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Abstract

We arguethe signi cance of a fundamentakhift in bioinfor-
matics,from in-the-smallto in-the-large. Adoptinga large-
scaleperspectivas a wayto manayetheproblemsendemido
theworld of the small— constellation®f incompatibletools
for which theeffort requiredto assemblanintegratedsystem
exceedgheperceivedbene t of theintegration.

Whee bioinformaticsin-the-smallis aboutdataandtools,
bioinformaticsin-the-large is aboutmetadatsand dependen-
cies. Dependenciesepresenthe compleities of large-scale
integration,includingtherequirrmentandassumptiongov-
erningthe compositiornof tools. The popularmake utility is
a very effectivesystenfor de ning and maintainingsimple
dependenciesand it offers a numberof insightsaboutthe
essencef bioinformaticsin-the-large.

Keepingan in-the-lamge perspectivehas beenvery useful
to us in large bioinformaticsprojects. We give two fairly
different examples,and extract lessonsfrom them showing
howit hashelped. Theseexamplesboth suggestthe bene t
of explicitly de ning and manajing knowledge o ws and
knowledgemaps(which representmetadataregarding types,
ows, and dependencieskind also suggest appoacdhesfor
developing bioinformatics databasesystems. Geneally,
we argue that large-scale engineeringprinciples can be
successfullyadapted from disciplines sud as softwae
engineeringand data manaement, and that having an
in-the-large perspectivewill be a key advantaye in the next
phaseof bioinformaticsdevelopment.

Keywords bioinformatics, large-scale development, data
engineering,software engineering,scienti ¢ data mining,
dependeng managemenbioinformaticsdatabases.
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Bioinformaticsis a rapidly developing scienti ¢ discipline
in which progresscan be chartedthrough three successie

stages: discovery — determiningthe basic datatypesand

problemsthatde ne the eld; analysis— solvingkey prob-

lemsandidentifying tractablesubproblemsandintegration

— constructinga uni ed framework that resohesquestions
by combiningavailableanalyses.

Relying on concreteexamples,we outline the challenges
of analysisversusintegration. Speci cally, we identify prob-
lems that emepge when integration is lacking, as well as
a consistentset of principlesthat addresstheseproblems.
Viewing theseprinciplesas de ning “bioinformaticsin the
large’, we sketchpragmaticapproachefor building systems
thatsupportlarge-scaldioinformatics.

Intr oduction

Bioinformatics can learn from other elds that have al-
ready confrontedthe challengesof large-scaleintegration.
For example, software engineeringlessonslearned from
building massve, industrial-strengtisoftwaresystemsanbe
usefulin bioinformatics. In their seminal1976 paper‘Pro-
grammingln the Large VersusProgrammingn the Small”,
DeRemerand Kron distinguishedbetweentwo scalesof
software development[1]. In-the-smallissuesgenerallylie
within the comprehensionf onepersonandthe jurisdiction
of asinglecraft. Hereresideproblemsregardingalgorithms,
speci ¢ mathematicaimodels,andexpertiseof anindividual
scientist.In-the-lameissuedocuson dependenciethatspan
componentboundariesand crossjurisdictions. Herereside
problemsof maintainingconnectionsamongdifferent data
anddisciplines,modelinghow toolsinteractandchangeand
answeringcomplex queriesacrossall thedata.

Bioinformaticsalsohasmuchto learnmuchfrom database
engineeringwhosefocus, from its inception, hasbeenin-
the-lage. This differencein focusis a key aspectof the
well-known mismatchbetweenthe capabilitiesof existing
databassystemsandtheneedf bioinformatics.We believe
thatanin-the-lageperspectie,adaptingarge-scalelatabase
engineeringorinciplesto t bioinformatics,canhelpresohe
this mismatch.

For mary disciplines the distinctionbetweerin-the-small



andin-the-lageis critical. How doesthis distinctionapplyto
bioinformatics?Most researchn the eld todayfocuseson
analysis,reducingindividual problemsto manageablgro-
portionswith specializedools. Examplesinclude powerful
algorithmsfor genomeassemblyclusteringof microarrayex-
pressiondata, predictionof three-dimensionaprotein fold-
ing, andtoolsfor sequencéomologysearchandalignment.
In eachcasethetoolsarespecialized— producingaspeci ¢
datatransformatiorfor a particulartype of data(say map-
ping aninput proteinsequencéo an outputfold prediction).
In short,mostwork todayis in-the-small(we emphasiz¢hat
thetermis descriptve, not pejorative) — asanalysiss acore
activity of bioinformatics.

However, therearemary signsthatin-the-lageconsidera-
tionsmay prove importantin bioinformatics:

Theenormoudliversityandcomplexity of bioinformat-
ics data. No one personcanunderstandll of the data
types,muchlesslook atall of thedata.

