prosecution of 
biotechnology patent applications in the U.S. Patent & Trademark Office (USPTO) 
and the litigation of issued biotechnology patents both commonly exhibit a lengthier 
duration than that with most other types of inventions. In biotechnology matters, it is 
not uncommon for the Federal Circuit to apply the patent laws to decades-old science. 

Id. 
 24. See infra Part II.  
 25. See Ajinomoto Co. v. Archer-Daniels-Midland Co., 228 F.3d 1338 (Fed. Cir. 2000) 
(standing, oath, enablement, best mode, claim construction, infringement, importation, 
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II 

To obtain a patent, the applicant must be able to demonstrate that 
the claimed invention is useful.26 The utility of an invention, in 
concert with its novelty and nonobviousness, merits the reward of 
patent protection.27 Whether a claimed invention lacks utility is a 
question of fact, which the Federal Circuit reviews under the clearly 
erroneous standard.28 In any event, an alleged inventive act is not 
legally cognizable unless the inventor conceived of the specific utility 
of the claimed invention.29 

In Kridl v. McCormick,30 the Federal Circuit addressed the utility 
requirement in the context of a patent interference proceeding.31 The 
court reviewed the determination of the USPTO Board of Patent 
Appeals and Interferences (Board), which considered two competing 
patent applications claiming the same, or substantially the same, 
biotechnology subject matter.32 The interference count related to the 
use of antisense technology to produce plants or plant cells with 

 
damages); SIBIA Neurosciences, Inc. v. Cadus Pharm. Corp., 225 F.3d 1349 (Fed. Cir. 2000) 
(obviousness); Life Techs., Inc. v. Clontech Labs., Inc., 224 F.3d 1320 (Fed. Cir. 2000) 
(inequitable conduct, prior inventorship); Singh v. Brake, 222 F.3d 1362 (Fed. Cir. 2000) 
(conception, written description, enablement); Schering Corp. v. Amgen Inc., 222 F.3d 1347 
(Fed. Cir. 2000) (claim construction); Genentech, Inc. v. Chiron Corp., 220 F.3d 1345 (Fed. 
Cir. 2000) (conception); Enzo Biochem, Inc. v. Calgene, Inc., 188 F.3d 1362 (Fed. Cir. 1999) 
(enablement, experimental use). 
 26. See 35 U.S.C. § 101 (1994) (�Whoever invents or discovers any new and useful 
process, machine, manufacture, or composition of matter, or any new and useful improvement 
thereof, may obtain a patent therefor, subject to the conditions and requirements of this title.�). 
 27. Brenner v. Manson, 383 U.S. 519, 534 (1966) (�The basic quid pro quo contemplated 
by the Constitution and the Congress for granting a patent monopoly is the benefit derived by 
the public from an invention with substantial utility.�); Cross v. Iizuka, 753 F.2d 1040, 1044 
(Fed. Cir. 1985). 
 28. See Raytheon Co. v. Roper Corp., 724 F.2d 951, 956 (Fed. Cir. 1983). 
 29. See Rey-Bellet v. Engelhardt, 493 F.2d 1380, 1385 (C.C.P.A. 1974) (�[C]onception of 
an invention is not complete absent a conception of its utility.�). 
 30. 105 F.3d 1446 (Fed. Cir. 1997). 
 31. Id. at 1447. The USPTO may declare an interference where a patent application claims 
the same, or substantially the same, subject matter as another application or as an unexpired 
patent. See 35 U.S.C. § 135 (1994). In this proceeding, the USPTO determines which party has 
priority of invention, or in other words, who was the first to invent. Because the first to invent is 
the only true inventor entitled to patent protection, the outcome of an interference proceeding 
typically leaves the winner with a patent and the loser without. 
 32. 105 F.3d at 1448 (reporting the interference declared between a patent application 
assigned to Agracetus, Inc., and another assigned to Calgene, Inc.). 
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resistance to certain viruses.33 McCormick, having filed a patent 
application before Kridl, was the first to reduce the invention to 
practice, albeit constructively.34 To establish priority of invention, 
however, McCormick also needed to prove a date of conception 
before that of Kridl.35 

McCormick sought to rely upon the pages of Marcia Vincent�s 
laboratory notebook.36 These pages described an experiment in 
January 1984 in which a gene fragment encoding a viral protein was 
inserted into a cloning vector in both the sense and antisense 
orientations.37 The Board applied a �rule of reason� analysis to 
evaluate this evidence and found that McCormick conceived of the 
invention before Kridl.38 The Board thus awarded priority of 
invention to McCormick.39 

In reaching its decision, the Board also concluded that 
McCormick conceived of the utility of the claimed invention in 
January 1984.40 The Board did so based solely on the uncorroborated 
testimony of one of the inventors, Dr. William Swain.41 Kridl 
contended that antisense had more than one substantial use, and thus, 
McCormick might have used it for a different purpose in January 
1984.42 According to Kridl, McCormick could have used antisense as 
an experimental control or as a mere template for the production of 
recombinant DNA in the sense orientation.43 

