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Abstract

We arguethesigni�canceof a fundamentalshift in bioinfor-
matics,from in-the-smallto in-the-large. Adoptinga large-
scaleperspectiveis a wayto managetheproblemsendemicto
theworld of thesmall—constellationsof incompatibletools
for which theeffort requiredto assembleanintegratedsystem
exceedstheperceivedbene�t of theintegration.

Wherebioinformaticsin-the-smallis aboutdataandtools,
bioinformaticsin-the-largeis aboutmetadataanddependen-
cies.Dependenciesrepresentthecomplexitiesof large-scale
integration,includingtherequirementsandassumptionsgov-
erningthecompositionof tools. Thepopularmake utility is
a very effectivesystemfor de�ning and maintainingsimple
dependencies,and it offers a numberof insightsabout the
essenceof bioinformaticsin-the-large.

Keepingan in-the-large perspectivehasbeenvery useful
to us in large bioinformaticsprojects. We give two fairly
different examples,and extract lessonsfrom themshowing
how it hashelped. Theseexamplesboth suggestthe bene�t
of explicitly de�ning and managing knowledge �o ws and
knowledgemaps(which representmetadataregarding types,
�ows, and dependencies),and also suggest approachesfor
developing bioinformatics databasesystems. Generally,
we argue that large-scale engineeringprinciples can be
successfullyadapted from disciplines such as software
engineeringand data management, and that having an
in-the-large perspectivewill be a key advantage in the next
phaseof bioinformaticsdevelopment.

Keywords bioinformatics, large-scaledevelopment, data
engineering,software engineering,scienti�c data mining,
dependency management,bioinformaticsdatabases.
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1 Intr oduction

Bioinformatics is a rapidly developing scienti�c discipline
in which progresscan be chartedthroughthreesuccessive
stages:discovery — determiningthe basicdata typesand
problemsthatde�ne the�eld; analysis— solvingkey prob-
lemsandidentifying tractablesubproblems;andintegration
— constructinga uni�ed framework that resolvesquestions
by combiningavailableanalyses.

Relying on concreteexamples,we outline the challenges
of analysisversusintegration.Speci�cally, we identify prob-
lems that emerge when integration is lacking, as well as
a consistentset of principles that addresstheseproblems.
Viewing theseprinciplesas de�ning `bioinformaticsin the
large', we sketchpragmaticapproachesfor building systems
thatsupportlarge-scalebioinformatics.

Bioinformaticscan learn from other �elds that have al-
ready confrontedthe challengesof large-scaleintegration.
For example, software engineeringlessonslearned from
building massive,industrial-strengthsoftwaresystemscanbe
useful in bioinformatics. In their seminal1976paper“Pro-
grammingIn the Large VersusProgrammingIn the Small”,
DeRemerand Kron distinguishedbetweentwo scalesof
softwaredevelopment[1]. In-the-smallissuesgenerallylie
within thecomprehensionof onepersonandthe jurisdiction
of a singlecraft. Hereresideproblemsregardingalgorithms,
speci�c mathematicalmodels,andexpertiseof anindividual
scientist.In-the-largeissuesfocusondependenciesthatspan
componentboundariesand crossjurisdictions. Here reside
problemsof maintainingconnectionsamongdifferent data
anddisciplines,modelinghow toolsinteractandchange,and
answeringcomplex queriesacrossall thedata.

Bioinformaticsalsohasmuchto learnmuchfrom database
engineering,whosefocus, from its inception,hasbeenin-
the-large. This differencein focus is a key aspectof the
well-known mismatchbetweenthe capabilitiesof existing
databasesystemsandtheneedsof bioinformatics.Webelieve
thatanin-the-largeperspective,adaptinglarge-scaledatabase
engineeringprinciplesto �t bioinformatics,canhelpresolve
thismismatch.

For many disciplines,thedistinctionbetweenin-the-small
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andin-the-largeis critical. How doesthisdistinctionapplyto
bioinformatics?Most researchin the �eld todayfocuseson
analysis,reducingindividual problemsto manageablepro-
portionswith specializedtools. Examplesincludepowerful
algorithmsfor genomeassembly, clusteringof microarrayex-
pressiondata,predictionof three-dimensionalprotein fold-
ing, andtools for sequencehomologysearchandalignment.
In eachcase,thetoolsarespecialized— producingaspeci�c
datatransformationfor a particulartype of data(say, map-
ping aninput proteinsequenceto anoutputfold prediction).
In short,mostwork todayis in-the-small(we emphasizethat
thetermis descriptive,notpejorative)— asanalysisis acore
activity of bioinformatics.

However, therearemany signsthatin-the-largeconsidera-
tionsmayprove importantin bioinformatics:

� Theenormousdiversityandcomplexity of bioinformat-
ics data. No onepersoncanunderstandall of the data
types,muchlesslook at all of thedata.

� The needfor strong data integration. Although it is
temptingto treatthesediversedatatypesseparately, they
arestronglyinterrelatedandwill needto beintegrated.

