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Abstract

DNA micro-array technology has tremendouslyacceleratedthe paceof identi¯cation of

critical DNA sequencemotifs in both prokaryotic and eukaryotic organisms. Sophisticated

statistical algorithms, such as the Hidden Markov Model, have beenapplied to the problem

of discovering motifs. Such algorithms have beenimplemented in a number of bioinformatics

softwaretools including Gibbs Motif Sampler,AlignACE, BioProspector, and CONSENSUS.

Thesecomputer programshave beensuccessfullyusedto identify co-regulatedgenesin bac-

teria and yeast. However, thesebioinformatics tools di®ermarkedly in their output formats

aswell asdi®eringin the semantics of their results. As a result there is no systematicframe-

work that facilitates e±cient data exchange,querying, consistencychecking and merging of

DNA motif pro¯les, especially when the pro¯les originate from several sources.We propose

a novel languagethat can addressthesecritical problemssuch that motif pro¯les from dif-

ferent speciesidenti¯ed using di®erent software tools and algorithms can be integrated and

comparedwith each other aswell aswith data formatted in other bioinformatics languages.

The proposedlanguagealsoaddressesthe problem of representing interactions amongregu-

latory regionssothat they canbe simulated and visualized. The adoption of such a language

will expedite and formalize the processof uncovering and annotating co-regulatedgenesat

di®erent developmental stagesand can bring new insights into our current understandingof

biopathways.
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1 In tro duction

Becauseexperimental approaches are increasingly capable of providing reliable data per-

taining to generegulation, theoretical models are becomingimportant in the understand-

ing and manipulation of such processes.Delineation of the transcriptional networks con-

trolled by transcription factors is a major goal of functional genomics(Wen et al., 1998,

Tavazoieet al., 1999).

One may considerthe arrangement of transcription factor (TF) binding sitesto be \sen-

tencesof words" encoded in the DNA for controlling such important biological functions

as cell growth, proliferation and di®erentiation. The core \w ords" of these\sentences" are

the DNA binding motifs for their respective TFs. Expressiondata generatedfrom micro-

array studies,in conjunction with a comprehensivecollectionof genesfrom genomicsequence

resources,promisesto acceleratethe discovery of new motifs.

1.1 Promotors and Transactiv ation

Theoretically, in a simpli¯ed way onecan describe the relationship betweenpromoter region

and transactivation of a given geneas follows:

The promoter activit y P (measuredas transcription rate) of a given geneis a function f

of the input con¯guration vector C which describesoccupancyof the regulatory sites:

P = f (C)
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C = (M 1; M 2; : : : ; M n ); wheren is the number of motifs in the promotor region

M i = f p1; p2; : : : ; pkg is the occupancystate of motif i with proteins p1; p2; : : :

M i = fg meansthat the site is unoccupied.

Thus, a con¯guration could be: C = (f aag; f bg), indicating that site M 1 is bound by a

dimer of protein a, and site M 2 is bound by protein b. The function f fully characterizesthe

\promoter logics" by mapping each input con¯guration C into a value of P.

In reality, f is not known. Information about the functional relationship between the

regulatory regionsis usually very sparse,sincethe elucidation of such relationshipsrequires

tedious experimentation. One well characterizedexampleis the regulation of Endo16gene

in seaurchin (Yuh et al., 1998).

A complete description would require the molecular testing of all con¯gurations C by

experimental controlling the presenceor absenceof the individual transcription factors and

associated proteins. This can in principle be doneby geneticmanipulation of the cell or the

organism,e.g., by geneknockout mutants or overexpressingtransgenicmutants. Clearly, a

systematic analysiswith such experiments is currently beyond the scope of available tech-

niques.

It is simpler, to characterize promoter regions at the DNA level. Although such ap-

proachesare crude and rely on arti¯cial situations, somevaluable information on the func-

tional relationships can be obtained. Hereby, motifs an arti¯cial promoter/reporter gene

construct aremutated within insteadof controlling the transcription factor availabilit y. This
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manipulation at the DNA level is routinely usedto functionally characterizeregulatory re-

gions. Thus, for a long time to go, any annotation of motif interactions will have to capture

the partial knowledgeprovided by this typeof promoter analysisand re°ect the experimental

data given the technical limitations, rather represent the complete \true" relationships as

discussedabove theoretically.

The type of information that is available from the current type of promoter analysis

essentially reducesthe scope of functional interactions that can represented in MotifML to

the following:

1. Interaction at DNA level

(a) Deletion mutants

If one motif (M 1) is deleted,how is P a®ected?This is speci¯ed by a numerical

value giving the increase/ decreasefactor. If the experiment shows that P is

reducedto closeto zero, then M 1 can be labeled as a motif that is necessaryfor

transactivation.