The Federal Circuit considered the state of the biotechnology art 
in 1984 to refute Kridl�s arguments and affirm the Board�s 

 
 33. See id. An interference count establishes the scope of the interference by defining the 
invention common to the parties. The interpretation of an interference count is analogous to 
claim construction. 
 34. See id. at 1449. 
 35. See id. 
 36. See id. at 1448. 
 37. See id. at 1448-49. 
 38. See id. at 1449; see also Price v. Symsek, 988 F.2d 1187, 1195 (Fed. Cir. 1993) (�A 
�rule of reason� analysis is applied to determine whether the inventor�s prior conception 
testimony has been corroborated . . . . An evaluation of all pertinent evidence must be made so 
that a sound determination of the credibility of the inventor�s story may be reached.�). 
 39. See Kridl, 105 F.3d at 1449, 1688. 
 40. See id. 
 41. See id. at 1450. 
 42. See id. 
 43. See id. 
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determination.44 There was no dispute that the use of antisense in 
plants was not known in 1984.45 The Federal Circuit thus reasoned 
that it would have been illogical for McCormick to use such novel 
material as an experimental control, which usually involves tried and 
true compounds.46 In addition, because sense constructs could be 
produced at that time by more established methods, the Federal 
Circuit stated that it would have been �wasteful� for anyone to use 
antisense to generate recombinant DNA in the sense orientation.47 

Accordingly, the Federal Circuit held that an individual skilled in 
the art in 1984 would have seen no other substantial use for the 
antisense constructs described in Ms. Vincent�s laboratory notebook 
than as a means for imparting viral resistance to plants or plant 
cells.48 The court stated that under a rule of reason analysis, explicit 
corroboration of the inventor�s recognition of utility might not always 
be necessary.49 For example, in certain situations, utility might be 
implicit in the evidence presented.50 

Similar to the biotechnology cases involving obviousness 
inquiries, the Federal Circuit in Kridl was forced to rely on its 
hindsight analysis of the state of the art as the context for the parties� 
conduct. Indeed, in Kridl, the look backwards crossed almost a 
decade and a half. This practice only further complicates the already 
difficult task before the Federal Circuit in parsing unfamiliar 
technology. The genomics, bioinformatics, and proteomics arts will 
likely face similar difficulties. 

To receive patent protection, an invention must be nonobvious at 
the time of the invention to one of ordinary skill in the relevant art.51 
Nonobviousness is a question of law that the Federal Circuit reviews 
de novo.52 The conclusion of nonobviousness, however, is subject to 
underlying factual findings, which the Federal Circuit reviews for 

 
 44. See id. 
 45. See id. 
 46. See id. 
 47. See id. 
 48. See id. 
 49. See id. at 1451. 
 50. See id. 
 51. See 35 U.S.C. § 103 (1994) (defining conditions for patentability, including 
nonobvious subject matter). 
 52. See In re Donaldson Co., 16 F.3d 1189, 1192 (Fed. Cir. 1994) (en banc). 

http://www.lexis.com/research/#n1211
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clear error.53 
During patent prosecution, the patent examiner bears the burden 

of establishing a prima facie case of obviousness.54 Once the 
examiner meets this initial burden, the burden shifts to the applicant 
to provide rebuttal evidence to overcome the examiner�s rejection.55 

In In re Deuel,56 the Federal Circuit reversed the Board�s decision, 
which upheld the patent examiner�s final rejection of the claims as 
obvious.57 The subject matter of the application involved DNA 
encoding heparin-binding growth factor (HBGF) of bovine and 
human origins.58 Deuel first isolated bovine uterine HBGF protein 
and determined the amino acid sequence of a small beginning portion 
of the protein.59 Next, Deuel chemically synthesized a single strand 
of DNA (oligonucleotide) corresponding to this short amino acid 
sequence.60 Using this oligonucleotide, Deuel isolated the naturally 
occurring bovine HBGF gene from a collection of DNAs (cDNA 
library) encoding bovine uterine proteins in general.61 Deuel then 
determined the entire nucleotide sequence of the bovine uterine 
HBGF gene and predicted the amino acid sequence of the remaining 
unknown portion of the bovine uterine HBGF protein.62 These bovine 
sequences constituted part of the claimed invention.63 

In addition, Deuel used the oligonucleotide to isolate the naturally 
occurring human HBGF gene from the human placental cDNA 
library.64 Similarly, Deuel then determined the entire nucleotide 