� The needfor automation.Eachyearthereis ten times
more datathan the previous year, and any processon
thisdatathatis notautomatedwill fail to scale.

Thegrowing importanceof thesechallengesis demonstrated
by muchongoingwork in the �eld. Cantheseproblemsbe
solved by conventional in-the-smalltools and approaches?
We think this shift is not merelya matterof degree(that is,
“we just needmore tools”) but a qualitative changein the
scopeof toolsandarchitecturerequired.

2 In-the-Lar geChallenges

Our experiencesin the `hard knocks school' of bioinfor-
maticsdataintegration illustrate why it is dif�cult to solve
theseproblemswith the typical in-the-smallmethodologies.
Herewe discusstwo casestudies:GeneMine, an interactive
data-miningtool for biologiststo analyzegeneandprotein
structure-function[2]; and our single nucleotidepolymor-
phism(SNP)discoverysystem[3], whichhasproducedabout
a quarterof thetotal codingregion SNPscurrentlyknown in
thehumangenome.

2.1 GeneFunction Analysis

At �rst glance,in-the-largemethodologiesarenot necessary
for `small' projectssuchasa singlebiologist analyzingthe
function of onegeneusingbioinformaticstools. However,
in our developmentof GeneMinefor this task,we found an

in-the-large perspective invaluable. GeneMine[2] is an in-
teractive environmentfor biological sequenceanalysisthat
supportsfully automatedfunctionalandfeaturediscoveryon
DNA andproteinsequencedata,including:(1) functionaland
structural features,including functional motifs, secondary
structure,predictedfold, domains,etc.; (2) homologyfami-
lies,analyzedandcross-validatedby family `�nger-printing';
(3) expressionpatterns,indicatingtissue,cellular, or disease-
speci�c expressionlevels,workingwith datafrom thedbEST,
TIGR, andIncyte LifeSeqdatabases;(4) disease/association
data, including geneticmapping,polymorphism,and other
diseaseassociationdata.

The GeneMinedisplay, shown in Figure 1, includes a
structure windowat upperleft (for three-dimensionalatomic
structureand molecularmodeling), functional annotations
(function featuresassociatedwith speci�c residue(s)of se-
quences),and the information window at upper right (for
drill-down,browsing,anduserhypertext documentscontain-
ing embeddedviews of the three previous kinds of data).
Theseviewsareinterdependent:any actionin oneis re�ected
in all, permittingusersto perceiveandexploredependencies
amongdifferent forms of information. This linking of dif-
ferentmodelsis by itself extremelypowerful. It emphasizes
similaritiesanddifferencesbetweenmodels,andit createsan
`aggregate'modelfrom individualones.

GeneMinerelieson numerousin-the-smallanalytictools.
Their characteristsposedseveralchallengesfor its design:

Most Toolsare Highly Specialized. A de�ning character-
istic of in-the-smalltools is that they answeroneparticular
query, usuallyfor a speci�c datatypeor pair of relateddata
types. For example,BLAST �nds relationshipswithin the
singledatatype`sequence.' Findinga relationshipbetweena
differentpairof datatypes� and � usuallyrequirescraftinga
new tool for just thatpair— evenif othertoolsalreadyrelate

� and � to otherknown datatypes.Typically, eachnew query
requiresanew program(or script)to bewritten.

Browsing is Not Querying. Even whensubstantialeffort
is appliedto provideanintegratedinterfaceto multiple types
of data,in-the-smallmethodologiesleave userswith limited
querycapabilities. By itself, in-the-smalltool development
doesnot confergeneralqueryor data-miningcapabilitybut
merelytheability to browse. Indeed,a prevailing modelfor
thisstyleof integrationis simplyasetof linkedwebpagesin
whicheachdatatypegetsits own webpagewith links to web
pagesfor otherdatatypesin bioinformatics.

Expertise is Key. A knowledgeableusercanfollow these
links to browsethenetwork of relationships.At eachstepthe
userneedsexpertiseto understandhow to usethat speci�c
tool, how to interpretits results,andwhat othertoolsought
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Figure1: GeneMineDisplay(rhinovirus1acrystalstructure2HWE[PDB])

to be applied. In generaltheknowledgefor effective useof
a network of in-the-smalltoolsresidesentirely with theuser.
In theabsenceof an in-the-largeframework capturing“how
to usethis tool” asmetadata,only userscandeterminethe
compositionof in-the-smalltoolsneededto solvea problem.

Most Experts are Inexpert at Most Things. Expertiseis
narrow by its very nature.Generally, researchersarenot ex-
pert aboutmost of the many data types in bioinformatics.
Even if we assumeuniversalexpertise,peoplecanstill be-
come`lost' when using most web pagesand tools (in the
sensethat they don't understanda speci�c in-the-smalltool
adequately).Even worse,mostuserswould not necessarily
know that a given tool (solving a particular problem) ex-
ists. In the absenceof an in-the-large framework for which
theconstructionof suchtool chainsis automated,individual
usersmustpainstakinglycomposethesechainsby hand— a
time-intensiveanderror-proneprocess.