(b) Independent reporter geneactivation

Hasa short DNA stretch containing just the motif M 1, or oligomersthereof, been

shown to drive transactivation of a reporter gene,constitutively (basal value of

P) or conditionally (inducible value of P)? If yes, then the said motif can be

labeledas su±cient to drive basal,or conditional expression,respectively.
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(c) Cooperativity

Is the value of P(M 1; M 2) signi¯cantly larger than P(M 1) + P(M 2)? If experi-

ments exist that show this, then the motifs M 1, and M 2 can be assignedthe label

\cooperative interaction".

(d) Inhibition

The presenceof a motif, M k at a certain position relativeto M 1 couldbeinhibitory

for the function of M 1. This would experimentally be evidencedin deletion mu-

tants in which the deletion of M k would increasethe value of P. One exampleof

such \silencers" are the apparent NRDs (negative regulatory domains) of inter-

feron genes.However, in eucaryotes,most inhibition is actually mediatedby the

binding of alternative (non-activating) factors to an otherwiseactivating site, for

instance,IRF-2 binding to ISRE instead of IRF-1. Thus, the functional relation-

ship is determinedat the protein level.

2. Interaction at protein level

As mentioned above, experimental data on the interaction of transcription factors and

their functional consequencesare sparse. Still, sometype of information is available,

allowing annotation of motifs for the following categoriesof interaction:

(a) Identity of binding proteins

A motif can be annotated with the set of proteins that have beenshown to bind
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to the motif in gel shift experiments.

(b) Physical protein-protein interaction

In somecasestwo adjacent motifs M 1 and M 2 exhibit a functional interaction

becausethe proteins physically interact. For the annotation of such protein-

protein an experimental demonstrationof the protein(-DNA)-complex is needed.

Protein-protein interactions can occur in the absenceor (only) in the presenceof

DNA. The latter casetypically is associated with cooperativit y (seeDNA level

interaction). For the protein-protein interaction, onemight envisagean interface

with protein-interaction databases.

The following are the generalprinciples that wereconsideredin our annotation e®ortsto

bridge the gap betweenthe motifs of individual genesand higher level biological function:

(1) The identit y of the transcription factor that binds to the motif.

(2) The existenceof alternative binding proteins that can inhibit/atten uate the transcrip-

tion.

(3) The conformation of the transcription factor that binds to the motif, monomer, ho-

modimer or heterodimer.

(4) Whether there is positive feedback or pleiotropy. This principle is especially important.

It providesthe basicinformation with which in the future geneticcircuits and networks

can be built.
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(5) The biological signi¯cance.

1.2 The Goals of MotifML

Although the binding speci¯cit y of TF is often expressedby meansof a consensussequence,

a position weight matrix (PWM) is usually moreappropriate. The PWM assignsa weight to

each possiblenucleotideat each position within the site, re°ecting the frequencywith which

the givennucleotideoccursat the givenposition. The scoreof a particular site is obtainedby

summingthe corresponding weights. This capturesmore information than an oversimpli¯ed

consensus,and hasa soundfoundation in both statistics (representing likelihood ratios) and

thermodynamics(representing binding energies).

While there areexperimental methods to identify regulator elements, they areexpensive,

time consumingand technically di±cult. Thus, computational methods exploiting the vast

databasesof DNA sequencesgeneratedfrom the genomesequencingprojectsarean attractiv e

alternative. Recently statistical models have been developed to quantitativ ely model the

clustering of sites often seenin regulatory regions. The most successfulstatistical model

hasbeenthe Hidden Markov Model (HMM), in which the hidden state signalswhether the

current nucleotide is or is not within a regulatory region. Within regulatory regions the

model expectsshorter averagespacingbetweensites,so that clustersof sitesare more likely

to be modeledas a regulatory region. A number of computer programsare available based

on the HMM, and the currently most popular onesinclude AlignACE, Gibbs Motif Sampler,

BioProspector and CONSENSUS.
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The various motif-searching tools described above di®er from one another not only in

their algorithms for motif identi¯cation but also in their output formats. This makes it

di±cult to compare and combine their respective results. We therefore are proposing a

generalknowledgerepresentation languageMotifML that can be the basisfor an integrated

framework. The MotifML languagecan not only encode every type of motif, but it can also

compare and combine motifs. We present the MotifML languageas well as a prototype

graphic user interface (GUI) that can be used to facilitate reasoningabout the genetic

regulatory circuitry and that is amenableto e±cient computation.