The needfor strong dataintegration. Although it is
temptingto treatthesadiversedatatypesseparatelythey
arestronglyinterrelatecandwill needto beintegrated.

The needfor automation.Eachyearthereis tentimes
more datathan the previous year, and ary processon
this datathatis notautomatedvill fail to scale.

Thegrowing importanceof thesechallengess demonstrated

in-the-laige perspectie invaluable. GeneMing[2] is anin-
teractive environmentfor biological sequenceanalysisthat
supportdully automatedunctionalandfeaturediscovery on
DNA andproteinsequencéata,including: (1) functionaland
structuralfeatures,including functional motifs, secondary
structure predictedfold, domains,etc.; (2) homologyfami-
lies,analyzedandcross-alidatecby family * nger-printing’;
(3) expressiorpatternsindicatingtissue cellular, or disease-
speci c expressionevels,workingwith datafrom thedbEST
TIGR, andIncyte LifeSeqdatabaseq4) disease/association
data, including geneticmapping, polymorphism,and other
diseaseassociatiordata.

The GeneMinedisplay shavn in Figure 1, includesa
structue windowat upperleft (for three-dimensionadtomic
structureand molecularmodeling), functional annotations
(function featuresassociatedvith speci c residue(s)of se-
guences),and the information window at upper right (for
drill-down, browsing,anduserhypertext documentgontain-
ing embeddedviews of the three previous kinds of data).
Theseviews areinterdependentany actionin oneis re ected
in all, permittingusersto perceve andexplore dependencies
amongdifferentforms of information. This linking of dif-
ferentmodelsis by itself extremelypowerful. It emphasizes
similaritiesanddifferencepetweemmodels andit createsan
“aggreyate'modelfrom individual ones.

GeneMinerelieson numerousn-the-smallanalytictools.
Their characteristposedsereral challengedor its design:

by muchongoingwork in the eld. Cantheseproblemsbe 145t Toolsare Highly Specialized. A de ning character

solved by corventionalin-the-smalltools and approaches?

We think this shift is not merelya matterof degree(thatis,
“we just needmoretools”) but a qualitative changein the
scopeof toolsandarchitectureequired.

2 In-the-Lar geChallenges

Our experiencesin the “hard knocks school' of bioinfor-
maticsdataintegrationillustrate why it is dif cult to solve

theseproblemswith the typical in-the-smallmethodologies.

Herewe discusstwo casestudies:GeneMing aninteractive
data-miningtool for biologiststo analyzegeneand protein
structure-function2]; and our single nucleotidepolymor
phism(SNP)discoverysysteni3], which hasproducedabout
aquarterof thetotal codingregion SNPscurrentlyknown in
thehumangenome.

2.1 GeneFunction Analysis

istic of in-the-smalltools is that they answerone particular
query usuallyfor a speci ¢ datatype or pair of relateddata
types. For example,BLAST nds relationshipswithin the
singledatatype “sequencé Findingarelationshipbetweera
differentpair of datatypes and usuallyrequirescraftinga
new tool for justthatpair— evenif othertoolsalreadyrelate
and to otherknown datatypes.Typically, eachnew query
requiresanew program(or script)to bewritten.

Browsing is Not Querying. Evenwhen substantiakeffort

is appliedto provide anintegratedinterfaceto multiple types
of data,in-the-smallmethodologiedeave userswith limited

guery capabilities. By itself, in-the-smalltool development
doesnot confergeneralqueryor data-miningcapability but

merelythe ability to browse Indeed,a prevailing modelfor

this style of integrationis simply a setof linkedwebpagesn

which eachdatatype getsits own webpagewith links to web

pagedor otherdatatypesin bioinformatics.

At rst glance,in-the-lage methodologiesrenot necessary Expertiseis Key. A knowledgeableusercanfollow these

for “small' projectssuchasa single biologist analyzingthe
function of one geneusing bioinformaticstools. However,
in our developmentof GeneMinefor this task,we found an

links to browsethenetwork of relationshipsAt eachstepthe
userneedsexpertiseto understanchow to usethat speci c
tool, how to interpretits results,andwhat othertools ought



Figurel: GeneMineDisplay (rhinovirus lacrystalstructure2HWE [PDB])

to be applied. In generalthe knowledgefor effective useof
anetwork of in-the-smalltoolsresidesentirely with the user.
In the absencef anin-the-lage frameavork capturing“how
to usethis tool” as metadatapnly userscandeterminethe
compositionof in-the-smalltoolsneededo solve a problem.

Most Experts are Inexpert at Most Things. Expertiseis
narrav by its very nature.Generally researcherarenot ex-
pert aboutmost of the mary datatypesin bioinformatics.
Evenif we assumeuniversalexpertise,peoplecan still be-
come “lost' when using most web pagesand tools (in the
sensethatthey don't understanda speci ¢ in-the-smalltool
adequately).Even worse,mostuserswould not necessarily
know that a given tool (solving a particular problem) ex-
ists. In the absencef anin-the-lage framavork for which
the constructionof suchtool chainsis automatedindividual
usersmustpainstakinglycomposehesechainsby hand— a
time-intensve anderrorproneprocess.