In-the-Small Toolsalonearean IncompleteQuery Model.
Becausein-the-smalltoolsarespecialized,answeringa new
queryusuallyrequireswriting a new specializedscript. This
raisesageneralproblem:with in-the-smalldevelopment,any
queryrelatingpair of distinctdatatypes� and � corresponds
to a singlescript. If thereare � datatypes,thenall queries

relatingpairsamongthemcanrequire
���

����� scripts.If only
a few staticqueriesarerequired,this is not a problem.How-
ever, in a dynamicresearchenvironmentwherenew queries
areconstantlyposed,this becomesabarrierto discovery.

2.2 SNPDiscovery Pipeline

Our systemfor detectingSNPscomprisesa largenumberof
softwarecomponents(from many sources),processingmany
datatypes,anda largevolumeof data(approximately4 mil-
lion independentEST sequencesand chromatograms).A
pipelinedevelopedfor this taskis depictedin Figure2. Over
the courseof work on this project(from 1998on) we came
to appreciatethetechnicalchallengesof large-scaleanalyses.
Lookingbackour problemsfell into threecategories:

Pipelinesare Powerful, but an Incomplete Query Model.
Thepipeline— andmoregenerallytheconceptof knowledge
�ow discussedbelow — is an extremelyusefulconstructin
datamining. As Figure2 suggests,it is naturalto view bioin-
formaticsqueriesas �lters on knowledge�o ws constructed
with pipelines.Also, asis well-known, pipelinesscale: they
can handlelarge volumesof data. However, pipelinesby
themselvescannotexpressmany usefulqueriesthat require
moregeneralnetworksof �o ws.
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.chromat raw chromatogramdata

.phd PHREDformat

.phdfas PHRED& FASTA combined

.screen resultof crossmatch

.contigs sequencecontigs

.fas+cont contigs& FASTA combined

.fas FASTA format

.reo reorientations

.qual remappedqualitydata
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.pir PIRalignmentformat
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Figure2: Dependenciesin aMakefile for theSNPdiscoverypipeline,showing �le typesuf�x es,andthetype-coercion-like
suf�x rulesde�ning dependenciesamong�les

The Demands of Change and Stability are at Odds.
Throughoutthe project,neitherthe data,nor their schemas,
nor the software were static; instead,all changedrapidly.
While rapidschemaevolutionmightbeconsideredunaccept-
able in a typical softwaredevelopmentor databaseproject,
it is the norm in discovery science. In this context it is es-
sentialto maintaindependencies,both amongdifferentdata
types,andover time in individual datatypes. For example,
the sameSNP might be identi�ed in independentruns on
differentdates,andit is importantto keepa stableID for it
throughouttheseruns,even if its relationshipto many other
datatypeschangesdramatically(e.g., beingswitchedfrom
onegeneclusterto anotherby abetterclusteringalgorithm).

In-the-Small Development NeglectsDependencies. Our
initial in-the-smallmethodologies(suchas keepingdataas
�at �les within the �le systemandwriting monolithic pro-
cessingscripts to run the long seriesfor the analysis)ex-
acteda high cost,in termsof datamanagementcomplexity,
processingerrors,constantrewriting of scriptseven for mi-
nor changesto the pipeline,andconfusionover potentially
inconsistentcombinationsof variousversionof data,tools,
andscripts.Fundamentally, in-the-smalltoolswork bestin a
staticcontext, becausethey lackamodelof how toolsevolve,
how they interact,andhow they canbe combinedin a gen-
eralandautomaticmanner. Thecritical importanceof these
considerations,which arecommonin bioinformatics,forced
usto adoptanin-the-largemethodology.

3 Bioinformatics In-the-Lar geas
Managing KnowledgeMaps

Whereasin-the-smalltools consumeuserdata, in-the-large
toolsconsumemetadata(datadescribinguserdata).

To addressthemany challengesjust raised,it canhelp to
adoptan in-the-largeperspective. If we characterizein-the-
smalldevelopmentasmakingroadsrelatingonedatatypeto

another, in-the-largedevelopmentis makingroadmaps.
More speci�cally, if in-the-smallroadsaretools, thenin-

the-largeroadmapsspecifydependenciesamongtools,such
astherequirementsandassumptionsgoverningtheir compo-
sition. Much ascomplex navigation requiresroadmaps,in-
the-largebioinformaticsrequiresknowledgemaps.

Roughly, by a knowledgemap we meana repositoryof
metadata,or model,describingtypesof knowledge,knowl-
edge�o ws,anddependenciesamongthese.By aknowledge
�o w we meana tool or servicethat implementssomemap-
ping amongtypes. Dependenciesinclude derivation rules
— specifyinghow to derive one �o w or type from others,
andhow to propagatechangesin one�o w or type to others.
In databaseterms,dependenciescancorrespondto integrity
constraints,triggers,indexes,or views.

3.1 KnowledgeMaps Admit Automation

Bioinformaticsin-the-large requiresautomation.Eachyear
thereis ten timesmoredatathanthepreviousyear, andany
processof understandingthis datathat is not automatedwill
fail to scale.

