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Abstract

Informaticshashelpedin launchingmolecularbiology into thegenomic
era.It appearscertainthatinformaticswill continueto bea majorfactor
in thesuccessof molecularbiology in thepost-genomeera. In this pa-
per, wedescribeadvancesmadein dataintegrationanddataminingtech-
nologiesthatarerelevant to molecularbiology andbiomedicalsciences.
In particular, we discusssomepastandpresentresearchresultson top-
ics suchas(a) thetamingof autonomousheterogeneousdistributeddata
sources,(b) thepredictionof immunogenicpeptides,(c) thediscoveryof
genestructurefeatures,(d) theclassi�cationof geneexpressionpro�les,
and(e) theextractionof proteininteractioninformationfrom literature.

Keywords: Bioinformatics, data integration, data ware-
housing,Kleisli, epitopeprediction,FIMM, transcription
start site recognition,Dragon,geneexpressionanalysis,
PCL,proteininteractionextraction,PIES.

1 Introduction

Modernmolecularbiology andmedicalresearchinvolves
anincreasingamountof data,aswell asanincreasingva-
riety of data.Theuseof informaticsto organize,manage,
andanalysethesedatahasconsequentlybecomean im-
portantelementof biology andmedicalresearch.Bioin-
formatics is the fusion of computing,mathematics,and
biology to addressthis need.Theeffectivedeploymentof
bioinformaticsrequirestheuserto have a reasonableidea
of thequestionsthathewantsanswersto. Thenfor each
suchquestion,bioinformaticscanbeusedto �rst organize
the relevant dataand thento analysethesedatato make
predictionsor to draw conclusions.

In this paper, we considertwo major themesin bioin-
formatics,viz. datamanagementandknowledgediscov-
ery. Datamanagementinvolvestaskssuchasintegration
of relevant datafrom varioussources,transformationof
the integrateddatainto moresuitableforms for analysis,
cleansingof datato avoid errorsin analysis,etc. Knowl-
edgediscovery involvestheconstructionof databasesand
theapplicationof statisticsanddataminingalgorithmsto
extractvariousinformationfrom thesedatabases,suchas
predictionmodelsfor diseasediagnosis.Both themesof
bioinformaticsrely ontheeffectiveadoptionof techniques
developedin computerscienceandmathematicsfor bio-
logical data. We describea few of them in subsequent
sections,usingrecentresultsobtainedby usandour col-
leagues.

In thebeginningwhenbioinformaticswas�rst started
in Singaporein 1994,weworkedondataintegrationtech-
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nology;seeSection2. Thatrequiredonly extremelygood
computingscience,but almostnobiology. As weacquired
slightly morebiology background,we beganconstructing
specializedhigh value-addeddatabasesfor biologists.We
focusedthenon immunology. We have thusenteredthe
datacleansingandwarehousephaseof our development;
seeSection3.

Oncewe hadsuf�cient amountof informationin our
immunologywarehouse,which concentratedon thebind-
ing of peptideto MHC molecules,we constructedhighly
accuratemodelsfor predictingepitopes(or immunogenic
peptidesthat bind MHC molecules);seeSection4. This
of courserequiredsigni�cantly morebiology.

By the end of that, around2000, we completedour
transition from informatics to bioinformatics. We then
launchedourselves into a diversednumberof projects
dealing with many different aspectsof bioinformatics
knowledgediscovery. Today, wehaveprojectsonextract-
ing proteininteractionsfrom texts (Section7), on recog-
nizing genefeaturesfrom genomicDNA sequences(Sec-
tion 5), onanalysingmedicalrecordsandgeneexpression
(Section6), andon thestudyof toxinsandion channels.

In the remainingsectionsof this paper, we describe
someof thesepastandpresentresults.

2 Data Integration

Many questionsthat a biologist is interestedin could
not be answeredusing any single data source. How-
ever, someof thesequeriescan be satisfactorily solved
by using information from several sources. Unfortu-
nately, this has proved to be quite dif�cult in practice.
In fact, the US Departmentof Energy publisheda list
of queriesthat they considered“impossible” to solve in
1993; seewww.gdb.org/Dan/DOE/whitepaper/
contents.html. The interestingthing about these
querieswasthattherewasa conceptuallystraightforward
answerto each of them using the databasesin 1993.
Whatmadeit “impossible”wasthatthedatabasesneeded
weregeographicallydistributed,wererunningondifferent
computersystemswith differentcapabilities,andhadvery
differentformats.

An exampleof theUSDepartmentof Energys“impos-
siblequeries”is thefollowing:

For eachgeneona givencytogeneticband,
�nd its non-humanhomologs.

It requiredtwo databases,viz. GDB (Pearson,Matheson,
Flescher& Robbins1992)for informationonwhich gene
wasonwhichcytogeneticbandandEntrezfor information
onwhichgenewasahomologof whichothergenes.GDB
wasthenlocatedin BaltimoreandwasaSybaserelational
databasethatsupportedSQLqueries.Entrez(Schuler, Ep-
stein,Ohkawa& Kans1996)wasthenlocatedin Bethesda
andwasto beaccessedthroughanASN.1(ISO 1987)in-
terfacethatsupportedsimplekeyword indexing.