In-the-Small Toolsalonearean Incomplete Query Model.
Becausan-the-smalltools are specializedansweringa new
qgueryusuallyrequireswriting a new specializedscript. This
raisesageneraproblem:with in-the-smalldevelopmentary
queryrelatingpair of distinctdatatypes and corresponds
to a singlescript. If thereare datatypes,thenall queries

relatingpairsamongthemcanrequire scripts.If only

afew staticqueriesarerequired thisis nota problem.How-

ever, in a dynamicresearchervironmentwherenewn queries
areconstantlyposedthis becomes barrierto discovery.

2.2 SNPDiscovery Pipeline

Our systemfor detectingSNPscomprisesa large numberof
softwarecomponentgfrom mary sources)processingnary
datatypes,andalarge volumeof data(approximatelyt mil-
lion independenEST sequencesnd chromatograms). A
pipelinedevelopedfor this taskis depictedn Figure2. Over
the courseof work on this project(from 1998 on) we came
to appreciatehetechnicalchallenge®f large-scaleanalyses.
Looking backour problemsfell into threecategories:

Pipelinesare Powerful, but an Incomplete Query Model.

Thepipeline— andmoregenerallythe concepof knowledg

ow discussedelor — is an extremelyuseful constructin

datamining. As Figure2 suggestsit 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

themseles cannotexpressmary usefulqueriesthat require
moregenerahetworksof o ws.
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Figure2: Dependencieis aMakefile
sufx rulesde ning dependencieamongles

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 rapidschemavolution mightbeconsideredinaccept-
ablein a typical software developmentor databaseroject,
it is the normin discovery science. In this contet it is es-
sentialto maintaindependenciedoth amongdifferentdata
types,andover time in individual datatypes. For example,
the sameSNP might be identi ed in independentuns on
differentdates,andit is importantto keepa stablelD for it
throughouttheseruns, evenif its relationshipto mary other
datatypeschangesdramatically(e.g., being switchedfrom
onegeneclusterto anotherby a betterclusteringalgorithm).

In-the-Small Development NeglectsDependencies. Our
initial in-the-smallmethodologiegsuchas keepingdataas
at les within the le systemandwriting monolithic pro-

cessingscriptsto run the long seriesfor the analysis)ex-

acteda high cost,in termsof datamanagementomplexity,

processingerrors,constantrewriting of scriptseven for mi-

nor changego the pipeline, and confusionover potentially
inconsistenttombinationsof variousversionof data,tools,
andscripts. Fundamentallyin-the-smalltoolswork bestin a
staticcontext, because¢hey lackamodelof how toolsevolve,

how they interact,andhow they canbe combinedin a gen-
eralandautomaticmanner The critical importanceof these
considerationsyhich arecommonin bioinformatics,forced
usto adoptanin-the-lagemethodology

3 Bioinformatics In-the-Lar geas
Managing KnowledgeMaps

Whereasin-the-smalltools consumeuserdata, in-the-lage
toolsconsumenetadatgdatadescribinguserdata).

To addresghe mary challengegust raised,it canhelpto
adoptanin-the-lage perspectie. If we characterizen-the-
smalldevelopmentasmakingroadsrelatingonedatatypeto

for the SNPdiscoverypipeline,shaving le typesufx es,andthetype-coercion-lile

anotherin-the-lagedevelopmenis makingroadmaps
More speci cally, if in-the-smallroadsaretools, thenin-
the-lage roadmapspecify dependencieamongtools, such
astherequirementandassumptiongoverningtheir compo-
sition. Much ascomple navigation requiresroadmapsin-
the-lagebioinformaticsrequiresknowled@ maps

Roughly by a knowledge map we meana repositoryof
metadatapr model, describingtypesof knowledge,knowl-
edge o ws,anddependencieamongthese By a knowledge
0 w we meana tool or servicethatimplementssomemap-
ping amongtypes. Dependencieinclude derivation rules
— specifyinghow to derive one o w or type from others,
andhow to propagatechangesn one o w or typeto others.
In databas¢erms,dependenciesan correspondo integrity
constraintstriggers,indexes,or views.

3.1 KnowledgeMaps Admit Automation

Bioinformaticsin-the-lage requiresautomation. Eachyear
thereis tentimesmore datathanthe previousyear andary
procesf understandinghis datathatis not automateaill
fail to scale.

Knowledgemapsareimportantfor succesin-the-lagebe-
causehey admitmultiple formsof automation.