Knowledgemapsareimportantfor successin-the-largebe-
causethey admitmultiple formsof automation.

First, informationcanbeautomaticallyderivedfrom indi-
vidual knowledgemap elements.For example,ratherthan
make explicit the

���

� ��� transformationsneededto intercon-
nect � datatypes,it canbe suf�cient to provide only

���

� �

transformations:a knowledgemapthat`understands'thein-
dividual datatypesandthe tools interrelatingthemcanau-
tomaticallyderive a sequenceof transformations(a chainof
dependencies)if suchasequenceexists.

Second,much of the valueof dataintegrationhingeson
helpingusersmovebeyondtheboundsof their individualex-
pertise. Requiringthat the knowledgeto usea network of
tools restswith theuserdrasticallylimits how the toolswill
beused,andany singleuser'sability to focuson thescience.
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Third, automatingintegrity enforcementpermitsusersto
managedependenciescorrectly and ef�ciently , and frees
themfrom detail. They can then elevate their concerns—
from thecomputationalequivalentof bookkeepingto scien-
ti�c exploration,andfrom scienti�c methodto science.

3.2 KnowlegeMaps Embody well-known
Lar ge-ScaleSystemsDesignPrinciples

Theknowledgemapis a consequenceof well-known large-
scale systemsdesign principles, speci�cally two general
principlesfor scalability:

� scalabledesign: separatemetadatafrom data(de�ning
a knowledgemap) in a way that providesabstraction,
encapsulation,andde�nition of dependencies.

� scalableoperation: usemetadatato provide automated
compilationandoptimizationof queries(andautomated
derivationof dependencies),scalablehigh-performance
executionusing independentand pipeline parallelism,
andenforcementof dependencies.

Theseprinciplescharacterizean `in-the-large perspective'.
They areembodiedin large-scalesoftwareengineeringmod-
els suchas the UML [34], and more generallyin con�gu-
ration managementsystems[7]. They arealsoembodiedin
moderndatabasesystems.

3.3 KnowledgeMaps in make

Metadatacanencodeeffectivemodelsof dependencies:how
userdataandsoftwaretools interact,andevenconsequences
of their evolution.

TheUnix tool make is anextremelypopulartool for man-
agingdependenciesamong�le types.It automaticallygener-
atesthesequenceof stepsneededto constructa desiredtar-
get. Whereaseachstepis a script implementinga road, the
Makefile is a roadmapfrom which traversalscanbe de-
rived. Thesuf�x rulesof make alsoallow oneto de�ne �le
typesandgeneralrulesfor managinginstancesof thesetypes,
anextremelypowerful facility.

DeRemerandKron [1] emphasizedtheimportanceof what
they called module interconnectionlanguages for moving
from in-the-smallsoftwaredevelopmentto in-the-largesoft-
wareengineering.Viewing theselanguagesasmetadata,they
provideda kind of knowledgemap.

DeRemerand Kron's work just precededthe advent of
make, however — and in our opinion make has beena
morepowerful technologythantheirmoduleinterconnection
languagesfor progresstowardssoftwareengineeringin-the-
large.Weseemake asacompellingprototypeof systemsfor
managingknowledgemaps,anda technologyfor bioinfor-
maticsin-the-large.We discussmake in moredetailbelow.

3.4 KnowledgeMaps in GeneMine

Biologists are accustomedto thinking in terms of diverse
`types'of genomicinformation(chromosome,gene,mRNA,
protein,andthelike).

In GeneMinethesetypesaremodeledin aknowledgemap
calledthecatalog. Thecatalogis a graphdatabase,in which
eachdatatype is a node,relationshipsare edges,and pre-
diction toolsor searchalgorithmsareindexesthat construct
graphsdynamicallyastheuserexploresagivenregionof the
graph. GeneMinerequiredconstructionof a mappingsys-
temto explicitly representandusetheroadmapof all existing
`roads'anddatatypes(i.e.,edgesandnodesof thegraph).

Oneof thekey designgoalsin GeneMinewasto changethe
data-miningmodelfrom expertqueryto informationpush. In
thestandardwebmodel,abiologistcanansweragivenques-
tion only if heknowsof theright tool, andhastheexpertiseto
access,use,andinterpretit correctly. By contrastGeneMine
automaticallyrunsall tools thatareboundin theknowledge
mapto the user's currentdatatype(s),�lters the resultsfor
signi�cance,andpresentsthemin a uni�ed data-miningin-
terfaceof aggregations,pivots,anddrill-downs.

Informationpushleadsthe userto new connectionsin a
framework designedto make travel throughthe knowledge
map more effortlessand instantaneous(with resultswithin
seconds).As a direct bene�t of this automation,the focus
of a user's effort switchesfrom themechanicsof tool selec-
tion, composition,and invocationto interpretingthe many
resultsthat GeneMinedeterminesautomaticallyand to the
explorationof suggestive interconnections[2].