 
 53. See In re Woodruff, 919 F.2d 1575, 1577 (Fed. Cir. 1990); see also In re Beattie, 974 
F.2d 1309, 1311 (Fed. Cir. 1992) (discussing what the prior art teaches as a question of fact 
reviewable under the clearly erroneous standard). 
 54. See In re Rijckaert, 9 F.3d 1531, 1532 (Fed. Cir. 1993). 
 55. See id.; see also In re Dillon, 919 F.2d 688, 692-93 (Fed. Cir. 1990) (en banc) (�Such 
rebuttal or argument can consist of . . . any other argument or presentation of evidence that is 
pertinent.�), cert. denied, 500 U.S. 904 (1991). 
 56. 51 F.3d 1552 (Fed. Cir. 1995). 
 57. In re Deuel, 51 F.3d 1552, 1554 (Fed. Cir. 1995), rev’g ex parte, 33 U.S.P.Q.2d 
(BNA) 1445 (Bd. Pat. App. & Interferences 1993). 
 58. 51 F.3d at 1554. The application at issue was U.S. Application Serial No. 07/542,232. 
Id. at 1553. 
 59. Id. at 1555. 
 60. Id. 
 61. Id. 
 62. Id. 
 63. Id. 
 64. Id. 
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sequence of the human placental HBGF gene and predicted the amino 
acid sequence of the complete human placental HBGF protein.65 
These human sequences also constituted part of the claimed 
invention.66 

The patent examiner asserted that the claimed invention would 
have been prima facie obvious in view of the prior art.67 The prior art 
upon which the examiner relied included a reference (Maniatis) 
describing gene cloning methods and a reference (Bohlen) disclosing 
the partial amino acid sequences of proteins composing a subclass of 
human and bovine HBGF.68 The examiner maintained that Bohlen 
would have motivated one skilled in the art to clone the respective 
human and bovine HBGF genes according to Maniatis to produce 
human and bovine HBGF protein.69 

In rebuttal, Deuel contended that the prior art taught away from 
the claimed invention. According to Deuel, Bohlen suggested that 
one skilled in the art would not have been motivated to use the same 
oligonucleotide to isolate the genes for human and bovine HBGF.70 
The examiner rejected Deuel�s �teaching away� argument, apparently 
relying on the unfounded notion that HBGF genes were homologous 
across species.71 The Board upheld the examiner�s rejection, focusing 
instead on the allegedly routine nature of cloning.72 

In reversing the rejection of Deuel�s claims, the Federal Circuit 
relied on precedent stating that, absent prior art suggesting the 
specific claimed DNA, a particular DNA sequence is not obvious 
simply because the prior art discloses general methods for isolating 
DNA.73 The court further applied precedent regarding chemical 
inventions stating that the prior art disclosure of a broad genus does 
not necessarily render obvious a specific compound within the 
genus.74 Because many different DNA sequences can encode the 

 
 65. Id. 
 66. Id. 
 67. Id. at 1555. 
 68. Id. at 1555-56. 
 69. Id. at 1556. 
 70. Id. 
 71. Id. 
 72. Id. at 1556-57. 
 73. Id. at 1559 (affirming In re Bell, 991 F.2d 781, 785 (Fed. Cir. 1993)). 
 74. 51 F.3d at 1559 (citing with approval In re Baird, 16 F.3d 380 (Fed. Cir. 1994)). 
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identical protein, the court concluded that the simple disclosure of the 
protein does not render any particular one of those DNA sequences 
obvious, absent prior art specifically pointing to one sequence.75 The 
Federal Circuit also discounted the Board�s contentions regarding the 
routine nature of Deuel�s work as mere speculation and 
impermissible hindsight reconstruction of the claimed invention.76 

Obviousness inquiries in all technologies risk corruption from the 
hindsight analysis method.77 The long time-lapse between patent 
application filing and litigation with biotechnology inventions can 
exacerbate the problem.78 The often unsettled nature of science, 
compounded with the natural deterioration of reliable accounts of that 
context, make invalidity challenges to biotechnology patents based 
on obviousness unpredictable, notwithstanding the statutory 
presumption of validity. When considering genomics, bioinformatics, 
and proteomics inventions in the future, the courts will likely 
confront similar problems in resolving obviousness questions. 

As an additional requirement for patent protection, an inventor 
must set forth an adequate written description of the invention.79 In 
short, a patent must describe an invention in sufficient detail that one 
skilled in the art could clearly conclude that the inventor had 
possession of the claimed subject matter.80 For biotechnology 
inventions, an adequate written description of nucleic acids, such as 
DNA or RNA, requires a precise definition, including the pertinent 
structure, formula, chemical name, or physical properties.81 A mere 
statement that a nucleic acid is part of the invention, and a reference 

 
 75. 51 F.3d at 1558-59. 
 76. Id. at 1558. 
 77. See In re Dembiczak, 175 F.3d 994, 999 (Fed. Cir. 1999). 