The speci¯c goalsof MotifML are:

² To allow the full speci¯cation of all experimental information known about motifs;

² To provide an extensibleframework for this annotation;

² To provide a commonvehiclefor exchanging the motif information; and

² To allow reasoning(i.e., inference), querying, consistencychecking and merging of

experimental information about motifs from diversesources.

Having represented information, it is important for it to be easily retrievable. This is

most commonly done via query processing. Becauseof the complex nature of biological

information, it is necessaryto allow for the systemto infer information that is not explicitly

stored. The most common form of inference is specialization/generalization (also called
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subsumption), but part-whole relationships and other relationships are also important for

inference.Inferenceis alsocalled reasoning.

Although support for reasoningis essential, information must have high quality for in-

ferenceto be dependable. In particular, the information must be consistent. If information

is inconsistent, then anything may be inferred, and so no conclusions(including the results

of queries)can be trusted.

Another important aspect of reasoningfor biological information is that much of it is not

completelycertain. Issuessuch as trust and belief are alsoimportant. Reasoningusing such

information must take into considerationthe degreeof certainty of the statements and must

propagatethis certainty to conclusionsbasedon the statements. When there are con°icting

statements, they must be reconciledby adjusting their certainty levels. Trust and belief can

alsobe propagatedin this way.

Merging information from diversesourcesis especially di±cult becauseof the likelihood

of inconsistencies.Introducing measuresof certainty, trust and belief, is a mechanism for

reconcilingsuch con°icts.

1.3 Ontologies

In order to storebiologicalknowledgeit is necessaryto represent it in a computer-compatible

fashion. This is a special caseof data storage in general. The structure of the data in a

databaseis de¯ned by its schema. The schema for a knowledge-basedsystem is called its

ontology. An ontology is an explicit, formal, machine-readablesemantic model. We were
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responsible for someof the earliest work on the speci¯cation of biological ontologies and

the automated annotation of biological documents, as discussedin (Baclawski et al., 1993a,

Baclawski et al., 1993b, Hafner et al., 1994). We were also among the ¯rst to addressthe

problemof visualizingknowledgerepresentations both in generaland for biologicalknowledge

in particular (Baclawski et al., 2000).

To specify an ontology one must have an ontology speci¯cation language. There are

currently many ontology speci¯cation languages.We discussand comparetheselanguages

in section2 below. The increasinginterest in ontologiesis drivenby many forces,but onethat

is rapidly gaining momentum is the emergenceof web-enabledagents (McGuinness,2001).

Theseagents can reasonabout and dynamically integrate the appropriate knowledgeand

servicesat run-time basedon formal ontologies. Ontologiesarealsothe basisfor the Semantic

Web which hasbeenproposedin (Berners-Leeet al., 2001). We have beendeveloping tools

for constructing and checking ontologiesin general,but especially the ontologiesusedby the

Semantic Web (Baclawski et al., 2001a, Kogut et al., 2002, Kokar et al., 2001).

2 Metho ds

To achieve the goalsof MotifML, it is necessaryto designa languagethat can e®ectively

specify experimental information about motifs. In this section this languageis designed.

The syntax and semantics are available online at (MotifML, 2002). In section3 it is shown

that the goalshave beenachieved by mapping the output of a major motif-related system
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to the MotifML language.

There aremany possibilitiesfor designinga language.However, the requirement that the

languagebe extensibleand a commonvehicle for exchangeof motif information limits the

choicesto languagessupported by the World Wide Web (WWW). The WWW has become

the de facto commonplatform for the exchangeof any kind of data. Nevertheless,there are

still many choicesevenwithin the languagessupported by the WWW. The eXensibleMarkup

Language(XML) is a \language of languages"that permits the de¯nition of markup lan-

guages.Each XML languageis de¯ned by a Document Type De¯nition (DTD) that speci¯es

what kind of elements can appear in a conforming document, what attributes each element

may have and how elements can be contained within each other. XML documents can be

deepand semantically rich. A singleXML document can contain numerical data, text and

sequenceinformation, all of which are taggedso that the meaningof every item of informa-

tion in the document is unambiguously speci¯ed. XML is a recommendedstandard of the

WWW for data interchange(W3C, 2001a). Many tools are being developed for XML, and

XML parsersare readily available. Furthermore, a powerful XML transformation language

called XSLT (W3C, 2001c), hasbeendeveloped. XSLT that can be usedto transform XML

documents from oneDTD to another DTD, aswell as to query XML documents for speci¯c

information. Many XSLT tools are available both commerciallyand in the public domain.