3.5 KnowledgeMaps in SNPDiscovery

Figure 2 illustrates how our SNP discovery processwas
developedto exploit dependency managementwith make.
More generally, modelingchangewasessentialfor manag-
ing thedynamiccharacterof theprocess,andit hasrendered
our complex SNPcalculation�e xible, reliable,andeasyto
manageandmodify. This hasbeenan indispensablekey to
our ability to produce,at much lower cost, as large a con-
tribution to codingregion SNPdiscovery astheothermajor
SNPdiscovery efforts (theHumanGenomeProject,andthe
independentSNPConsortium).

4 Management of Knowledge Maps
with make

A concretestartingpoint and inspirationfor bioinformatics
in-the-large is the popularUnix tool make [5, 6]. An es-
sentialfor the distribution andconstructionof softwareap-
plicationsandsystemsbothlargeandsmall,many seeit (nar-
rowly) asatool for constructingexecutablebinaries.make is
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a surprisinglygoodsketchof a systemfor managingknowl-
edgemaps.It providesthreein-the-largefeatures:

� Explicit de�nitions of typesanddependencies(deriva-
tion rules)

� Dependency abstraction(through enscapsulationand
suf�x rules)

� Monotonicintegrity enforcement(assumingthereareno
cyclesamongthedependencies).

Figure2 shows thesuf�x rulesof a Makefile usedto im-
plementtheSNPdiscoverypipelinediscussedearlier.

4.1 Make�les asKnowledgeMaps

Abstractly, make rulesaredependenciesof theform �������

wheretarget � isadenotationfor theinformationproductthat
make will derive, ���
	���
�������
�	�� is an enumerationof the
antecedentson which � is dependent,and � is a sequence
of commandsthatmake will executeto derive � . Executing
`make � ' enforces̀versionmonotonicity': �rst, if any of the
antecedents	�� donotyetexist, it is recursively made;then,if
at leastoneantecedentis morerecentthan � , � is made(by
executingcommands� ).

Suf�x rulesarean importantfeatureof make that specify
dependenciesamongtypes. Following the convention that
�lename suf�x esde�ne the `type' of informationin a �le, a
suf�x rule generallyhasthe form .d.t: � , indicatingthat
any �le � .t canbederivedfrom �le � .d by executingcom-
mands� . Figure2 re�ects a numberof theserules.

While the precisedetailsof make arenot that important
here,someessentialsareworth noting:

� Typesanddependency rulesaregivenexplicitly.

� Suf�x rulesde�ne knowledge�o wsamongtypes.

� Rulesprovide information encapsulation:eachrule is
self-containedand can be modi�ed largely indepen-
dentlyof otherrules.

4.2 Monotonic Integrity Enforcement

Monotonicity is an importantpropertywhenever dependen-
ciesareconstraintsthatareenforcedbyexecutingcommands.
Monotonicityguaranteesincrementalprogress,in which en-
forcingdependenciescanonly makethings`better' (preserve
an integrity orderingregardingdependencies).Monotonic-
ity is a key conceptin databasesystems,in the forms of
bothtransactionmanagementandintegrity enforcement.It is
a vital in-the-largepropertythat permitslocal changeswith
reasonableassurancesthat the effects of suchchangesare
bounded. With make, monotonicitynormally requiresthe

dependency rulesto beacyclic [5], andit imposesa version-
ing disciplineunderwhich enforcinga dependency canonly
make�les moreup-to-date[8].

We believe that scienti�c datamining restson chainsof
derivation from which ad-hocbranchesmay be easily con-
structed,amended,andmaintained.The incrementaldisci-
pline of developmentwith make lendsitself to this style of
exploration, and it mesheswell with acceptedpracticesin
sourcecodemanagementandrevision control [27, 28]. This
disciplineencouragesusersto shareMakefile s thatcodify
commonor usefullaboratorypracticesandanalyses,thereby
improving productivity andreducingopportunitiesfor error.
Explicit combinationsof con�gurationmanagementandver-
sioncontrolhavebeendevelopedrecently[7, 8].

4.3 make asa Query Language

Makefile scanbeusedto de�ne `queries'.Themake rules
������� and .d.t: � de�ne differentkindsof database
views. Our experienceis that a systemlike make can be
very effective asa large-scalequery infrastructure. Putting
this more generally, make-like systemscan provide an in-
the-large`querylanguage'.

Today'sdatabasesystemsdonotyetsupportgeneral̀query
con�gurationmanagement', but managingthecomplexity of
bioinformaticsrequiressomethinglike it: keepingtrack of
diversedatasourcesandrepresentations,chainsof derivation,
andwebsof dependencies,while at thesametime enforcing
requirementsondataintegrity, consistency, andquality.

5 Impr oving on make for
Managing KnowledgeMaps

As just illustrated,make hasmany capabilitiesthatmake it
valuablefor bioinformatics,andit neatlycapturesdifferences
betweenbioinformaticsin-the-large and bioinformaticsin-
the-small. However, it wasnever intendedasinfrastructure
for bioinformatics,and thereare a numberof ways to im-
proveonmake for managingknowledgemaps.