First,informationcanbe automaticallyderivedfrom indi-
vidual knowledge map elements. For example,ratherthan
male explicit the transformationsieededo intercon-
nect datatypes,it canbe sufcient to provide only
transformationsa knowledgemapthat ‘understandsthein-
dividual datatypesandthe tools interrelatingthem can au-
tomaticallyderive a sequencef transformationga chainof
dependencies) suchasequencexists.

Second,much of the value of dataintegrationhingeson
helpinguseramove beyondthe boundsof their individual ex-
pertise. Requiringthat the knowledgeto usea network of
toolsrestswith the userdrasticallylimits how the tools will
beusedandary singleusers ability to focusonthescience.



Third, automatingintegrity enforcemenpermitsusersto
managedependenciegorrectly and efciently, and frees
themfrom detail. They canthen elevate their concerns—
from the computationakquivalentof bookkeepingto scien-
tic exploration,andfrom scienti ¢ methodto science.

3.2 KnowlegeMaps Embody well-known
Lar ge-ScaleSystemsDesignPrinciples

The knowledgemapis a consequencef well-known lar ge-
scale systemsdesign principles, speci cally two general
principlesfor scalability:

scalabledesign separatanetadatdrom data(de ning
a knowledgemap)in a way that provides abstraction,
encapsulatiorandde nition of dependencies.

scalableopemation: usemetadatao provide automated
compilationandoptimizationof queriegandautomated
derivation of dependencies§)calablehigh-performance
execution using independentnd pipeline parallelism,
andenforcemenbf dependencies.

Theseprinciples characterizean “in-the-lamge perspective:
They areembodiedn large-scalesoftwareengineeringnod-
els suchasthe UML [34], and more generallyin con gu-
ration manggementsystemg7]. They arealsoembodiedn
moderndatabaseystems.

3.3 KnowledgeMapsin make

Metadatacanencodeeffective modelsof dependenciehowv

3.4 KnowledgeMapsin GeneMine

Biologists are accustomedo thinking in terms of diverse
“types' of genomicinformation(chromosomegene mRNA,
protein,andthelike).

In GeneMinghesetypesaremodeledn a knowledgemap
calledthecatalog. Thecatalogis a graphdatabasen which
eachdatatype is a node, relationshipsare edges,and pre-
diction tools or searchalgorithmsareindexesthat construct
graphsdynamicallyasthe userexploresa givenregion of the
graph. GeneMinerequiredconstructionof a mappingsys-
temto explicitly represenandusetheroadmayof all existing
‘roads'anddatatypes(i.e., edgesandnodesof thegraph).

Oneof thekey designgoalsin GeneMinavasto changehe
data-miningnodelfrom expertqueryto informationpush In
thestandardvebmodel,abiologistcananswera givenques-
tiononly if heknows of theright tool, andhastheexpertiseto
accessuse,andinterpretit correctly By contrastGeneMine
automaticallyrunsall toolsthatareboundin the knowledge
mapto the users currentdatatype(s), lters the resultsfor
signi cance, and presentgshemin a uni ed data-miningin-
terfaceof aggreyations pivots,anddrill-downs.

Information pushleadsthe userto new connectionsn a
framawvork designedio make travel throughthe knowledge
map more effortlessand instantaneougwith resultswithin
seconds).As a direct bene t of this automation the focus
of a users effort switchesfrom the mechanicof tool selec-
tion, composition,and invocationto interpretingthe mary
resultsthat GeneMinedeterminesautomaticallyand to the
explorationof suggestie interconnectionf?].

userdataandsoftwaretoolsinteract.andevenconsequences3 5 KnowledgeMaps in SNP Discovery

of their evolution.

TheUnix tool make is anextremelypopulartool for man-
agingdependencieamong le types.It automaticallygener
atesthe sequenc®f stepsneededo constructa desiredtar
get. Whereasachstepis a scriptimplementinga road, the
Makefile is aroadmapfrom which traversalscanbe de-
rived. Thesufx rulesof make alsoallow oneto de ne le
typesandgeneraltulesfor managingnstance®f theseypes,
anextremelypowerful facility.

DeRemerndKron [1] emphasizetheimportanceof what
they called moduleinterconnectionlanguages for moving
from in-the-smallsoftware developmentto in-the-laige soft-
wareengineeringViewing thesdanguagessmetadatathey
providedakind of knowledgemap.

DeRemerand Kron's work just precededthe adwent of
make, however — and in our opinion make hasbeena
morepowerful technologythantheir moduleinterconnection
languagedor progressowardssoftware engineeringn-the-
large. We seemake asa compellingprototypeof systemdgor
managingknowledge maps,and a technologyfor bioinfor-
maticsin-the-laige. We discusamake in moredetailbelow.