Many XML languageshave now been developed for biomedical information of various

kinds, such asBioML, CellML, Bioinformatic SequenceMarkup Language(BSML), System
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Biology Markup Language(SBML), DNA Markup Language(DNAML), and so on. These

languageso®era solution for storageand interchangeof data in a uniform and automatically

parseableformat (Barillot and Achard, 2000). However, in spite of the many advantagesof

XML over languagesand formats that precededit, there are still many limitations:

(1) It is very di±cult to extendan XML DTD. Toolsthat recognizeandprocessa particular

XML DTD can only recognizeextensionsthat are already provided by the original

designof the language.Unanticipated extensionscannot be processed.

(2) Linking information in di®erent documents is di±cult, even when documents usethe

sameDTD. If the documents use di®erent DTDs, such links are even more di±cult

and may be impossible.

(3) Merging information from di®erent markup languagesis di±cult.

(4) XML doesnot support generalrelationshipssuch as many-to-many relationships.

Recognizingtheselimitations, the WWW has beenengagingin the development of new

XML-based languages. The most recent proposal is called the Web Ontology Language

(OWL) (Smith et al., 2002). OWL is an emergingstandardfor ontologiesandknowledgerep-

resentations, basedon the ResourceDescriptionFramework (RDF) (Lassila and Swick, 1999)

and the DARPA Agent Markup Language(DAML) which is the immediate predecessorof

OWL. Many tools have beenand are being developed for OWL. The following are someof

the featuressupported by OWL:
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(1) OWL is declarative and formally de¯ned.

(2) It is easyto createOWL documents using readily available tools.

(3) OWL is compatible with commonly used network formats and protocols, especially

with the formats and protocolsof the WWW.

(4) OWL is interoperablewith existing biomedicallanguagesand formats, especially those

basedon XML.

(5) It is easyto extend a OWL-basedlanguage.

(6) One can use OWL to link items anywhere on the WWW, not just within the same

document and sameDTD as in XML.

(7) There is a mechanism for merging information from di®erent sources.

(8) RDF and OWL fully support specialization/generalizationhierarchies.

(9) RDF and OWL support arbitrary relationships,including many-to-many relationships.

OWL was developed for ordinary logical assertionsand facts. For numerical and data for-

matting constraints, it usesXML SchemaPart 2 (W3C, 2001b).

In order to interoperate with the many algorithms that can be usedto ¯nd motifs, the

various formats must be transformed into a common format. This is done using transfor-

mations tools. When the sourceformat is in a text format, such as the output formats of
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AlignACE, Gibbs Sampler,CONSENSUSand BioProspector, we usePerl scripts to trans-

form the output to MotifML. Transforming MotifML to other formats is accomplishedby

using XSLT (W3C, 2001c).

3 Results

The top-level taxonomy of MotifML is shown in Figure 1. MotifML imports other, more

generic,ontologies for biology that are not shown in this Figure. Someconcepts,such as

Gene are also de¯ned in one of the imported ontologies, and this concept is equivalent to

the one in the imported ontology.

[Approximate location of Figure 1.]

The ontology also contains many attributes and relationships,someof which are shown

in Figure 2. For simplicity, inherited attributes are not shown. The detailed constraints on

the various relationshipswerealsonot shown.

[Approximate location of Figure 2.]

3.1 Examples of Motifs

An exampleof part of a typical motif (found by BioProspector) is shown in Figure 3. This

particular motif is a regulatory motif for a genecoding for the HSP70heat shock protein.

The rows in the top table represent probability distributions on the DNA bases,each row

being one position in the motif. Later rows show particular examplesof regulatory regions

of speci¯c genes.The corresponding MotifML representation is shown in Figure 4. Although
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this particular motif is ungapped, the MotifML representation supports gapped motifs.

[Approximate location of Figure 3.]

[Approximate location of Figure 4.]

An exampleof the graphic user interface for MotifML is shown in Figure 5.

[Approximate location of Figure 5.]

3.2 Consistency Checking and Uncertain ty Propagation

As discussedin the goalsfor MotifML in Section1.2, it is important for information to be

consistent. Checking consistencyis, in general,very di±cult. Computationally, consistency

checking is undecidable, meaning that there is no algorithm that can check consistencyin

a ¯nite amount of time. Nevertheless,there are techniquesthat can e®ectively check con-

sistency in all cases. The ConsVISor consistencychecking tool (Kokar et al., 2001) is an

exampleof such a tool that was designedfor checking consistencyof information expressed

using a OWL ontology.