Kleisli (Wong2000a) is a broad-scaledataintegration
systemthatwedevelopedin collaborationwith colleagues
in Universityof Pennsylvania.It allowsmany datasources
to be viewed as if they residewithin a federatednested
relationaldatabasesystem. It automaticallyhandleshet-
erogeneityso that a usercan formulatehis queriesin a
way that is independentof thegeographiclocationof the
datasources,independentof whetherthe datasourceis
a sophisticatedrelationaldatabasesystemor a dumb�at
�le, andindependentof theaccessprotocolsto thesedata
sources.It alsohasa goodqueryoptimizersothata user
canformulatehis queriesin a clearandsuccintway with-
out having to worry aboutwhetherthe querieswill run
fast.

Thesystemis positionedasamediatorsystemencom-
passinga nestedrelationaldatamodel,a high-level query
language,andapowerfulqueryoptimizer. It runsontopof
a largenumberof light-weightwrappersfor accessingvar-
iousdatasources.Therearealsoa numberof application
programminginterfacesthat allow Kleisli to be accessed
in a ODBC- or JDBC-like fashionin variousprogram-
ming languagesfor a variousapplications(Wong2000b).
The Kleisli systemis highly extensible. It can be used
to support several different high-level query languages
by replacingits high-level querylanguagemodule. Cur-
rently, Kleisli supportsa “comprehensionsyntax”-based
languagecalled CPL (Wong 2000a) and a “nestedrela-
tionalized”versionof SQL calledsSQL.TheKleisli sys-
tem canalsobe usedto supportmany different typesof
externaldatasourcesby addingnew wrappers,which for-
wardKleisli' s requeststo thesesourcesandtranslatetheir
repliesinto Kleisli' sexchangeformat.Thesewrappersare
light weight andnew wrappersaregenerallyeasyto de-
velop and insert into the Kleisli system. The optimizer
of theKleisli systemcanalsobecustomizedby different
rulesandstrategies(Wong2000a).

Besidesthe ability to query, assemble,andtransform
datafrom remoteheterogeneoussources,it is alsoimpor-
tantto beableto convenientlywarehousethedatalocally.
Kleisli doesnothaveits own nativedatabasemanagement
system.Instead,Kleisli hastheability to turn many kinds
of databasesystemsinto anupdatablestoreconformingto
its nestedrelationaldatamodel. In particular, Kleisli can
use�at relationaldatabasemanagementsystemssuchas
Sybase,Oracle,MySQL, etc. to be its updatablestore.It
canevenuseall of thesesystemssimultaneously. It is also
worth noting that Kleisli storesnestedrelationsinto �at
relationaldatabasemanagementsystemsusinganencod-
ing schemethatdoesnot requirethesenestedrelationsto
befragmentedoverseveraltables.

The �rst prototype of Kleisli was constructedin
1994(Davidson,Overton,Tannen& Wong 1997). That
very primitive prototypebecamethe �rst generalquery
systemto solve those“impossiblequeries”publishedin
1993by the US Departmentof Energy. Figure1 shows
a solution in Kleisli to the example“impossible” query
mentionedearlier.

Kleisli is licensedto GeneticXchangeof Menlo Park
andservesasthebackboneof theirsystem.For furtherin-
formation,pleasevisit www.geneticxchange.com.

3 Data Warehousing

Besidesquerying data sourceson the �y , there is also
a greatneedby biologistsandbiotechnologycompanies
to createtheir own customizeddatawarehouses.These
warehousesaremotivatedby the following factors. Ex-
ecution of queriescan be more ef�cient assumingdata
reside locally on a powerful databasesystem. Execu-
tion of queriescanbemorereliableassumingdatareside
locally on a high-availability databasesystemand high-
availability network. Executionof queriesonalocalware-

sybase-add (name: "gdb", ...);
create view locus from locus cyto location using
gdb;
create view eref from object genbank eref using
gdb;
select accn: g.genbank ref, nonhuman-homologs:
H
from locus c, eref g,�

select u
from na-get-homolog-summary(g.genbank ref) u
where not(u.title like "%Human%")
and not(u.title like "%H.sapien%") � H

where c.chrom num = "22"
and g.object id = c.locus id and not (H =

� � );

Figure 1: This Kleisli query answersthe US Departmentof En-
ergy query “list non-humanhomologsof geneson human chromo-
some22.” The �rst three lines connectto GDB and map two tables
in GDB to Kleisli. The next few lines extract from thesetablesthe
accessionnumbersof geneson Chromosome22, usethe Entrezfunc-
tion na-get-homolog-summary to obtaintheirhomologs,and�lter
thesehomologsfor non-humanones. Underlyingthis simpleSQL-like
query, Kleisli automaticallytakescareof theheterogeneityandthegeo-
graphicaldistribution of the two underlyingsources,aswell asto auto-
maticallyoptimize,madeconcurrent,andco-ordinatethevariousthreads
of queryexecution.

houseavoidsunintended“denial of serviceattackson the
original sourcesMost importantly, many public sources
containerrors. Someof theseerrorscannotbe corrected
or detectedon the �y . Hence, human effort must be
used—perhapsassistedby computers—toperformcleans-
ing. Thecleanseddataarewarehousedto avoid repeating
this task.