Figure 2 illustrates how our SNP discovery processwas
developedto exploit dependeng managementvith make.
More generally modelingchangewas essentiafor manag-
ing thedynamiccharacteof the processandit hasrendered
our complex SNP calculation e xible, reliable, and easyto
manageand modify. This hasbeenanindispensabléey to
our ability to produce,at muchlower cost, aslarge a con-
tribution to codingregion SNPdiscovery asthe othermajor
SNPdiscorvery efforts (the HumanGenomeProject,andthe
independenBNP Consortium).

4 Management of Knowledge Maps
with make

A concretestartingpoint andinspirationfor bioinformatics
in-the-lage is the popularUnix tool make [5, 6]. An es-
sentialfor the distribution and constructionof software ap-
plicationsandsystemsothlargeandsmall, mary seeit (har
rowly) asatool for constructingsxecutablebinaries.make is



asurprisinglygoodsketchof a systemfor managingknowl-
edgemaps.It providesthreein-the-lagefeatures:

Explicit de nitions of typesanddependencie@eriva-
tion rules)

Dependeng abstraction(through enscapsulatiorand
sufx rules)

Monotonicintegrity enforcemenfassuminghereareno
cyclesamongthedependencies).

Figure2 shavs the sufx rulesof a Makefile  usedto im-
plementthe SNPdiscovery pipelinediscusseaarlier

4.1 Make les asKnowledgeMaps

Abstractly make rulesaredependenciesf theform
wheretarget isadenotatiorfor theinformationproductthat
make will derive, is an enumeratiorof the
antecedentsn which  is dependentand is a sequence
of commanddhatmake will executeto derive . Executing
‘make ' enforcesversionmonotonicity": rst, if any of the
antecedents donotyetexist, it is recursvely made;then,if
atleastoneantecedenis morerecentthan , is made(by
executingcommands ).

Sufx rulesareanimportantfeatureof make that specify
dependencieamongtypes. Following the conventionthat
lename sufx esde ne the “type' of informationin a le, a
sufx rule generallyhasthe form .d.t: , indicatingthat
ary le .t canbederivedfrom le .d by executingcom-
mands . Figure2 re ects anumberof theserules.

While the precisedetailsof make are not thatimportant
here,someessentialsireworth noting:

Typesanddependengrulesaregivenexplicitly.
Sufx rulesde ne knowledge o ws amongtypes.

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

4.2 Monotonic Integrity Enforcement

Monotonicity is an importantpropertywheneer dependen-
ciesareconstraintghatareenforcedby executingcommands.
Monotonicity guaranteeincrementaprogressin which en-
forcingdependenciesanonly make things better' (presere
an integrity orderingregardingdependencies)Monotonic-
ity is a key conceptin databasesystems,in the forms of
bothtransactiormanagemerdndintegrity enforcementlt is
a vital in-the-lage propertythat permitslocal changeswith
reasonableassurancethat the effects of suchchangesare
bounded. With make, monotonicitynormally requiresthe

dependengrulesto be agyclic [5], andit imposesa version-
ing disciplineunderwhich enforcinga dependengcanonly
male les moreup-to-datd8].

We believe that scienti ¢ datamining restson chainsof
derivation from which ad-hocbranchesnay be easily con-
structed,amendedand maintained. The incrementaldisci-
pline of developmentwith make lendsitself to this style of
exploration, and it mesheswell with acceptedoracticesin
sourcecodemanagemendndrevision control[27, 28]. This
disciplineencouragessergo shareMakefile sthatcodify
commonor usefullaboratorypracticesandanalysesthereby
improving productiity andreducingopportunitiesfor error.
Explicit combinationof con guration managemerandver-
sioncontrolhave beendevelopedrecently[7, 8].

4.3 make asa Query Language

Makefile scanbeusedo de ne ‘queries'.Themake rules
and .d.t: de ne differentkinds of 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-lage querylanguage'.
Today'sdatabaseystemslonotyetsupporgeneralquery
con guration management; but managinghe compleity of
bioinformaticsrequiressomethinglike it: keepingtrack of
diversedatasourcesandrepresentationghainsof derivation,
andwebsof dependenciesyhile at the sametime enforcing
requirement®n dataintegrity, consisteng, andquality.

5 Impr oving on make for

Managing KnowledgeMaps

As justillustrated,make hasmary capabilitiesthat make it
valuablefor bioinformatics andit neatlycaptureglifferences
betweenbioinformaticsin-the-lage and bioinformaticsin-
the-small. However, it was never intendedasinfrastructure
for bioinformatics,andthereare a numberof ways to im-
prove on make for managingknowledgemaps.

5.1 Managing Scienti ¢ Dependencies

Bioinformatics, like all scienceshasits own culture of in-
tegrity andrigor, andits own corventionsfor managingin-
formationdependenciesmake's usefulversionmonotonic-
ity propertycan be generalizedo capturethesenotions of
dependencieandintegrity.