Measuring a claimed invention against the standard established by section 103 requires 
the oft-difficult but critical step of casting the mind back to the time of invention, to 
consider the thinking of one of ordinary skill in the art, guided only by the prior art 
references and the then-accepted wisdom in the field. 

Id. 
 78. See, e.g., supra note 23 and accompanying text.  
 79. See 35 U.S.C. § 112 (1994). 
 80. See Lockwood v. Am. Airlines, Inc., 107 F.3d 1565, 1572 (Fed. Cir. 1997); In re 
Gosteli, 872 F.2d 1008, 1012 (Fed. Cir. 1989). 
 81. See Fiers v. Revel, 984 F.2d 1164, 1171 (Fed. Cir. 1993). 
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to a potential method for isolating it, will not suffice.82 
In In re Brana,83 the Federal Circuit reversed the Board�s decision 

that upheld the patent examiner�s final rejection of the claims of the 
application for failure to satisfy the written description requirement.84 
The subject matter of the application involved pharmaceutical 
compositions having antitumor activity in humans.85 In the final 
office action, the examiner rejected the claims of the application, 
�because the specification failed to describe any specific disease 
against which the claimed compounds were active and did not 
establish a reasonable expectation that the claimed compounds had a 
practical utility.�86 The Board upheld the patent examiner�s rejection 
under § 112, first paragraph, but stated that a rejection under § 101 
would likewise have been proper.87 

Regarding the examiner�s written description, the Federal Circuit 
noted that the applicants tested the claimed compounds on tumor cell 
lines derived from animals suffering from lymphocytic leukemias.88 
The court thus concluded that the disclosed ameliorative activity of 
the claimed compounds on tumor cells constituted a proper allegation 
of sufficiently specific use.89 As for the utility rejection, the Federal 
Circuit held that the examiner failed to satisfy the initial burden of 
challenging a presumptively correct assertion of utility in the 
disclosure.90 The court noted that the prior art references upon which 
the Board relied did not question the usefulness of any related 
compound as an antitumor agent.91 Moreover, one of the references 
disclosed compounds that were structurally similar to those of the 
claimed invention and possessed proven in vivo effectiveness as 
chemotherapeutics against various types of tumors.92 The Federal 

 
 82. See id. at 1170. The adequacy of a written description is a question of fact that the 
Federal Circuit reviews for clear error. See Ralston Purina Co. v. Far-Mar-Co, Inc., 772 F.2d 
1570, 1575 (Fed. Cir. 1985). 
 83. 51 F.3d 1560 (Fed. Cir. 1995). 
 84. Id. at 1569.  
 85. See id. at 1562 (citing the U.S. patent application as Serial No. 533,944). 
 86. See id. at 1563-64. 
 87. See id. at 1564. 
 88. See id. at 1565. 
 89. See id. 
 90. See id. at 1566. 
 91. See id. 
 92. See id. 
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Circuit held that even if the USPTO satisfied its initial burden, the 
applicant�s evidence of statistically significant results from animal 
tests was sufficient to convince one skilled in the art of the 
inventions� asserted utility.93 

In Fiers v. Revel,94 the Federal Circuit affirmed the Board�s 
decision toward priority of invention to Sugano et al.95 The 
interference amongst three foreign inventive entities (Fiers, Revel, 
and Sugano) related to the DNA that coded for human fibroblast 
beta-interferon (β-IF), a protein that promotes viral resistance in 
human tissue.96 The Board based its decision on the findings that (i) 
Sugano was entitled to the benefit of the March 19, 1980 filing date 
of its Japanese patent application; (ii) Fiers was entitled to the benefit 
of the April 3, 1980 filing date of its British patent application, but 
failed to prove conception of the subject matter before that date; and 
(iii) Revel was not entitled to the benefit of the November 21, 1979 
filing date of its Israeli patent application.97 

The Federal Circuit upheld the Board�s determinations, noting that 

 
 93. See id. at 1567. The court also noted that to require in vivo human testing akin to 
Phase II clinical studies conducted by the Food and Drug Administration would place a higher 
standard § 112, ¶ 1, compliance on applicants seeking patent protection for pharmaceuticals for 
humans. 
 94. 984 F.2d 1164 (Fed. Cir. 1993). 
 95. Id. at 1166.  
 96. See id. at 1166 (reporting the interference count defined as �[a] DNA which consists 
essentially of a DNA which codes for a human fibroblast interferon-beta polypeptide�). 
 97. See id. at 1167. 