Therequirementsof awarehouseof biologicaldataare
thatit shouldbeef�cient to query, easyto update,andthat
it shouldmodel datanaturally. This last requirementis
very importantbecausebiological data,suchastheGen-
Bankreportshown in Figure2, haveverycomplex nesting
structure.Warehousingsuchdatain a radically different
form arelikely to causeproblemslaterin theeffectiveuse
of thesedata. Due to the complex structureof biologi-
caldata,arelationalDBMS suchasSybaseis notsuitable
asa warehouse.The reasonis that they forceus to frag-
mentour datainto many piecesin orderto satisfythe3rd
normalform requirement.This fragmentationor normal-
ization processneedsa skilled expert to get right. How-
ever, the �nal useris oftennot thesameexpert. Sowhen
the userwantsto askquestionon the data,he may face
someconceptualoverheadto �rst �gure outhow theorig-
inal datagot fragmentedinto themany piecesin theware-
house.Thefragmentationmayalsoposeef�ciency prob-
lems,asaquerymaycausemany joins to beperformedto
reassemblethefragmentsinto theoriginaldata.

Kleisli hasthecapabilityto turn relationalDBMS into
nestedrelationalDBMS. It can use �at DBMS suchas
Sybase,Oracle,MySQL, etc. to be its update-ablecom-
plex objectstore. It canin fact useall of thesevarieties
of DBMS simultaneously. This capabilitymakesKleisli
a goodsystemfor warehousingcomplex biological data.
Figure3 providesa simpleexamplewhereKleisli is used
to warehouseGenPeptdatawhich is similar in structure
andcomplexity to theGenBankreportfrom Figure2.

4 Epitope Prediction

Epitopesareimmunogenicpeptidesin viral antigensthat
bind to MHC molecules.They are the startingpoint for
the designof vaccines,as well as the startingpoint for
the de-immunizationof genetherapy vectors. Different
epitopesbindtodifferentcombinationof MHC molecules.
Epitopescanbe detectedby wet experiments.However,
thecostof suchexperimentsis high.

An exampleantigenis shown in Figure4. The task



�
(#uid: 6138971,

#title: "Homo sapiens adrenergic ...",
#accession: "NM 001619",
#organism: "Homo sapiens",
#taxon: 9606,
#lineage: ["Eukaryota", "Metazoa", ... ],
#seq: "CTCGGCCTCGGGCGCGGC...",
#feature:

�
(#name: "source",
#continuous: true,
#position: [

(#accn: "NM 001619",
#start: 0, #end: 3602,
#negative: false)],

#anno: [
(#anno name: "organism",
#descr: "Homo sapiens"), ... ]), ... � ,

...) �

Figure 2: A portion of a recordin GenBank,showing the deeply
nestedstructureof thedata.

oracle-cplobj-add (name: "db", ...);
create table GP (uid: "NUMBER", detail: "LONG")
using db;
! Populate table with GenPept reports
select uid: x.uid, detail: x into GP
from aa-get-seqfeat-general "PTP" as x
using db;
! Map GP to that table
create view GP from GP using db;
! Run a queryto get title of 131470
select x.detail.title
from GP as x
where x.uid = 131470;

Figure3: A Kleisli querythat createsa tablein Oracle,fetchesand
storesGenPeptreportsonproteintyrosinephosphatases(PTP)from En-
trez into it, andqueriesthe table for a speci�c report. The impedance
mismatchbetweenthefactthatOracle's tablecanstoreonly �at dataand
thatGenPeptreportsaredeeplynesteddatais automaticallyhandledby
Kleisli usingtechniquebasedon ef�cient encodingof structuresinto a
dataexchangeformat.

of anepitopepredictionsystemis to reliably identify pep-
tides,from agivenantigenprotein,thatbindagivenMHC
molecule,usingcomputer. Suchpeptidescanthenbeval-
idatedby wet experiments. Signi�cant cost savings are
achievedif thepredictionsarereliable.

We havedevelopedaverydetailedwarehouse,FIMM,
on the binding and non-binding of peptidesto differ-
ent MHC molecules(Schoenbach,Koh, Sheng,Wong
& Brusic 2000). From this warehouseof data, we
constructedvery accuratemodels—mostlyusing arti�-
cial neuralnetworks—for predictingpeptidebinding to
speci�c MHC molecules(Honeyman, Brusic, Stone&
Harrison1998,Brusic & Zeleznikow 1999). Thesystem
is calledPREDICT/PREDMODEL.

We compare the prediction performanceof PRE-
DICT/PREDMODELontheantigenin Figure4 wrt HLA-
A11 (an exampleMHC molecule)with thatof thepopu-
lar public epitopepredictionsystemcalledBIMAS. This
antigenis known to have just over 30 epitopeswrt HLA-
A11. Just19epitopesareincludedamongBIMAS top66
predictions.In contrast,22 epitopesareincludedamong
PREDICT/PREDMODELstop29predictions.

We have also made predictions for many collabo-
ration partnersfrom WEHI (IDDM) (Honeyman, Bru-
sic & Harrison 1997), Case Western (Malaria para-
site), Pittsburg Univ (Melanoma)(Zarour, Storkus,Bru-
sic, Williams, Old & Kirkwood 2000),KumamotoUniv
(HIV) (Schoenbach,Yu & Brusic2002),etc.