Reproducibilityof results,for example,is a foundationof
scienti ¢ integrity. While large-scalecomputatiorhasmade
it possibleto obtainnew results,it alsohasmadeit impos-
sibleto reproducesomeof these— speci cally thosewhose



provenancevasnot formally recorded.Trackingthis prove-
nanceis dif cult — asaresultof the samecompleity raised
earlier— adataproductmaybetheendresultof along chain
of derivation,whichin turn mayrely on numeroustherdata
sourceshaving their own history andlineage.Worse,a bliz-
zardof toolsandscriptsmay be invokedalongtheway. Re-
producinga dataproductcanrequirereproducinga complec
ecologyof datasourcestools,operatingsystemsandhosts.

Maintaining explicit dependeng relationswould address
this problem,and make's dependenciegive a steptoward
this. Whenmanagedvith modernsourcecoderevisiontools
suchasCVS|[27] or Subversion[28], aMakefile canbean
archival recordof derivation of aninformationproduct. We
cananticipatethe developmentof ancillary tools, for exam-
ple,to describehedifferencesn the provenanceof multiple
versionsof the sameinformationproduct— muchassource
coderevision systemsansummarizethe differencesamong
versionsof sourceles for asoftwareproduct.

Similarly, just as applicationdevelopersrequest the lat-
est stable version' of a software system,or “the most re-
cent experimentalbranchthat passedhe regressiontests’,
researchersould, with appropriateool support,demandan
analysisthat ‘relies on the mostreliable data' or a derived
productwhich incorporatesthe latestmicroarrayrun. In
short, once madeexplicit, provenancecould be examined,
manipulatedandparameterized.

5.2 Implementing KnowledgeMaps with

Extensible Con guration Management

Today thereare mary con guration managementools and
integrateddevelopmenervironmentghatimprove on make.
While powerful, make hasa numberof limitations. For
example,in developingthe SNP pipeline, the limitation of
single-input,single-outputsufx ruleswasa problem,since
the nal SNP scoresdependon multiple inputs (Figure 2).
Eachdescendantf make addressespeci c limitations.

For applicabilityof acon gurationmanagemergystemn
bioinformatics,extensibility seemsvital. Several efforts to
improve on make areintegratedwith a programmingervi-
ronment,suchasCook [11] andSCons [10]. A promising
approachs to adopta scripting languageasthe foundation
for this combination.CandidatesncludePerl andPython

For managingknowledge maps, programmingerviron-
mentsare easily augmentedvith supportfor graphs. Pow-
erful graphprogrammingframeavorks suchGVF [24], GTL
[29], GFC[30], andLEDA [31] illustrate how graphcapa-
bilities canbe addedeasilyto an existing language. These
capabilitiesare adequatdor implementingbasicoperations
on knowledgemapssuchasderiving pathsbetweertypes,or
searchindor typeswith certainproperties.

Scriptinglanguagesanalsoprovide supportfor queriesin
away thatis consistentwith the notion of knowledge o w.
A coarse-grainlarge-scalequerylanguagdik e make anda
medium-grairtraversalmechanisnfor graphscanblendwith

ner-grain query and transformationprimitives like those
provided by Kleisli [14] and Python[15]. At this scale
compehensiong13] area popularquery construct,provid-
ing “setnotation'-like syntax. The Pythoncomprehension
[ gx) for x in Cif p(x) ] yieldsthecollection
of valuesg(x) obtainedfrom x in collection C that sat-
isfy the predicatep(x) , for example. In particular Python
implementseagerlist comprehensionandlazy list compre-
hensiongasgenerator$18]). Like containersthe latterare
ows. Pythonalsoimplementsfunctional notionssuchas
lambdaexpressionsclosures andthe commonhigherorder
functionsthatarethe basisfor powerful declaratve database
querylanguage$12, 13, 14].

Pythonalsohasotherbene ts, suchascleansyntax,sim-
plicity, objectsemanticseaseof useand installation,com-
munity supportandextensibility [16].) Encapsulatioiis also
animportantmechanisnfor large-scalesystems.As make
shaws, derivations can be encapsulatedn multiple ways.
First, the graphof dependencieanddetailsof construction
canbehiddenin rules.Secondintermediatestateobtainedn
the procesf thesederivationscanalsobe hidden. This ap-
proachis naturallyextendedoy objectorientedprogramming,
which againis availablein environmentdik e Python

5.3 Implementing KnowledgeMaps with

Graph Warehouses

Bioinformaticsin-the-laige requirescomplex datamanage-
ment for which existing relational databasesystemshave
provento beinadequateTheapparenmismatchbetweerthe
needsof bioinformaticsand capabilitiesof existing systems
is afundamentabbstacleto progressn the eld.
Therearemary databasearchitectureshathave beenpro-
posedfor bioinformatics. Speci c amongtheseare graph
databases Having an in-the-laige perspectie is very use-
ful, sinceit underscoreshat an extensionof existing graph
databasess neededor scalability We sketchone possible
extensionof graphdatabasesgalled graph warehousesin
which scalingconcernscan be addressedlirectly while re-
mainingconsistentvith the notionof knowledge o w.