Sugano�s Japanese application disclosed the complete nucleotide sequence of a DNA 
coding for β-IF and a method for isolating that DNA. Revel�s Israeli application 
disclosed a method for isolating a fragment of the DNA coding for B-IF as well as a 
method for isolating messenger RNA (mRNA) coding for β-IF, but did not disclose a 
complete DNA sequence coding for β-IF. Fiers, who was working abroad, based his 
case for priority on an alleged conception either in September 1979 or in January 1980, 
when his ideas were brought into the United States, coupled with diligence toward a 
constructive reduction to practice on April 3, 1980, when he filed a British application 
disclosing the complete nucleotide sequence of a DNA coding for β-IF. According to 
Fiers, his conception of the DNA of the count occurred when two American scientists, 
Walter Gilbert and Phillip Sharp, to whom he revealed outside of the United States a 
proposed method for isolating DNA coding for β-IF brought the protocol back to the 
United States . . . . On February 26, 1980, Fiers� patent attorney brought into the 
United States a draft patent application disclosing Fiers� method, but not the nucleotide 
sequence for the DNA. 

Id. 
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�when an inventor is unable to envision the detailed chemical 
structure of the gene so as to distinguish it from other materials, as 
well as a method for obtaining it, conception has not been achieved 
until reduction to practice has occurred, i.e., until after the gene has 
been isolated.�98 The court thus held that �irrespective of the 
complexity or simplicity of the method of isolation employed, 
conception of a DNA, like conception of any chemical substance, 
requires a definition of that substance other than by its functional 
utility.�99 

The Federal Circuit concluded that Fiers� proof of conception of a 
method that enabled one of ordinary skill in the art to make the DNA 
of the count was insufficient to establish conception of the DNA 
count.100 In addition, the court held that Revel failed to prove that its 
Israeli patent application contained a written description of a DNA 
coding for β-IF because it did not disclose the nucleotide sequence or 
�an intact complete gene.�101 By contrast, Sugano�s Japanese patent 
application set forth the complete and correct nucleotide sequence of 
a DNA coding for β-IF, thus satisfying the written description 

 
 98. See id. at 1168-69 (quoting Amgen Inc. v. Chugai Pharm. Co., 927 F.2d 1200, 1206 
(Fed. Cir. 1991)). 
 99. See id. at 1169. 
 100. See id.  

Before reduction to practice, conception only of a process for making a substance, 
without a conception of a structural or equivalent definition of that substance, can at 
most constitute a conception of the substance claimed as a process. Conception of a 
substance claimed per se without reference to a process requires conception of its 
structure, name, formula, or definitive chemical or physical properties. 

Id. 
 101. See id. at 1170-71. 

An adequate written description of a DNA requires more than a mere statement that it 
is part of the invention and reference to a potential method for isolating it; what is 
required is a description of the DNA itself. Revel�s specification does not do that. 
Revel�s application does not even demonstrate that the disclosed method actually leads 
to the DNA, and thus that he had possession of the invention, since it only discloses a 
clone that might be used to obtain mRNA coding for β-IF. A bare reference to a DNA 
with a statement that it can be obtained by reverse transcription is not a description; it 
does not indicate that Revel was in possession of the DNA. Revel�s argument that 
correspondence between the language of the count and language in the specification is 
sufficient to satisfy the written description requirement is unpersuasive when none of 
that language particularly describes the DNA. 

Id. 
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requirement and entitling Sugano to the benefit of that foreign filing 
date.102 

In University of California v. Eli Lilly & Co.,103 the Federal 
Circuit affirmed the district court�s judgment that the asserted patent 
claims were invalid because the patent failed to provide an adequate 
written description of the claimed subject matter.104 The patented 
technology involved human insulin produced by recombinant DNA 
methods.105 

The patent claims were directed to the use of human insulin 
cDNA, but the specification provided a written description only 
regarding rat insulin cDNA.106 Although the patent recited a general 
method for obtaining human cDNA, along with the amino acid 
sequences for human insulin, the Federal Circuit noted that 
enablement was not the issue.107 This disclosure provided no 
structural information or physical characteristics, such as a nucleotide 
sequence, of any of the human cDNAs in the claimed genus.108 

Absent such identification, the generic references to vertebrate or 
mammalian insulin cDNA were inadequate written descriptions, 
which could not be used to distinguish the claimed genus from others, 
except by function.109 The Federal Circuit stated that a proper written 
description of a cDNA genus, for example, might be the nucleotide 
sequences of a representative number of cDNAs, or the recitation of 
structural features common to the members of the genus.110 Generic 
references alone indicate only what one might achieve and provide no 
information about the resulting claimed material.111 