TRAP-559AA
MNHLGNVKYLVIVFLIFFDLFLVNGRDVQNNIVDEIKYSE
EVCNDQVDLYLLMDCSGSIRRHNWVNHAVPLAMKLIQQLN
LNDNAIHLYVNVFSNNAKEIIRLHSDASKNKEKALIIIRS
LLSTNLPYGRTNLTDALLQVRKHLNDRINRENANQLVVIL
TDGIPDSIQDSLKESRKLSDRGVKIAVFGIGQGINVAFNR
FLVGCHPSDGKCNLYADSAWENVKNVIGPFMKAVCVEVEK
TASCGVWDEWSPCSVTCGKGTRSRKREILHEGCTSEIQEQ
CEEERCPPKWEPLDVPDEPEDDQPRPRGDNSSVQKPEENI
IDNNPQEPSPNPEEGKDENPNGFDLDENPENPPNPDIPEQ
KPNIPEDSEKEVPSDVPKNPEDDREENFDIPKKPENKHDN
QNNLPNDKSDRNIPYSPLPPKVLDNERKQSDPQSQDNNGN
RHVPNSEDRETRPHGRNNENRSYNRKYNDTPKHPEREEHE
KPDNNKKKGESDNKYKIAGGIAGGLALLACAGLAYKFVVP
GAATPYAGEPAPFDETLGEEDKDLDEPEQFRLPEENEWN

Figure4: An exampleantigenprotein(TRAP).Someknown epitopes
wrt HLA-A11 arehighlighed.

5 Transcription Start Site Recognition

A draft humangenomesequencehave beenassembled.
We even know the roughpositionof many of the genes.
However, the precisestructuresuchastranscriptionstart
sites,transcriptionfactorbinding sites,translationinitia-
tion sites,splicepoints,poly(A) signals,etc. of many of
thesegenesare unknown. Fully wet lab-baseddetermi-
nationof thesefeaturesis costly andslow. Thuscompu-
tationalanalysistools that canaccuratelyreveal someof
thesefeaturesarenecessary.

We have developedthe Dragon promoter/genestart
�nding tool, a reliable transcriptionstart site/genestart
prediction system(Bajic, Seah,Chong, Zhang, Koh &
Brusic 2002, Bajic, Chong,Seah& Brusic 2002, Bajic
& Seah2002). This tool containstwo systems,Dragon
PromoterFinder (DPF) and Dragon GeneStart Finder
(DGSF).TheDPFsystemhasa numberof signalsensors
basedonpentamerfrequenciesandusesanarti�cial neural
network to integratethesesignalsto decideif thecurrent
positionunderconsiderationis a transcriptionstartsite.A
re�nementof this systemusesmultiple setsof signalsen-
sors. It decideswhich setof sensorsto useon the basis
of thenucleotidecompositionof theinputDNA sequence.
DSGFis anenhancedsystemaimedat genestartrecogni-
tion. It predictsa region thatoverlapswith the �rst exon
of thegene.An artifcial neuralnetwork combinespredic-
tionsof theso-calledCpGislandswith thepredictionsof
transcriptionstartsitesandsomeadditionalsensorsignals
to infer if thecombinationof theCpGislandandtranscrip-
tion startsitesis characteristicof a gene's �rst exon.

The resultsof Dragonare very promising. Figure 7
shows its performanceon 1.3MB of benchmarkdatanot
seenby Dragonduringits training.Theverticalaxisis the
sensitivity level (the ratio of thenumberof truepositives
to the numberof real positives). The horizontalaxis is
the precisionlevel (the ratio of the numberof true pos-
itives to the numberof predictedpositives). The solid
black curve plots the precisionof Dragonat eachsen-
sitivity level. The grey curve is the performanceof the
versionof Dragonwithout the re�nement that selectsig-
nal sensorsbasedon nucleotidecomposition. The vari-
ousspotsaretheperformanceof severalpopulartranscrip-
tion startsitepredictionsystems—NNPP2.1(Reese,Har-
ris & Eeckman1996),PromoterInspector(Scherf,Klin-
genhoff & Werner2000),Promoter2.0(Knudsen1999)—
at the bestsensitivity andprecisionlevels that we could
obtainedfor themonthebenchmarkdata.As canbeseen,
at any level of sensitivity, Dragonproducedsigni�cantly
lessfalsepositivesthanotherpredictionsystems.In fact,
at leastanorderof magnitudeless.Wearecurrentlymak-
ing further improvementto Dragon,aswell asvalidating
it onthevery largeDMD genewith ourwet labcollabora-



Human
chromosome21

��� ��� �����	��

� ����� �������
DragonGSF 87 36 394 0.5686 0.7073 205
FirstEF 106 197 1236 0.6928 0.3498 889
Eponine 67 28 816 0.4379 0.6442 542

Figure5: Comparisonresultsonhumanchromosome21

Human
chromosome22

��� ��� �����	��

� ����� �������
DragonGSF 200 54 979 0.59 0.7874 452
FirstEF 261 381 2568 0.7699 0.4065 1634
Eponine 148 59 2055 0.4366 0.7150 1297

Figure6: Comparisonresultsonhumanchromosome22

torsat theNationalUniversityHospital.
DragonGeneStartFinderresults(Bajic & Seah2002)

for humanchromosomes21 arealsoshown in Figure8;
similar goodresultsarealsoobtainedfor humanchromo-
some22. In Figures5 and 6, we also show the com-
parisonwith the other two systemsthat are top in their
class,theFirstExonFinder(FirstEF)(Davuluri, Grosse&
Zhang2001)andEponine(Down & Hubbard2002).Pre-
dictionsof transcriptionstartsitesarecountedascorrect
if they arewithin 2000nt from therealgenestart.Thelast
columnin the tablesis the measureof predictionquality
introducedin (Bajic & Seah2002)named”distancefrom
theidealpredictor”andde�ned as

�������������! "�$# %"&('*),+�-/.10�%/&('32
2546-".
where

� �! "�
is the total numberof predictionsmadeby

the predictor,
)7+8� 9;:< :7=,>,? is the sensitivity, while2@254�� 9A:9;:7=,>,: is the positive predictive value (equiva-

lently, precision),with B ��CD��EFC and
���

beingthenum-
bersof truepositive,falsenegative,andfalsepositivepre-
dictionsrespectively. Thismeasureis usefulwhenonehas
to comparedifferentpredictorsand the smallerthis dis-
tance,thebetteris thepredictor's performance.For other
measuresusefulin comparingpredictorssee(Bajic 2000).
DragonGeneStartFindersystemappearsto becurrently
themostaccuratepredictorof genestarts.