5.3.1 KnowledgeMaps asGraph Databases

Theideaof usinggraphdatabase$or bioinformaticq19, 20]
is appealinggiventheir intuitive notation, e xibility, consis-
teng with the navigation demandsof biological databases,
and ability to rigorously model weakly-structurednforma-
tion. It appeargshat graphscan supportbioinformaticsin
waysthata classicrelationaldatabaseannot.



Researchon graph databasesystems ourished in the
early- and mid-1990s,much of it emphasizingvisual inter-
facesand pattern-orientedjuerylanguages Signi cant sys-
temsincludedGOOD[22], GraphDB[21], GRAS[25], Hy+
[26], andHyperlog[23].

Graph databasedike these permit implementation of
knowledgemapslik e the GeneMinecatalog.In addition,for
complex knowledge mapsthey can offer bene ts over the
graphprogrammingframeworks just mentioned(GVF [24],
GTL [29], etc.)— atthe costof sacri cing someexpressve-
nessand e xibility .

5.3.2 Graph Databasedr om an in-the-lar ge Perspective

A naturalquestionis whethergraphdatabasesan provide
a completeinformationmanagemengolutionfor large-scale
bioinformatics. An in-the-laige perspectie is very usefulin
identifying limitations of existing graphdatabaseasa solu-
tion, andin underscoringssueghata solutionmustaddress:

For bioinformatics, there are often major differences
betweenthe conceptualrepresentation®f information
(conceptuabraphs)andthe physicalrepresentation®f

information(actualgraphdatastructures) For example,
biologicalsequencanformationcanbevoluminous and
unoptimizedrepresentationsanpreventef cient opera-
tion. Abstractionmechanismsupportsuchdifferences.

Thereseemsan inherenttensionbetweenthe strength
of graphsfor capturingall kinds of information,andthe
weaknes®f graphsfor hiding information. The lack of

abstractionof at graphmodels(suchas GOOD [22])

rendersthem of limited value in-the-lage. Ideally, a
graphdatabasehouldadmit hierarchical graph struc-
tures where nodesthemseles contain graphs. Some
encapsulatiormechanismsappearso be essentialfor

bioinformaticsin-the-lage.

Graphdatabasesystemsintroducelimits to extensibil-
ity. The universeof tools and online resourcess ex-
pandingrapidlyandstraightforward(programmableac-
cesdo thegraphss essentiallUnfortunatelythesetools
andresourcesre often bettermodeledas” o ws' than
asgraphs.In addition,writing graphalgorithmsis error
prone,and mary graphalgorithmsaredif cult to opti-
mize.

Designsfor graphquerylanguagequickly face strong
con icts betweerexpressienessandef ciency. A gen-
eral graphquery databasenodelis likely to have ter

rible performance.Many graphsearchproblemsscale
badly and have poor worst-caseperformance. In fact,
evenvisual queryinterfacesscalebadly: nding good
layoutsfor displayinggraphsbecomesomputationally
intractablewhenthe graphshecomdarge[24].

5.3.3 Graph Warehouses

In order to supportdata mining and large-scaleinforma-
tion managementor bioinformatics,aswell asmanagethe
knowledgemap,we cancombinethe approacheabove with
a datawarehousearchitectureto give a graph warehouse
Again, anin-the-lage perspectie emphasizingcalabilityis
helpful,andit suggestshefollowing principles:

Representgraphs as ows. For large-scalecomputations,
it is advantageougo treat graphsas containes, using the
containerr collectionclassesvailablein modernlanguages
suchasC++, Java, or Python This representatiohasbeen
usedsuccessfullyin large-scalegraphprogrammingframe-
works [24, 29, 30, 31]. The containerAPI is comfortably
closeto for-loops,designedo provide sequentiabccesdo a
streamof objects.In this way containersmplement o ws.

Containerslsoprovide acorvenientabstractiorfor index-
ing. Index structuresare powerful and compactrepresenta-
tionsfor graphsandthisis importantfor bioinformatics.For
examplesequenceare often implementedwith sufx trees,
andcanalsobeimplementedasorderedcollectionsof inter-
vals. Furthermoresequencesanthenbe conceptualizecs
graphs but actuallyaccessedsingindex structures— such
asindexesthat provide ef cient implementationof interval
predicatesHow to bestrepresent graphasanindex is not
always clear multiple representationsay be needed,and
therepresentatiomayneedto changeovertimeto bettersuit
evolving queries. Neverthelessisingindexesin this way is
corvenientandagainnaturally ts themodelof o w.