The pronouncements on written description by the Federal Circuit 

 
 102. See id. at 1172 (stating that Sugano�s Japanese patent application �convey[s] with 
reasonable clarity to those skilled in the art that, as of the filing date sought, [Sugano] was in 
possession of the [DNA coding for β-IF]�). 
 103. 119 F.3d 1559 (Fed. Cir. 1997), cert. denied, 523 U.S. 1089 (1998). 
 104. Univ. of Cal. v. Eli Lilly & Co., 119 F.3d 1559, 1562 (Fed. Cir. 1997), cert. denied, 
523 U.S. 1089 (1998). 
 105. See id. (identifying the patents-in-suit as U.S. Patents No. 4,652,525 (issued Mar. 24, 
1987) and No. 4,431,740 (issued Feb. 14, 1984)). 
 106. See id. at 1562-63. 
 107. See id. at 1567. 
 108. See id. 
 109. See id. 
 110. See id. at 1568. 
 111. See id. 
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arguably garnered more criticism than any other statutory compliance 
issue in recent days. With biotechnology subject matter involving 
molecular genetic information, the Federal Circuit has clearly taken 
an extreme position in requiring the disclosure of actual nucleotide 
sequences as claim support.112 The ideological controversy about the 
origins and justifications of the written description requirement aside, 
the Federal Circuit holding in Eli Lilly creates a serious question as to 
the continuing vitality of prophetic patent claims, certainly with 
respect to biotechnology inventions, if not others as well. 

Since Eli Lilly, the Federal Circuit seems to have opened the door 
to a more liberal interpretation of the written description requirement 
vis-à-vis the state of the relevant technology.113 In Union Oil, the 
Federal Circuit arguably refines the written description inquiry to 
shift the focus of the determination away from the isolated disclosure 
and closer to what those skilled in the art could understand from that 
disclosure.114 Accordingly, even if the Federal Circuit were to stand 
firmly behind its earlier pronouncements on written description in 
other respects, the rapidly changing state of biotechnology should 
eventually alleviate the seemingly harsh results possible from the Eli 
Lilly standard alone. Following the reasoning of Union Oil, the 

 
 112. See, e.g., Janice M. Mueller, The Evolving Application of the Written Description 
Requirement to Biotechnological Inventions, 13 BERKELEY TECH. L.J. 615, 617 (1998). 

The Lilly decision establishes uniquely rigorous rules for the description of 
biotechnological subject matter that significantly contort written description doctrine 
away from its historic origins and policy grounding. The Lilly court�s elevation of 
written description to an effective �super enablement� standard of uncertain scope and 
applicability will likely chill development in this critically important technological 
field and frustrate the United States patent system�s policy goal of encouraging prompt 
disclosure of new inventions. 

Id. 
 113. See Union Oil Co. of Cal. v. Atlantic Richfield Co., 208 F.3d 989, 997 (Fed. Cir. 
2000). 

Appellant refiners assert that the specification does not describe the exact chemical 
component of each combination that falls within the range claims of the �393 patent. 
However, neither the Patent Act nor the case law of this court requires such detailed 
disclosure. Rather, the Patent Act and this court�s case law require only sufficient 
description to show one of skill in the refining art that the inventor possessed the 
claimed invention at the time of filing.  

Id. (internal citations omitted). 
 114. Id.  
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disclosure of actual nucleotide sequences should not be required as 
claim support once the state of biotechnology advances to the point at 
which those skilled in the art could understand that, in the absence of 
such disclosure, the inventor was in possession of the claimed 
invention at the time of application filing. 

III 

As the foregoing section indicated, the existing legal authority 
provides little guidance regarding the genomics, bioinformatics, and 
proteomics inventions that the USPTO faces today. Indeed, if the 
time from filing a patent application, to federal court judgments, with 
respect to past biotechnology patent cases, is any indication, it will be 
several years before the Federal Circuit sees such matters. 
Accordingly, because Federal Circuit precedent does not answer the 
question of whether nucleic acid discoveries with little, if any, 
corresponding genetic knowledge are patentable, the USPTO is 
forced to consider the issue first, without guidance.� 

In February 1997, the USPTO adopted a controversial position 
when it announced the likely grant of patent claims to ESTs and 
SNPs, despite minimal disclosure of their biological significance by 
the patent applicant.115 The patent claims receiving the preliminary 
approval of the USPTO seemed of such broad scope that even the use 
of products derived from genetic material, of which only a fraction of 
the sequence is patented, could constitute an infringement under the 
patent law.116 The patent applicant ultimately withdrew these 
claims.117 Nonetheless, such claims fueled already mounting public 
outcry over gene patenting, which spurred the USPTO into action.118 

On January 5, 2001, the USPTO issued examination guidelines on 
the patentability requirements of utility and written description.119 
This action marked a significant retreat from the questionable policy 

 
 115. See Ed Susman, U.S. PTO to Allow Patents on Gene Fragments called ESTs, 
BIOTECHNOLOGY NEWSWATCH, Mar. 3, 1997, at 1; Lynn Pasahow & Andrew Kumamoto, 
Human Genome Project Raises Patenting Issues, NAT�L L.J., Oct. 20, 1997, at C31. 
 116. See Susman, supra note 115, at 1. 
 117. See id. 
 118. See Pasahow & Kumamato, supra note 115, at C31. 
 119. See infra notes 120-23. 
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decision by the USPTO in 1997. Moreover, this consideration 
appears to end an almost four-year moratorium on the issuance of 
patent claims to ESTs and SNPs. 