Specifying uncertainties and the propagation of uncertainty in knowledge-basedsystems

has also been addressedby the authors. This is done by ¯rst expressingthe information

without uncertainty. This is known as the crisp formulation. In other words, one makes

statements asif they werede¯nitely and unambiguouslyknown to be true. Onethen chooses

an ontology for expressinguncertainty. There are several frameworks for uncertainty from

which onecan choose.For example,classicalprobabilistic uncertainty hasexcellent theoret-

ical and empirical foundations. However, it does not handle complex situations very well.
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The simpli¯cations (such asindependenceassumptionsand prior distributions) that are typ-

ically assumed,negate much of the theoretical justi¯cation for this framework. Another

exampleis fuzzy reasoning.This approach scalesmuch better to complexsituations, but it

is not as well foundedas probabilistic uncertainty. There are still other frameworks such as

Dempster-Shaferbelief theory.

MotifML is currently con¯gured to useprobabilistic uncertainty. The ontology for any

form of uncertainty requiresthat onede¯ne the propagationof uncertainty for the following

operations:

1. Propagation via inference(if-then) rules.

2. Booleanoperations (AND, OR, NOT).

3. Arithmetic operators.

4. Type-speci¯c operations that are not easily expressedusing arithmetic operations.

Propagation via inferencerules is most commonly formalized using conditional events as

in (Goodman et al., 1997). The other operators mentioned above have beenformalized for

fuzzy logic in (Li et al., 1999).

Onemust generallymake assumptionsabout the dependenciesamongevents to make the

fusion computations possible.Commonassumptionsinclude:

1. Independenceassumption.This is often a reasonableestimateevenwhenindependence

is not known.
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2. Conservative assumption(lower bound).

3. Liberal assumption(upper bound).

Independenceis assumedunlessthere is an explicitly stated dependence(inhibitory or co-

operative) as discussedin Section1.1.

Someexamplesof inconsistenciesthat can be discoveredand resolved include:

1. Misspellings (typos). One might, for example, incorrectly enter the name of a tran-

scription factor. Theseare di±cult to distinguish from similarly namedtranscription

factors that are actually di®erent. As a result they are handled by printing warnings

which the experimenter must check manually.

2. Motifs generatedfrom the samedata set by di®erent algorithms. The algorithms use

very di®erent assumptions,so they can producemarkedly di®erent results. Theseand

the next two are resolved by combining uncertainties as discussedabove.

3. Motifs generatedfrom di®erent data setsby the samealgorithm.

4. Motifs generatedby di®erent runs on the samedata set using the samealgorithm.

Thesearenot usually somarked,and they arealreadyhandledby probability estimates

producedby the algorithm.

5. Combinations of several of the above sourcesof inconsistency.
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4 Discussion

Preciseanalysisof the geneticnetwork, genefunction and transcription regulation requires

accurateprediction of TF binding motifs. we have presented a motif representation language

for the results of four di®erent programsthat have enjoyed widespreadusein the computa-

tional biology ¯eld: AlignACE, Gibbs motif sampler,BioProspector, and CONSENSUS.It is

currently di±cult to usemore than oneof theseprogramse®ectively becausethe algorithms

usedby popular programsall useincompatible formats and semantics.

MotifML o®ersa solution to store and describe data in a uniform and automatically

parseableformat. Although several other XML-based bioinformatics markup languagesare

currently available, such asthe CellML, Bioinformatic SequenceMarkup Language(BSML),

and SystemBiology Markup Language(SBML), noneof them can handle the heterogeneity

present in the data of motif discovery. The key feature of MotifML is in categorizingand

de¯ning the motif data found by di®erent motif searching algorithms in a context-insensitive

manner. Furthermore, MotifML cansupport probabilistic inference,thusenhancingits value

in \knowledgemining" information dealing with geneticregulatory circuitry.

[Approximate location of Figure 6.]

In Figure 6 we give a diagrammatic illustration of this process.Each of the three major

columns represents either a step in a time coursein the evolution of a cell type or (more

commonly) cells from several individuals. The two minor columns in each major column

represent multiple cell lines. The next two rows represent mRNA extraction and reverse
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transcription to cDNA. The cDNA is then hybridized to producemicro-array data, which is

clusteredto obtain correlations. Thesecorrelations are then processedto ¯nd regionsthat

are coregulatedby the sametranscription factor, i.e., the motifs. The motifs may be found

using oneof the many motif discovery algorithms such as Gibbs Motif Sampler,AlignACE,

BioProspector, and CONSENSUSdiscussedabove. Each of theseproducesan output ¯le.