As ows, containerscan easily implement intensions
(views), ratherthanjust extensiongcollectionsof data). This
ideahasbeendevelopedfor containersn the VTL [32] and
Views [33] extensionsof STL. With genomicsequencedpr
example,intensionscan provide abstractionand encapsula-
tion, aswell asperformance-impraing capabilitiesranging
from datacompressiono proxy-like middlevarewrapping.

Finally, treatinggraphsas o ws (containersindexes)pro-
videsasolid foundationfor querymechanismsThe iterator'
(loop index, or cursor)usedto enumerateghe elementsof a
containercantakeson a new role for graphcontainersasa
traverser. Furthermorethe traversercansere asa form of
control structure(programlogic) for a mappingor algorithm
to be appliedto a graph— the graphanalogueof the well
known higherorderfunctionalmap.

Exploit knowledge maps for optimization. Knowledge
mapscan be usedto eliminatesearchin querieswherethe
type of the desiredresultis known — andgraphnavigation
canreduceto asequencef index (graphcontainer)ookups.
Evenwhenthetype of theresultis unknavn, the knowledge
map can be usedto identify relevant types, more complec
searctproblemscanbesimpli ed in acomparablenanner



The knowledgemap can also record other propertiesre-
gardingdependenciesr graph structurethat are useful in
processingjueries.Graphstructureén genomicglatais often
limited, rangingfrom trivial structuregsequencesp some-
whatmorecomplex (DAGs). Thesepropertiesanbedirectly
exploited in large-scalegraphwarehouseapplications. The
dataaresufciently complec to requirea generakrepresenta-
tion but simpleenoughto be handledef ciently .

Support pipelinesand parallelism. Giventhe storageef-
ciencies mentionedabove anda ‘readmostly' userbeha-
ior, mary graphquery pipelinescan be processecdentirely
in memory Commoditymotherboardshat supportmultiple
gigabytesof memoryare inexpensve and widely available.
For example,the estimatedhreebillion basedn the human
genomecanbe encodedn lessthana gigabyteof memory
Othergenome®f interestareten-to athousand-foldsmaller

Although therewill always be problemsthat go beyond
what canbe donein memory mary “large' graphproblems
do not. Furthermore graphsearchesre often embarrass-
ingly parallel. It is no secrethatbioinformaticsis amenable
to clustercomputing,andalthoughgraphalgorithmsarenot
usually thoughtof as parallelizable,genomicgraphqueries
canhave atundantparallelism.

6 Conclusions

We have arguedthe signi cance of a fundamentalshift in
bioinformaticsfrom in-the-smallto in-the-laige. Adoptinga
large-scalgperspeciie is away to managehe compleity of
tools anddataformatsthat burdensmary bioinformaticsre-
searchertoday automatingaway concernghatdistractfrom
doingscience.

Wherebioinformaticsin-the-smallis aboutdataandtools,
bioinformaticsin-the-lageis aboutmetadataanddependen-
cies. Dependenciesepresenthe compleities of large-scale
integration,includingtherequirementsindassumptiongov-
erningthe compositionof tools. The make utility illustrates
theeffectivenes®f managinglependencids thisway, andit
encouragesiewing bioinformaticsin-the-lage asa process
of managingknowledg@ maps meta-databasdahatdescribe
types, o ws, anddependenciesf interest.

Many of the lessonsin this paperare instancesof well-
known large-scalesystemaesignprinciplesfor scalability.

scalabledesign separatanetadatdrom data(de ning
a knowledgemap)in a way that provides abstraction,
encapsulatiorandde nition of dependencies.

scalableopemation: usemetadatao provide automated
compilationandoptimizationof queriegandautomated
derivation of dependencies§)calablehigh-performance

executionusing independentind pipeline parallelism,
andenforcemenbf dependencies.

These principles have been at the very heart of large-
scalesoftware engineeringmodels(suchasthe UML [34])
and con guration managemensystemsaswell as modern
databassystems.In the sameway, the principlesareat the
heartof the knowledgemapsdevelopedhere,andgenerally
characterizenin-the-lageperspectie'.

An in-the-lage perspectie hasbeenusefulto usin large-
scalebioinformaticsprojects. Two casestudiesillustrated
this: GeneMineaninteractive data-miningool for biologists
to analyzegeneand protein structure-functiori2], andour
singlenucleotidepolymorphism(SNP)discovery systen{3],
whichhasproducedabouta quarterof thetotal codingregion
SNPs. Both efforts bene ted from explicitly de ning and
managingknowledge maps, and following large-scalesys-
temsdesignprinciples. Theseprinciplesalso give insights
aboutproposedarchitecturegor informationmanagemenn
bioinformaticssuchasgraphdatabasesandaboutthegraph
warehouseslescribedere.

If the lessonsof software engineeringand databasesys-
temsengineeringare ary guide, the shift from in-the-small
to in-the-lage will be of majorimportancein the evolution
of bioinformatics. An in-the-lage perspectie will be a key
adwantagen the next phaseof bioinformaticsdevelopment.
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