5.1 Managing Scienti�c Dependencies

Bioinformatics,like all sciences,hasits own culture of in-
tegrity andrigor, andits own conventionsfor managingin-
formationdependencies.make's usefulversionmonotonic-
ity propertycan be generalizedto capturethesenotionsof
dependenciesandintegrity.

Reproducibilityof results,for example,is a foundationof
scienti�c integrity. While large-scalecomputationhasmade
it possibleto obtainnew results,it alsohasmadeit impos-
sibleto reproducesomeof these— speci�cally thosewhose
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provenancewasnot formally recorded.Trackingthis prove-
nanceis dif�cult — asa resultof thesamecomplexity raised
earlier— adataproductmaybetheendresultof a longchain
of derivation,which in turnmayrely onnumerousotherdata
sourceshaving their own historyandlineage.Worse,a bliz-
zardof toolsandscriptsmaybeinvokedalongtheway. Re-
producinga dataproductcanrequirereproducinga complex
ecologyof datasources,tools,operatingsystems,andhosts.

Maintainingexplicit dependency relationswould address
this problem,andmake's dependenciesgive a steptoward
this. Whenmanagedwith modernsourcecoderevision tools
suchasCVS[27] or Subversion[28], aMakefile canbean
archival recordof derivationof an informationproduct. We
cananticipatethe developmentof ancillary tools, for exam-
ple, to describethedifferencesin theprovenanceof multiple
versionsof thesameinformationproduct— muchassource
coderevision systemscansummarizethedifferencesamong
versionsof source�les for asoftwareproduct.

Similarly, just as applicationdevelopersrequest̀ the lat-
est stableversion' of a software system,or `the most re-
cent experimentalbranchthat passedthe regressiontests',
researcherscould,with appropriatetool support,demandan
analysisthat `relies on the most reliable data' or a derived
productwhich incorporates̀ the latestmicroarrayrun.' In
short, oncemadeexplicit, provenancecould be examined,
manipulated,andparameterized.

5.2 Implementing KnowledgeMaps with
ExtensibleCon�guration Management

Today, therearemany con�guration managementtools and
integrateddevelopmentenvironmentsthatimproveonmake.
While powerful, make has a numberof limitations. For
example,in developing the SNP pipeline, the limitation of
single-input,single-outputsuf�x ruleswasa problem,since
the �nal SNP scoresdependon multiple inputs (Figure 2).
Eachdescendantof make addressesspeci�c limitations.

For applicabilityof acon�gurationmanagementsystemin
bioinformatics,extensibility seemsvital. Several efforts to
improve on make are integratedwith a programmingenvi-
ronment,suchasCook [11] andSCons [10]. A promising
approachis to adopta scripting languageasthe foundation
for this combination.CandidatesincludePerl andPython.

For managingknowledge maps, programmingenviron-
mentsareeasilyaugmentedwith supportfor graphs. Pow-
erful graphprogrammingframeworks suchGVF [24], GTL
[29], GFC [30], andLEDA [31] illustratehow graphcapa-
bilities canbe addedeasily to an existing language.These
capabilitiesareadequatefor implementingbasicoperations
onknowledgemapssuchasderiving pathsbetweentypes,or
searchingfor typeswith certainproperties.

Scriptinglanguagescanalsoprovidesupportfor queriesin
a way that is consistentwith the notion of knowledge�o w.
A coarse-grain,large-scalequerylanguagelike make anda
medium-graintraversalmechanismfor graphscanblendwith
�ner -grain query and transformationprimitives like those
provided by Kleisli [14] and Python [15]. At this scale
comprehensions[13] area popularqueryconstruct,provid-
ing `set notation'-like syntax. The Pythoncomprehension
[ g(x) for x in C if p(x) ] yieldsthecollection
of valuesg(x) obtainedfrom x in collection C that sat-
isfy the predicatep(x) , for example. In particular, Python
implementseagerlist comprehensionsandlazy list compre-
hensions(asgenerators[18]). Like containers,the latterare
�o ws. Pythonalso implementsfunctional notionssuchas
lambdaexpressions,closures,andthecommonhigher-order
functionsthatarethebasisfor powerful declarativedatabase
querylanguages[12, 13, 14].

Pythonalsohasotherbene�ts, suchascleansyntax,sim-
plicity, objectsemantics,easeof useand installation,com-
munitysupport,andextensibility [16].) Encapsulationis also
an importantmechanismfor large-scalesystems.As make
shows, derivations can be encapsulatedin multiple ways.
First, the graphof dependenciesanddetailsof construction
canbehiddenin rules.Second,intermediatestateobtainedin
theprocessof thesederivationscanalsobehidden.This ap-
proachis naturallyextendedby objectorientedprogramming,
whichagainis availablein environmentslikePython.

5.3 Implementing KnowledgeMaps with
Graph Warehouses

Bioinformaticsin-the-large requirescomplex datamanage-
ment for which existing relational databasesystemshave
provento beinadequate.Theapparentmismatchbetweenthe
needsof bioinformaticsandcapabilitiesof existing systems
is a fundamentalobstacleto progressin the�eld.