Dragonis licensedto BioBaseof Germany andwill be
integratedinto theirTransplorerproduct.

6 Medical Record Analysis

Microarraysare now being usedto measurethe expres-
sionlevel of thousandsof genessimultaneously. Thegene
expressionpro�les thusobtainedmaybeusefulin under-
standingthe interactionsof genesundervariousexperi-
mentalconditionsandthecorrelationof geneexpressions
to diseasestates,provided geneexpressionanalysiscan
becarriedoutsuccessfully. Wecanexpectreasonablythat
geneexpressiondatameasuredby microarraysor other
meanswill soonbe part of a patient's medical records.
We hasmainly workedon classi�cationanalysison gene
expressiondata: aims at �nding stabledifferentially ex-
pressedgenesfrom two or more groupsof samplesand
usingthesegenesasa meansto distinguish(ie. classify)
new samplesinto oneof thethesegroups.

Currentlymostwork on geneexpressionpro�le clas-
si�cation considersthesigni�canceof eachgeneindivid-
ually. We wantto go beyondthatandconsidergroupings
of genes,becauseit is morereasonableto assumethatthe

diseaserelevant of genesrequirecoordinatedexpression
of groupsof genes,andthesegroupsmay vary from pa-
tient to patient.

Theanalysisof medicalrecordsis aimedmainly at di-
agnosis,prognosis,andtreatmentplanning. Herewe are
looking for patternsthat are (a) valid: they arealso ob-
servedin new datawith highcertainty;(b) novel: they are
not obviousto expertsandprovide new insights;(c) use-
ful: they enablereliablepredictions;and(d) understand-
able: they poseno obstaclein their interpretation. Tra-
ditional dataminingmethodsthat look for high frequency
patternsarenotusefulon thesedata.Eg., if you usethese
methodsin theSingaporeGeneralHospital,they will pro-
ducetotally uselesspatternssuchas“everyoneherehas
black hair andblack eyes.” We want to develop a tech-
niquethat is bothhighly accurateandhighly understand-
able.

Therearemany methodsfor analysingmedicalrecords
(includingmicroarraymeasurementsof geneexpression),
suchas decisiontree induction (C4.5, CBA), Bayesian
networks (LB, NB, TAN), neuralnetworks, supportvec-
tor machines(SVM), etc. Decisiontreesareeasyto un-
derstandandarevery fastto constructanduse.However,
they areusuallynot accurateif the decisionboundaryis
non-linear. Bayesiannetworks,neuralnetworks,andsup-
port vectormachinesperformedbetterin non-linearsitu-
ations. However, their resultantmodelsare“black boxes
thatmaynotbeeasyto understand.

We have beendevelopinga novel dataminingmethod
calledPCL (Li & Wong 2002a, Li, Liu, Downing, Yeoh
& Wong2002)for Predictionby CollectiveLikelihoodof
emerging patterns.This methodfocuseson (a) fasttech-
niquesfor identifying patternswhosefrequenciesin two
classesdiffer by a large ratio (Dong & Li 1999),which
aretheso-calledemergingpatterns;andon(b) combining
thesepatternsto makedecision.Notethatapatternis still
emerging if its frequenciesareaslow as1% in oneclass
and0.1%in anotherclass,becausetheratio indicatesa10
timesdifference.

Basically, the PCL classi�er hastwo phases.Given
two trainingdatasets

� :
(instancesof class

�
) and

� ?
(instancesof class

E
) anda testsampleB , PCL �rst dis-

coverstwo groupsof mostgeneralemergingpatternsfrom� :
and

� ?
. Denotethemostgeneralemerging patterns

of
� :

as, G � :H , G � :. , IJIKI , G � :L C in descendingorder
of frequency. Denotethemostgeneralemerging patterns
of
� ?

as G � ?H , G � ?. , IJIKI , G � ?M , in descendingorder
of frequency. Supposethe test sampleB containsthese
mostgeneralemerging patternsof

� :
: G � :LON , G � :LQP , IJIKI ,G � :LSR , T HVU T . U IKIJI U TXWZY[T , and thesemost gen-

eral emerging patternsof
� ?

: G � ?M N , G � ?M P , IKIKI , G � ?M]\ ,^ H U ^ . U IJIKI U ^`_ Y ^ . Thenext stepis to calculatetwo
scoresfor predictingtheclasslabelof B . Supposewe usea

(
acb T and

adb ^
) top-rankedmostgeneralemerging

patternsof
� :

and
� ?

. Thenwede�ne thescoreof B in
the

� :
classas

e`f�gih�j % B Ck� : -l� mnoqp Hsr
h�jitiuAj`v,f$w % G � :LQx -
r
hijitiuyj`v,f$w % G � :o - C

andthescorein the
� ?

classis similarly de�ned in terms
of G � ?M]x and G � ?o . If e`f�gih�j % B C	� : -{z eJfKgihij % B C	� ? - ,
then B is predictedas the classof

� :
. Otherwiseit is

predictedastheclassof
� ?