The output ¯les are then converted to MotifML and mergedinto a singleknowledgerepre-

sentation. The topology of geneticregulation may then be viewed and navigated using the

MotifML tool. MotifML furnishesa uniform languagefor relating the knowledgediscovered

in theseparallel strands. When combined with our PathML languagefor biomedical path-

ways (Baclawski et al., 2001b), MotifML supports basicresearch for formulating and testing

scienti¯c hypothesesconcerninggeneticpathways. The ultimate goal is to ¯nd methods for

treating and curing diseases.MotifML and PathML are intended to be an infrastructure for

biomedicalhypothesisgenerationand testing.

One of the major goalsof our e®ortsis the modeling transcriptional regulatory networks

in eukaryotes. Such models would allow for online dynamic simulations of transcriptional

regulatory networks basedon MotifML knowledgerepresentations. We also plan to extend

MotifML to incorporate richer dynamic modelsand forms of uncertainty for transcriptional

regulatory networks as well as to support semantic links with other biological markup lan-

guages. Finally, we will make our tools freely available to the community and to support

distributed annotation over the Web, as in Lincoln-Stein and Open-Bio.
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Bioinformatics is the con°uenceof both computational and biological disciplines. This

prototype was designedto allow a multidisciplinary approach to the use of bioinformatics

in order to engagein scienti¯c inquiry in the discovery of information related to protein-

binding motifs. Providing the option to selectboth ¯le and format enablesthe userto direct

accesscontrol. Providing full customizability of the code enablesthe programmer to direct

processingcontrol. At the ¯nal stage,providing an interactive visual display of biological

information enablesthe scientist to direct decisionalcontrol. Allowing each type of user the

abilit y to selectand customizethe processimprovesthe chancesof usefulnessof the product

aswell aspotentially decreasingthe time and costof the investigation(Schneiderman,1998).

5 Future Directions

Ac knowledgemen ts

We would like to thank Prof. J. S. Liu (Department of Statistics, Harvard University) for

providing the Linux platform in implementing the various motif searching algorithms.

References

[Arnold et al., 1994] Arnold, D., Feng, L., Kim, J., and Heintz, N. (1994). A strategy for

the analysisof geneexpressionduring neural development. Proc. Natl. Acad. Sci. U.S.A.,

91(21):9970{9974.

21



[Baclawski et al., 2000] Baclawski, K., Cigna, J., Kokar, M., Mager, P., and Indurkhya,

B. (2000). Knowledgerepresentation and indexing using the Uni¯ed Medical Language

System. In Paci¯c Symposium on Biocomputing, volume 5, pages490{501.

[Baclawski et al., 1993a] Baclawski, K., Futrelle, R., Fridman, N., and Pescitelli,M. (1993a).

Databasetechniquesfor biological materials & methods. In First Int. Conf. Intel l. Sys.

Molecular Biology, pages21{28.

[Baclawski et al., 1993b] Baclawski, K., Futrelle, R., Hafner, C., Pescitelli, M., Fridman, N.,

Li, B., and Zou, C. (1993b). Data/knowledgebasesfor biological papers and techniques.

In Proc. Sympos. Adv. Data Managementfor the Scientist and Engineer, pages23{28.

[Baclawski et al., 2001a] Baclawski, K., Kokar, M., Kogut, P., Hart, L., Smith, J., Holmes,

W., Letkowski, J., and Aronson, M. (2001a). Extending UML to support ontology en-

gineering for the Semantic Web. In Gogolla, M. and Kobryn, C., editors, Fourth In-

ternational Conference on the Uni¯ed Modeling Language, volume 2185,pages342{360.

Springer-Verlag, Berlin.

[Baclawski et al., 2001b] Baclawski, K., Niu, T., and Neumann, E. (2001b). Using DAML

format for representing complex gene networks: implications in novel drug discovery.

Amer. J. Human Genetics, 69 (Suppl)(4):457. Presented at the 51st Annual Meeting

of the Amer. Soc. Human Geneticsin SanDiego, CA on October 12{16, 2001.

22



[Barillot and Achard, 2000] Barillot, E. and Achard, F. (2000). XML: a lingua franca for

science?Trendsin Biotechnology, 18:331{333.

[Berners-Leeet al., 2001] Berners-Lee,T., Hendler,J., and Lassila,O. (2001).The Semantic

Web. Scienti¯c American.

[Goodman et al., 1997] Goodman, I., Mahler, R., and Nguyen, H. (1997). Mathematics of

Data Fusion. Kluwer AcademicPublishers,Dordrecht, Netherlands.

[Hafner et al., 1994] Hafner, C., Baclawski, K., Futrelle, R., Fridman, N., and Sampath, S.