Therearemany databasearchitecturesthathavebeenpro-
posedfor bioinformatics. Speci�c amongtheseare graph
databases. Having an in-the-large perspective is very use-
ful, sinceit underscoresthat an extensionof existing graph
databasesis neededfor scalability. We sketchonepossible
extensionof graphdatabases,called graph warehouses, in
which scalingconcernscanbe addresseddirectly while re-
mainingconsistentwith thenotionof knowledge�o w.

5.3.1 KnowledgeMaps asGraph Databases

Theideaof usinggraphdatabasesfor bioinformatics[19, 20]
is appealing,giventheir intuitivenotation,�e xibility , consis-
tency with the navigation demandsof biological databases,
andability to rigorously model weakly-structuredinforma-
tion. It appearsthat graphscan supportbioinformaticsin
waysthata classicrelationaldatabasecannot.
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Researchon graph databasesystems�ourished in the
early- andmid-1990s,muchof it emphasizingvisual inter-
facesandpattern-orientedquerylanguages.Signi�cant sys-
temsincludedGOOD[22], GraphDB[21], GRAS[25], Hy+
[26], andHyperlog[23].

Graph databaseslike these permit implementationof
knowledgemapslike theGeneMinecatalog.In addition,for
complex knowledgemapsthey can offer bene�ts over the
graphprogrammingframeworks just mentioned(GVF [24],
GTL [29], etc.)— at thecostof sacri�cing someexpressive-
nessand�e xibility .

5.3.2 Graph Databasesfr om an in-the-largePerspective

A naturalquestionis whethergraphdatabasescan provide
a completeinformationmanagementsolutionfor large-scale
bioinformatics.An in-the-largeperspective is very usefulin
identifying limitationsof existing graphdatabasesasa solu-
tion, andin underscoringissuesthatasolutionmustaddress:

� For bioinformatics, there are often major differences
betweenthe conceptualrepresentationsof information
(conceptualgraphs)andthephysicalrepresentationsof
information(actualgraphdatastructures).For example,
biologicalsequenceinformationcanbevoluminous,and
unoptimizedrepresentationscanpreventef�cient opera-
tion. Abstractionmechanismssupportsuchdifferences.

� Thereseemsan inherenttensionbetweenthe strength
of graphsfor capturingall kindsof information,andthe
weaknessof graphsfor hiding information.Thelack of
abstractionof �at graphmodels(suchasGOOD [22])
rendersthem of limited value in-the-large. Ideally, a
graphdatabaseshouldadmit hierarchical graph struc-
tures where nodesthemselves contain graphs. Some
encapsulationmechanismsappearsto be essentialfor
bioinformaticsin-the-large.

� Graphdatabasesystemsintroducelimits to extensibil-
ity. The universeof tools and online resourcesis ex-
pandingrapidlyandstraightforward(programmable)ac-
cessto thegraphsis essential.Unfortunatelythesetools
andresourcesareoften bettermodeledas`�o ws' than
asgraphs.In addition,writing graphalgorithmsis error-
prone,andmany graphalgorithmsaredif�cult to opti-
mize.

� Designsfor graphquery languagequickly facestrong
con�icts betweenexpressivenessandef�ciency. A gen-
eral graphquery databasemodel is likely to have ter-
rible performance.Many graphsearchproblemsscale
badly and have poor worst-caseperformance.In fact,
even visual query interfacesscalebadly: �nding good
layoutsfor displayinggraphsbecomescomputationally
intractablewhenthegraphsbecomelarge[24].

5.3.3 Graph Warehouses

In order to support data mining and large-scaleinforma-
tion managementfor bioinformatics,aswell asmanagethe
knowledgemap,we cancombinetheapproachesabovewith
a datawarehousearchitectureto give a graph warehouse.
Again,an in-the-largeperspective emphasizingscalabilityis
helpful,andit suggeststhefollowing principles:

Representgraphs as �o ws. For large-scalecomputations,
it is advantageousto treat graphsas containers, using the
containeror collectionclassesavailablein modernlanguages
suchasC++, Java, or Python. This representationhasbeen
usedsuccessfullyin large-scalegraphprogrammingframe-
works [24, 29, 30, 31]. The containerAPI is comfortably
closeto for-loops,designedto providesequentialaccessto a
streamof objects.In this waycontainersimplement�o ws.

Containersalsoprovideaconvenientabstractionfor index-
ing. Index structuresarepowerful andcompactrepresenta-
tionsfor graphs,andthis is importantfor bioinformatics.For
examplesequencesareoften implementedwith suf�x trees,
andcanalsobeimplementedasorderedcollectionsof inter-
vals. Furthermoresequencescanthenbe conceptualizedas
graphs,but actuallyaccessedusingindex structures— such
as indexesthat provide ef�cient implementationof interval
predicates.How to bestrepresenta graphasan index is not
always clear, multiple representationsmay be needed,and
therepresentationmayneedto changeovertimeto bettersuit
evolving queries.Neverthelessusingindexesin this way is
convenient,andagainnaturally�ts themodelof �o w.