. We usethesizeof
� :

and� ?
to breaktie.

The PCL classi�er hasproved to be a good tool for
analysinggeneexpressiondata. Its �rst applicationis
the classi�cation of heterogeneousacute lymphoblastic
leukemia (ALL) samples(Li et al. 2002, Yeoh, Ross,



Figure7: Theperformanceof theDragonPromoterFinder.

Figure8: Theperformanceof theDragonGeneStartFinderonhumanchromosome21.
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Figure9: Theclassi�cationof theALL subtypesisorganizedin atree.
Givenanew sample,we �rst checkif it is T-ALL. If it is notclassi�edas
T-ALL, weproceedto thenext level andcheckif it is aE2A-PBX1. If it
is not classi�edasE2A-PBX1,weproceedto thethird level andsoon.

Shurtleff, William, Patel, Mahfouz, Behm, Raimondi,
Reilling, Patel,Cheng,Campana,Wilkins, Zhou,Li, Liu,
Pui, Evans,Naeve, Wong & Downing 2002). The data
consist of gene expressionpro�les of 327 ALL sam-
ples,obtainedby hybridizationon the Affymetrix U95A
GeneChipcontainingprobesfor 12558genes.The sam-
ples containall the known ALL subtypes,including T-
ALL, E2A-PBX1,TEL-AML1, MLL, BCR-ABL, andhy-
perdiploid.Ourmedicalcollaboratorsinitially gaveus215
samplesastrainingdatafor constructingtheclassi�cation
modelusingPCL.Thena further112samplesweregiven
at a later stagefor blindedtesting. Thereare28, 18, 52,
9, 14, and42 training instancesand15, 9, 27, 6, 6, and
22 testinginstancesrespectively for T-ALL, E2A-PBX1,
TEL-AML1, BCR-ABL, MLL, andhyperdiploid. There
arealso52 trainingand27 testinginstancesof othermis-
cellaneoussubtypes.

A tree-basedclassi�cationschemeis usedasshown in
Figure9. Due to the large numberof genesin the gene
expressiondata,a preliminarygeneselectionstepis nec-
essary. Theentropy method(Fayyad& Irani1993)andthe
� . method(Liu & Sentiono1995)areusedto selectup to
20 genesat eachlevel of thetreefor usein classi�cation;
therestof thegenesaremaskedout. Thenumberof false
predictionsonthetestinginstancesateachlevelof thetree
by PCL,aswell asthoseby C4.5,SVM, andNB, is given
in Figure10. Thenumberof falsepredictionsby PCL is
considerablylessthanthatmadeby theothermethods.We
havealsotriedusingdifferentnumberof genesanddiffer-
ent selectionmethodsanddifferentvaluesof the param-
eter

a
in PCL, thenumberof falsepredictionsby PCL is

consistentlylessthanthatmadeby othermethods(Liu, Li
& Wong 2002). Similar resultsarealsoobtainedwhena
parallelclassi�cationschemeis usedin placeof thetree-
structuredscheme(Li et al. 2002). In addition, the top
emerging patternsusedin thePCL methodalsoservesas
high level rulesfor understandingthedifferencesbetween
thedifferentALL subtypes.Suchrules,undercertainsit-
uations,canbeusedfor suggestingtreatmentplans(Li &
Wong2002b).

7 Protein Interaction Extraction

While scienti�c databaseshavebeenproliferatingin these
few years,muchof the scienti�c datareportedin the lit-

TestingData Error rateof differentmodels
C4.5 SVM NB PCL

( ������� )
T-ALL vs OTHERS1 0:0 0:0 0:0 0:0
E2A-PBX1vs OTHERS2 0:0 0:0 0:0 0:0
TEL-AML1 vs OTHERS3 1:1 1:0 1:0 1:0
BCR-ABL vsOTHERS4 2:0 3:0 1:4 2:0
MLL vs OTHERS5 0:1 0:0 0:0 0:0
Hyperdip

�
50 vs OTHERS 2:6 0:2 0:2 0:1

TotalErrors 13 6 8 4

Figure 10: The error countsof variousclassi�cation methodson
theblindedALL testsamplesaregiven in this �gure. PCL is shown to
makeconsiderablylessmisclassi�cations.TheOTHERS	 classcontains
all thosesubtypesof ALL below the 	 th level of the tree depictedin
Figure9.

eraturehave not beencapturedin structureddatabases.
For instance,unlikesequencedatathatwereroutinelyde-
positedby scientistsin online structureddatabases(e.g.
GenBank),useful molecularinteractioninformation are
still primarily reportedin scienti�c journals in free-text
formats.Suchinformationarecritical for post-genomere-
searchandknowledgediscovery. For example,in microar-
raydataanalysis,informationon genefunction,domains,
interactions,andpathwaysareneededfor uncoveringthe
primary generegulationeventsthataretruly characteris-
tic of a disease(Gerhold,Rushmore,& Caskey 1999). It
is typical in microarrayexperimentsthat severalhundred
genescanbe identi�ed togetherassigni�cant. Someof
thesegenesmayappearsigni�cant becausethey wereup-
regulatedby secondarygeneregulationevents.However,
on the basisof geneexpressionanalysissuchasthe one
describedin theprevioussectionalone,it is notpossibleto
decidewhichgeneis partof theprimarycauseandwhich
geneis merely a down-streameffect. Only by complex
tracingof theunderlyingsignaltransductioncascadescan
we �lter out the secondarygenesand identify the truly
signi�cant ones.This would requireprotein-proteininter-
actioninformation,whichareusually”hidden” in thevast
bodyof scienti�c literature.