At the outset, the utility examination guidelines provided 
responses to comments generated by earlier proposed versions of the 
guidelines.120 Although generally applicable to all technologies, these 
guidelines reacted to public concerns about the patenting of ESTs and 
SNPs.  

The USPTO acknowledged that patent claims to ESTs and SNPs, 
or any other nucleic acids, are unpatentable for lack of utility where 
the supporting disclosure fails to provide any information regarding a 
biological association or function corresponding to the claimed 
nucleic acid.121 According to the USPTO, only in conjunction with 
such a teaching would a claimed nucleic acid have a specific, 
substantial, and credible utility.122 

Like the utility examination guidelines, the revised written 
description guidelines provided responses to comments generated by 
earlier proposed versions.123 As with the utility examination 
guidelines, the written description guidelines promulgated in reaction 
to public concerns about the patenting of ESTs and SNPs, despite the 
disclaimer of their general applicability to all technologies.  

Arguably less provocative than the utility examination guidelines 

 
 120. See Utility Examination Guidelines, 66 Fed. Reg. 1092 (Jan. 6, 2001) (�This revision 
supersedes the Revised Interim Utility Examination Guidelines that were published at 64 FR 
71440, Dec. 21, 1999; 1231 O.G. 136 (2000); and correction at 65 FR 3425, Jan. 21, 2000; 
1231 O.G. 67 (2000).�). 
 121. See id. at 1093. 

If a patent application discloses only nucleic acid molecular structure for a newly 
discovered gene, and no utility for the claimed isolated gene, the claimed invention is 
not patentable. [W]here the application discloses a specific, substantial, and credible 
utility for the claimed isolated and purified gene, the isolated and purified gene 
composition may be patentable.  

Id.  
 122. Id.  
 123. See Guidelines for Examination of Patent Applications Under the 35 U.S.C. 112, ¶ 1, 
�Written Description� Requirement, 66 Fed. Reg. 1099 (Jan. 6, 2001) (�These Guidelines 
supersede the ��Revised Interim Guidelines for Examination of Patent Applications Under the 
35 U.S.C. 112, ¶ 1 �Written Description� Requirement� that were published in the Federal 
Register at 64 FR 71427, Dec. 21, 1999, and in the Official Gazette at 1231 O.G. 123, Feb. 29, 
2000.�). 
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with respect to the patenting of ESTs and SNPs, the written 
description guidelines tracked Federal Circuit precedent closely.124 In 
this regard, the USPTO reiterated that patent claims to a nucleic acid 
drawn only by reference to its biological association or function, 
where the supporting disclosure provides no understanding of the 
chemical structure of the nucleic acid (such as the nucleotide 
sequence), would be unpatentable for lack of adequate written 
description.125 In short, patent protection would extend only to those 
inventions involving nucleic acids for which the patent applicants 
provided the public with both a proper understanding of the structure 
of the claimed nucleic acids, and the corresponding genetic 
knowledge they contained.126 

IV 

The Federal Circuit and its predecessor court expressed the 
necessity of those seeking a patent grant to provide the public with 
appropriate notice of the metes and bounds of their inventions and 
attendant exclusive rights.127 Similarly, the courts demanded that 
patent applicants be clear about their claimed inventions with respect 
to their required disclosures.128 

 
 124. A biomolecule sequence described only by a functional characteristic, without any 
known or disclosed correlation between that function and the structure of the sequence, 
normally is not a sufficient identifying characteristic for written description purposes, even 
when accompanied by a method of obtaining the claimed sequence. For example, even though a 
genetic code table would correlate a known amino acid sequence with a genus of coding nucleic 
acids, the same table cannot predict the native, naturally occurring nucleic acid sequence of a 
naturally occurring mRNA or its corresponding cDNA. The Federal Circuit pointed out that 
under U.S. law, a description that does not render a claimed invention obvious cannot 
sufficiently describe the invention for the purposes of the written description requirement of 35 
U.S.C. § 112. See Guidelines for Examination of Patent Applications Under the 35 U.S.C. 
§ 112, 711, �Written Description� Requirement, 66 Fed. Reg. at 1108 n.14. 
 125. Id.  
 126. Id.  
 127. See Festo Corp. v. Shoketsu Kinzoku Kogyo Kabushiki Co., Ltd., 234 F.3d 558, 575 
(Fed. Cir. 2000) (�[T]he notice function of patent claims has become paramount, and the need 
for certainty as to the scope of patent protection has been emphasized.�), cert. granted, 69 
U.S.L.W. 3779 (No. 00-1543) (U.S. June 18, 2001); see also infra note 128 and accompanying 
text (describing the significance of notice and guidance with respect to the written description 
requirement).  
 128. �It is an old custom in the woods to mark trails by making blaze marks on the trees. It 
is no help in finding a trail . . . to be confronted simply by a large number of unmarked trees.� 
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Promulgated in view of these Federal Circuit precedents, the 
recent rules set forth by the USPTO on the patentability standards of 
utility and written description, establish the need for the analogous 
degree of clarity in genetic discoveries and other biotechnology 
inventions.129 However, the USPTO appears to recognize that 
inventions involving nucleic acids possess distinct characteristics or 
structure and function that cannot be easily divorced from one 
another.130 