As �o ws, containerscan easily implement intensions
(views),ratherthanjustextensions(collectionsof data).This
ideahasbeendevelopedfor containersin theVTL [32] and
Views [33] extensionsof STL. With genomicsequences,for
example,intensionscanprovide abstractionandencapsula-
tion, aswell asperformance-improving capabilitiesranging
from datacompressionto proxy-likemiddlewarewrapping.

Finally, treatinggraphsas�o ws (containers,indexes)pro-
videsasolidfoundationfor querymechanisms.The`iterator'
(loop index, or cursor)usedto enumeratethe elementsof a
containercantakeson a new role for graphcontainersasa
traverser. Furthermore,the traversercanserve asa form of
controlstructure(programlogic) for a mappingor algorithm
to be appliedto a graph— the graphanalogueof the well
known higher-orderfunctionalmap.

Exploit knowledge maps for optimization. Knowledge
mapscan be usedto eliminatesearchin querieswherethe
type of the desiredresult is known — andgraphnavigation
canreduceto a sequenceof index (graphcontainer)lookups.
Evenwhenthetypeof theresultis unknown, theknowledge
map can be usedto identify relevant types,more complex
searchproblemscanbesimpli�ed in a comparablemanner.
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The knowledgemap can also recordother propertiesre-
gardingdependenciesor graphstructurethat are useful in
processingqueries.Graphstructurein genomicsdatais often
limited, rangingfrom trivial structures(sequences)to some-
whatmorecomplex (DAGs).Thesepropertiescanbedirectly
exploited in large-scalegraphwarehouseapplications.The
dataaresuf�ciently complex to requirea generalrepresenta-
tion but simpleenoughto behandledef�ciently .

Support pipelinesand parallelism. Giventhestorageef-
�ciencies mentionedabove anda `readmostly' userbehav-
ior, many graphquery pipelinescan be processedentirely
in memory. Commoditymotherboardsthatsupportmultiple
gigabytesof memoryare inexpensive andwidely available.
For example,theestimatedthreebillion basesin the human
genomecanbe encodedin lessthana gigabyteof memory.
Othergenomesof interestareten-to a thousand-foldsmaller.

Although therewill always be problemsthat go beyond
what canbe donein memory, many `large' graphproblems
do not. Furthermore,graphsearchesare often embarrass-
ingly parallel. It is no secretthatbioinformaticsis amenable
to clustercomputing,andalthoughgraphalgorithmsarenot
usually thoughtof asparallelizable,genomicgraphqueries
canhaveabundantparallelism.

6 Conclusions

We have arguedthe signi�cance of a fundamentalshift in
bioinformatics,from in-the-smallto in-the-large.Adoptinga
large-scaleperspective is a way to managethecomplexity of
toolsanddataformatsthatburdensmany bioinformaticsre-
searcherstoday, automatingawayconcernsthatdistractfrom
doingscience.

Wherebioinformaticsin-the-smallis aboutdataandtools,
bioinformaticsin-the-largeis aboutmetadataanddependen-
cies. Dependenciesrepresentthecomplexities of large-scale
integration,includingtherequirementsandassumptionsgov-
erningthecompositionof tools. Themake utility illustrates
theeffectivenessof managingdependenciesin thisway, andit
encouragesviewing bioinformaticsin-the-largeasa process
of managingknowledge maps: meta-databasesthatdescribe
types,�o ws,anddependenciesof interest.

Many of the lessonsin this paperare instancesof well-
known large-scalesystemsdesignprinciplesfor scalability:

� scalabledesign: separatemetadatafrom data(de�ning
a knowledgemap) in a way that providesabstraction,
encapsulation,andde�nition of dependencies.

� scalableoperation: usemetadatato provide automated
compilationandoptimizationof queries(andautomated
derivationof dependencies),scalablehigh-performance

executionusing independentand pipeline parallelism,
andenforcementof dependencies.

These principles have been at the very heart of large-
scalesoftwareengineeringmodels(suchas the UML [34])
andcon�guration managementsystems,as well as modern
databasesystems.In thesameway, theprinciplesareat the
heartof the knowledgemapsdevelopedhere,andgenerally
characterizean`in-the-largeperspective'.

An in-the-largeperspective hasbeenusefulto us in large-
scalebioinformaticsprojects. Two casestudiesillustrated
this: GeneMine, aninteractivedata-miningtool for biologists
to analyzegeneand protein structure-function[2], and our
singlenucleotidepolymorphism(SNP)discoverysystem[3],
whichhasproducedaboutaquarterof thetotalcodingregion
SNPs. Both efforts bene�ted from explicitly de�ning and
managingknowledgemaps,and following large-scalesys-
temsdesignprinciples. Theseprinciplesalso give insights
aboutproposedarchitecturesfor informationmanagementin
bioinformaticssuchasgraphdatabases, andaboutthegraph
warehousesdescribedhere.

If the lessonsof software engineeringand databasesys-
temsengineeringareany guide, the shift from in-the-small
to in-the-large will be of major importancein the evolution
of bioinformatics.An in-the-largeperspective will be a key
advantagein thenext phaseof bioinformaticsdevelopment.
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