Becauseof the importanceof protein interactionin-
formationin post-genomeresearch,biomedicalscientists
have expendedmuch effort in creating curatedonline
databasesof proteinsandtheir interactions.Many of the
key proteindatabases,suchastheSWISS-PROT (Bairoch
& Apweiler2000),theBiomolecularInteractionDatabase
(BIND) (Bader, Donaldson,Wolting, Ouellette,Pawson
& Hogue 2001), and the Databaseof InteractingPro-
teins(DIP) (Xenarios,Salwinski, Duan,Higney, Kim &
Eisenberg 2002) are mostly hand-curatedfrom the sci-
enti�c literature. This manualapproachis clearly not
scalableas the sheervolume of biomedicalliterature—
over 11 million abstractscurrently exist in Medline and
growing rapidly—demandscomputerautomation.For the
bene�t of speedingup the captureof resultsreportedin
researchjournalsinto structureddatabases,sophisticated
natural language-basedinformation extraction tools are
needed(Hirschman,Park,Tsujii, Wong& Wu 2002).

In theidealsituation,ausercanpostahigh-levelquery
requestingfor protein interactioninformation. Then an
enginewill downloadmany scienti�c texts,extractprecise
factson the interactionsof individual proteins,andcom-
bine thesefactsinto an interactionpathway for the user.
Extractingproteininteractionsfrom scienti�c literatureis
a classicinformationextraction(IE) task: It involvesex-
tracting information about genesand proteins(entities)
andtheir interactions(relationships)asreportedin thelit-
eratureinto prede�nedbiochemicalinteractiontemplates.
This turnsout to beadif�cult taskdueto thecompounded



complexity of linguisticandbiologicalnature:
� Bio-namerecognition. To extract interactioninfor-

mationfrom the literature,onemust�rst be ableto
identify thenamesof the interactingbiologicalenti-
tiesfrom thesentences(namedentityrecognition).In
thebiomedicaldomain,thereis frequentuseof long
descriptivecompoundnames,aswell asshortcryptic
acronymsthatareoftencreatedin anadhocmanner
by theauthors.Standardnomenclatureis looselyfol-
lowed,resultingin a plethoraof unstructurednames
andaliases.Namerecognitionis furthercomplicated
by the tendency of scienti�c authorsto use,say, the
namesof genesasproteinsinterchangeably, relying
on the context or backgroundknowledgefor appro-
priatesensedisambiguation;

� Bio-interaction complexity. There is also much
complexity and variety of forms in biological in-
teractions,involving both �rst-order ”basic” events,
which are interactionsof the form: <molecule>
<interact> <molecule> and complex second-
ordercausaleventssuchas: <event-or-molecule>
<interact> <event-or-molecule>. For exam-
ple, here is a partial grammarthat we usedin our
systemto generateIE templatesfor protein interac-
tion extraction:
B :: P phosphorylate P [on A] [at L]
| P [at L] bind-to P [at L] [to-produce P]
| P dissociate [to-produce P+]
| P activate [F activity-of] P
| P transport P [from C] [to C]
| ...
S :: B [is-inhibited-by B+] [provided B+]
| B [is-regulated-by B+] [provided B+]
| ...
ThenonterminalsB andS above representbasicand
causalinteractioneventsrespectively, while the ter-
minalsP standsfor a proteinmolecule,A an amino
acid,L a molecularlocale (domainor feature),F a
function,andC a subcellularlocation. As the inter-
action grammarhasillustrated,protein interactions
often involve multiple agentsand numeroussteps.
Complex IE templateshave to begeneratedin order
to properlycaptureinteractioninformation.Further-
more,becauseof this inherentstructuralcomplexity
of biological interactions,sentencesin thebiomedi-
cal literaturethatdescribethemtendto berelatively
complicated,making extraction by computeraddi-
tionally dif�cult.

� Bio-condition extraction. Bio-molecular interac-
tions are often highly context-sensitive events. As
such, supplementaryinformation such as species,
cell types,subcellularlocations,andtheexperimental
conditionsareof greatimportanceto the scientists,
makingtemplateelement�lling particularlysigni�-
cantin biomedicalinformationextraction.However,
in biomedicalliterature,suchcontextual information
is either implicit or often referredto outsidethe in-
teractionsentences,requiringin-depthtext analyses
suchasco-referenceresolutionanddiscourseinfer-
encefor extraction.

Over the last couple of years, we have been de-
veloping the PIES, a protein interactionextraction sys-
tem(Wong2001,Ng & Wong1999).ThePIESis a rule-
basedsystemfor analyzingbiology researchpaperswrit-
tenin English.It specializesin recognizingnamesof pro-
teinsandmoleculesandtheir interactions.It is oneof the
�rst systemscapableof this kind of analysisandinforma-
tion extraction. Therehasalso beenan increasedfocus
by thebioinformaticscommunityto addressthis IE need
in recentyears(Blaschke,Andrade,Ouzounis& Valencia

1999,Humphreys, Demetriou& Gaizaukas2000,Rind-
�esch, Tanabe,Weinstein& Hunter2000,Thomas,Mil-
ward, Ouzounis,Pulman& Carroll 2000,?, Ono, Hishi-
gaki,Tanigami& Takagi2001).