(1994). Creating a knowledge baseof biological research papers. In Proc. Second Int.

Conf. Intel l. Sys.Molecular Biology, pages147{155.

[Kogut et al., 2002] Kogut, P., Crane¯eld, S.,Hart, L., Dutra, M., Baclawski, K., Kokar, M.,

and Smith, J. (2002). UML for ontology development. KnowledgeEng. Rev., 17(1):61{64.

[Kokar et al., 2001] Kokar, M., Letkowski, J., Baclawski, K., and Smith, J. (2001). The

ConsVISorconsistencychecking tool. www.vistology.com/consvisor/ .

[Lassilaand Swick, 1999] Lassila,O. and Swick, R. (1999). Resourcedescription framework

(RDF) model and syntax speci¯cation. www.w3.org/TR/REC-rdf-syntax .

[Li et al., 1999] Li, J., Kokar, M., andWeyman,J. (1999).Incorporating uncertainty into the

formal development of the fusion operator. Proc. Second Int. Conf. Information Fusion,

pages125{132.

23



[McGuinness,2001] McGuinness,D. (2001). Ontologiesand online commerce.IEEE Intel-

ligent Systems, 16(1):8{14.

[MotifML, 2002] MotifML (2002).Motif Ontology Markup Languagewebsite.motifml.org .

[Schneiderman,1998] Schneiderman, B. (1998). Designing the User Interface. Addison-

Wesley, Reading,MA.

[Smith et al., 2002] Smith, M., McGuinness, D., Volz, R., and Welty, C. (2002). OWL

website. www.w3.org/TR/owl-guide/ .

[Tavazoieet al., 1999] Tavazoie, S., Hughes, J., Campbell, M., Cho, R., and Church, G.

(1999). Systematicdetermination of geneticnetwork architecture. Nat. Genet., 22(3):281{

285.

[W3C, 2001a] W3C (2001a). eXtensibleMarkup Languagewebsite. www.w3.org/XML/.

[W3C, 2001b] W3C (2001b). XML Schemawebsite. www.w3.org/XML/Schema.

[W3C, 2001c] W3C (2001c). XML StylesheetLanguagewebsite. www.w3.org/Style/XSL .

[Wen et al., 1998] Wen, X., Fuhrman, S., Michaels,G., Carr, D., Smith, S., Barker, J., and

Somogyi, R. (1998). Large-scaletemporal geneexpressionmapping of central nervous

systemdevelopment. Proc. Natl. Acad. Sci. U.S.A., 95(1):334{339.

24



[Yuh et al., 1998] Yuh, C., Bolouri, H., and Davidson, E. (1998). Genomic cis-regulatory

logic: experimental and computational analysisof a seaurchin gene. Science, 279:1896{

1902.

25



Figure 1: Top-level taxonomy of MotifML
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Figure 2: MotifML attributes and relationships
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Motif #1:
******************************
Width (14, 0); Gap [0, 0]; MotifScore 2.698; Segments 34;PValue 3.090950e-40

Blk1 A G C T Con rCon Deg rDeg
1 0.00 0.21 0.21 0.59 T A T A
2 0.00 0.44 0.50 0.06 C G S S
3 0.70 0.29 0.00 0.00 A T R Y
4 0.32 0.62 0.00 0.06 G C R Y
5 0.03 0.00 0.97 0.00 C G C G
6 0.00 0.00 1.00 0.00 C G C G
7 0.85 0.09 0.03 0.03 A T A T
8 0.88 0.12 0.00 0.00 A T A T
9 0.03 0.00 0.03 0.94 T A T A
10 0.03 0.09 0.88 0.00 C G C G
11 0.70 0.12 0.18 0.00 A T A T
12 0.06 0.53 0.41 0.00 G C S S
13 0.44 0.00 0.56 0.00 C G M K
14 0.21 0.59 0.18 0.03 G C G C