Although the forecast for judicial treatment of this technology 
might not be an optimistic one, it might be fair to say that any stormy 
weather should pass. Indeed, the resolution might owe as much to the 
progress of the science as it will to action by the USPTO and federal 
courts in governing the science. 

The likelihood exists that as increased competency in computer 
predictive modeling develops in bioinformatics and proteomics, a 
bare nucleotide sequence can reveal its biological significance. We 
should have every reason to trust that the isolation today of an 
otherwise nonsensical sequence of nucleotides will soon be 
supplanted by technology that simultaneously identifies a multiplicity 
of inherent characteristics that can perhaps indicate, inter alia, origin, 
function, and evolutionary lineage. As the state of the art achieves 
this hope, the patent system might find its treatment of such 
inventions in the future easier to reconcile than suspected today. 

 
In re Ruschig, 379 F.2d 990, 994-95 (C.C.P.A. 1967), quoted in Fujikawa v. Wattanasin, 93 
F.3d 1559, 1570 (Fed. Cir. 1996). 
 129. See supra notes 120-23 and accompanying text (discussing USPTO guidelines). 
 130. A DNA sequence�i.e., the sequence of base pairs making up a DNA molecule�is 
simply one of the properties of a DNA molecule. Like any descriptive property, a DNA 
sequence itself is not patentable. A purified DNA molecule isolated from its natural 
environment, on the other hand, is a chemical compound and is patentable if all the statutory 
requirements are met. An isolated and purified DNA molecule may meet the statutory utility 
requirement if, e.g., it can be used to produce a useful protein or it hybridizes near and serves as 
a marker for a disease gene. Therefore, a DNA molecule is not per se unpatentable for lack of 
utility, and each application claim must be examined on its own facts. Utility Examination 
Guidelines, 66 Fed. Reg. 1092, 1094 (Jan. 6, 2001).  
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CONCLUSION 

The release of the completed nucleotide sequence of the human 
genome represents the culmination of extraordinary efforts to 
demystify a fundamental question of who we are. The close of this 
phase of scientific endeavor, however, finds itself at the dawn of new 
progress towards comprehending the daunting volumes of genetic 
data the Human Genome Project uncovered. Bioinformatics and 
proteomics are such fields of research that will rise with the wave that 
the genomics surge started. 

Ownership of genetic discoveries is not a new occurrence. 
However, what is troubling for many is the developing possibility of 
patent protection for inventions involving nucleic acids with minimal, 
if any, teaching regarding the biological significance. The present 
controversy over patenting genes and gene fragments seems more 
principled where a patent applicant fails to couple genetic knowledge 
with the disclosure of the chemical structure of the claimed nucleic 
acid. 

The legal authority that will likely frame these issues focuses on 
the utility and written description requirements under the patent law. 
Applying existing case law, the USPTO and Federal Circuit should 
take the position that a patent claim to a bare nucleotide sequence, 
devoid of any indication of biological association or function, lacks 
utility. Similarly, a patent claim to a desired biological association or 
function, without the disclosure of a specific nucleic acid as defined 
by its nucleotide sequence, is not supported by an adequate written 
description. Under this interpretation of the statutory scheme, the 
patentability of a nucleic acid would depend upon a proper disclosure 
reflecting the merger between its characteristics as a chemical 
compound and a storage medium for biological information. 

As the fields of bioinformatics and proteomics develop, the 
separation between strategies of the past in patenting genes and gene 
fragments, and the agendas of the present and future in patenting 
ESTs and SNPs might begin to close. Where computer predictive 
modeling through bioinformatics and proteomics can provide 
meaning in the sense of biologic significance based on the nucleotide 
sequence alone, the public can begin to obtain the clearer knowledge 
benefit it demands in exchange for granting a temporary right of 
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exclusivity to the discoverer of the claimed nucleic acid. To the 
extent this convergence fails to occur, the USPTO and the federal 
courts must be mindful of the problematic consequences that can 
arise from approving or upholding patent claims where the 
supporting disclosure teaches only the nucleotide sequence of the 
nucleic acid, or only the biological association and function of the 
nucleic acid, but not both. Allowing and enforcing such claims in 
those circumstances would constitute an unreasonable extension of 
the patent right. 
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