Figure11showstheoutputof thesystemgiven“Jak1”
as the proteinwhosepathway we are interestedin. The
PIESdownloadedandexaminedseveralhundredscienti�c
abstractsthatareavailableonlinefrom themainbiomedi-
cal literaturerepositoryMEDLINE. It recognizedseveral
hundredinteractionsinvolving hundredsof proteinsand
moleculesmentionedin theseabstractsasreportedby the
scientists.

To ef�ciently compilequalityproteininteractionpath-
waysfrom scienti�c literature,wecurrentlyadoptasemi-
automatedapproach,with PIESasthe automationfront-
endandhumancuratorsto re�ne theresults:

� Bio-namerecognition. We use an approachcom-
bining hand-constructednamegrammarsto exploit
morphologicalandotherlexical cuesto extract pro-
tein namesby patternrecognition,with a dictionary
of protein namesto cover thosenot detectedand
wronglydetectedby thenamingrules.Thelattercan
beincrementallycompiledby thehumancuratorsas
ourknowledgewarehousegrows.

� Bio-interactionextraction. To encapsulatethe inher-
entcomplexity of biochemicalreactions,we de�ned
a set of bio-molecular interaction grammarrules;
partsof it wereshown previously. From this gram-
mar, we can generatethe variousIE templatesfor
extractinginformationon thevariousclassesof pro-
tein interactions.For informationdetectionandre-
trieval, we currently employ a rule-basedapproach
basedon sentenceco-occurrenceof protein names
andinteractionfunction wordsto retrieve sentences
containinginteractioninformation,followedby shal-
low parsing to managethe variations in the verb
forms (Wong 2001,Ng & Wong 1999). The rule-
basedIE approachis quick in executionandit allows
us to easily extend our systemto include different
kindsof bio-molecularinteractionsasweexpandour
knowledgewarehouse;

� Bio-conditionextraction. As thereis yet a reliable
technologyto tacklethechallengingtaskof discourse
analysisandanaphoraprocessingin the biomedical
domain,wecurrentlyrely mostlyonourhumancura-
torsto extractadditionalcontextual informationfrom
the abstractsretrieved by the bio-interactionextrac-
tion module. As our humanexpertisein this area
growswith experience,we cantranslateit into com-
puter algorithmsto automatesomeportionsof this
taskin future.

The PIES is licensedto MolecularConnectionsof Ban-
galore as their MCHIPS systemfor rapid compilation
of quality protein interactiondatabasesfor different bi-
ological domains. More than 14,000 molecular inter-
actions have been successfullyextracted from MED-
LINE so far. For further information,pleasevisit www.
molecularconnections.com.

8 Conclusion

Dueto themulti-discplinarynatureof bioinformatics,di-
versedcomputingtechnologiesand techniquesare em-
ployed when solving bioinformaticsproblems. For ex-
ample,innovative databasetechnologiesareusedfor the
dataintegrationandwarehousingproblemsmentionedin
Sections2 and 3; various machinelearning techniques
areusedfor theepitopeprediction,transcriptionstartsite
recognition,andgeneexpressionanalysisproblemsfrom
Sections4, 5, and 6; and natural languageprocessing



Figure11: A picturedepictingtheproteininteractionsextractedfrom Medlineabstractsby PIESfor theproteinJAK1. Everyspotin thepictureis
a proteinandevery arc is an interaction.Thearcsaredirectedandcolouredto show thedirectionandnatureof eachinteraction,suchas“X inhibits
Y” and“X activatesY.”



techniquesareappliedto theproteininteractionextraction
problemfrom Section7.

Many bioinformaticsproblemsalso requirea combi-
nationof techniquesto be usedin conjunctionwith each
other. In fact, for mostpredictionproblemsin bioinfor-
matics,the techniquesof machinelearning,featuregen-
eration,andfeatureselectionhave to beusedin conjunc-
tion with eachotherto achieve goodresults. In the case
of epitopeprediction in Section4, a machinelearning
technique—arti�cialneuralnetwork—isappliedby itself.
In contrast,in thecaseof transcriptionstartsite recogni-
tion in Section5,severalsensorsaredevelopedto generate
appropriatesignal featuresbeforea machinelearningal-
gorithm is applied. In the caseof geneexpressionanal-
ysis in Section6, techniquesfor genefeatureselection
areappliedto reducethe datainto moremanageabledi-
mensionsbeforemachinelearningalgorithmsareapplied.
Therearealsoproblemswherebothfeaturegenerationand
featureselectionareneededbeforemachinelearningalgo-
rithmsareapplied—anexampleof thiscanbefoundin our
work on translationinitiation site recognition(Zeng,Yap
& Wong2002).

Lastly, in this paper, we have alsodescribedtwo basic
technologiesthatwerevery original andinnovativewhen
they were�rst developed.The �rst is Kleisli, introduced
in 1994. It is the �rst broad-scaledataintegrationsystem
thatemploys thenestedrelationaldatamodel,anexplicit
dataexchangeformat, anda mediator-wrapperarchitec-
ture. Thesefeaturesgreatly facilitatedthe incorporation
of numerousbiologicaldatasourcesandapplicationsinto
Kleisli. The secondis PCL—andthe idea of emerging
patterns,introducedin 1998—whichis a machinelearn-
ing methodquitedistinct from traditionalmachinelearn-
ing methods. It produceshighly human-understandable
rulesandalsoachievesverygoodaccuracy.
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