Seq #1 seg 1 r998 TCATCCAATCAGAG
Seq #2 seg 1 f91 TCAACCGAACAGAA
Seq #3 seg 1 r638 TCGACCAATCAAAA
Seq #4 seg 1 r168 TTAGCCAATCAGCA
Seq #5 seg 1 r259 TTAGCCAATCAGCA
Seq #6 seg 1 r588 CCAACCAATCCGAC
Seq #7 seg 1 r91 GCAGCCAGTCCCAG
Seq #8 seg 1 r238 GCAGCCAGTCCCAG
Seq #9 seg 1 r274 TGAGCCAATCACCG
Seq #9 seg 2 r358 TGGACCAATCAGAG
Seq #10 seg 1 f421 CGGACCGATCCGCC
Seq #11 seg 1 r206 CCAGCCAATCAGCC
Seq #12 seg 1 f107 TCAGCCAGCCGCCG
Seq #13 seg 1 r218 CCAGCCCATCAGAC
Seq #14 seg 1 r148 CCGGCCAATCGCCG
Seq #15 seg 1 r1491 CCAGACAGTCCCAA
Seq #16 seg 1 r274 TGAGCCAATCACCG
Seq #16 seg 2 r358 TGGACCAATCAGAG
Seq #17 seg 1 f1 GGATCCTATGAGCC
Seq #18 seg 1 r31 GCGGCCGATCAGCC
Seq #19 seg 1 r357 TGGACCAATCAGAG
Seq #19 seg 2 r273 TGAGCCAATCACCA
Seq #20 seg 1 r275 TGAGCCAATCACCG
Seq #20 seg 2 r359 TGGACCAATCAGAG
Seq #21 seg 1 r274 TGAGCCAATCACCG
Seq #21 seg 2 r358 TGGACCAATCAGAG
Seq #22 seg 1 r378 TCAGCCAATCACAA
Seq #23 seg 1 f1113 CCGGCCAATCGACG
Seq #24 seg 1 r1551 TCAGCCAATAGCAG
Seq #25 seg 1 r345 GGAACCAATCAGCG
Seq #25 seg 2 r262 TCAGCCAATGACCG
Seq #26 seg 1 r173 GGAGCCAATCCGCT
Seq #27 seg 1 r343 GGAACCAATCAGCG
Seq #27 seg 2 r261 TCAGCCAATGACCG
******************************

Figure 3: Example of a motif in tabular format as producedby BioProspector
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<?xml version="1.0"?>
<rdf:RDF
xmlns:rdf ="http://www.w3.org/1999/02/22-rdf-syntax-ns#"
xmlns:rdfs="http://www.w3.org/2000/01/rdf-schema#"
xmlns:daml="http://www.daml.org/2001/03/daml+oil#"
xmlns:xsd ="http://www.w3.org/2001/XMLSchema#"
xmlns:mml ="http://baclawski.com/motifml#">

<Motif rdf:ID="Motif1" sourceAlgorithm="#BioProspector">
<sequence rdf:parseType="daml:collection">

<FuzzyDNAC="0.21" G="0.21" T="0.59">
<FuzzyDNAC="0.50" G="0.44" T="0.06">
<FuzzyDNAA="0.70" G="0.29">
<FuzzyDNAA="0.32" G="0.62" T="0.06">
<FuzzyDNAA="0.03" C="0.97">
<FuzzyDNAC="1.00">
<FuzzyDNAA="0.85" C="0.03" G="0.09" T="0.03">
<FuzzyDNAA="0.88" G="0.12">
<FuzzyDNAA="0.03" C="0.03" T="0.94">
<FuzzyDNAA="0.03" C="0.88" G="0.09">
<FuzzyDNAA="0.70" C="0.18" G="0.12">
<FuzzyDNAA="0.06" C="0.41" G="0.53">
<FuzzyDNAA="0.44" C="0.56">
<FuzzyDNAA="0.21" C="0.18" G="0.59" T="0.03">

</sequence>
</Motif>
<RegulatoryRegion regionStartPosition="-998" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene1"/>
<sequence>TCATCCAATCAGAG</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-91" genomicDirection="#forward">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene2"/>
<sequence>TCAACCGAACAGAA</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-638" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene3"/>
<sequence>TCGACCAATCAAAA</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-168" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene4"/>
<sequence>TTAGCCAATCAGCA</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-259" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene5"/>
<sequence>TTAGCCAATCAGCA</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-588" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene6"/>
<sequence>CCAACCAATCCGAC</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-91" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene7"/>
<sequence>GCAGCCAGTCCCAG</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-238" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene8"/>
<sequence>GCAGCCAGTCCCAG</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-274" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene9"/>
<sequence>TGAGCCAATCACCG</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-358" genomicDirection="#reverse">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene9"/>
<sequence>TGGACCAATCAGAG</sequence>

</RegulatoryRegion>
<RegulatoryRegion regionStartPosition="-421" genomicDirection="#forward">

<motif rdf:resource="Motif1"/>
<regulates rdf:resource="Gene10"/>
<sequence>CGGACCGATCCGCC</sequence>

</RegulatoryRegion>

Figure 4: MotifML representation of a motif
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Figure 5: Example of the MotifML Graphic User Interface
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Figure 6: KnowledgeMining of the Genetic Regulatory Circuitry
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