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Microarraytechnologiesyhich canmeasurdensof thousand®f geneexpressiorvaluessimultane-
ously in a single experiment,have becomea commonresearchmethodfor biomedicalresearchers.
Computationatoolsto analyzemicroarraydatafor biologicaldiscarery areneeded|n this paperwe
investigatehefeasibility of usingFormalConceptAnalysis(FCA) asatool for microarraydataanaly-
sis. Themethodof FCA builds a (concept)attice from the experimentaldatatogethemwith additional
biologicalinformation. For microarraydata,eachvertex of thelattice correspondso a subsebf genes
thataregroupedogetheraccordingo their expressionvaluesandsomebiologicalinformationrelated
to genefunction. The lattice structureof thesegenesetsmight re ect biological relationshipsn the
datasetSimilaritiesanddifferencesetweerexperimentanthenbeinvestigatedy comparingheir
correspondindatticesaccordingto variousgraphmeasuresWe apply our methodto microarraydata
derived from in uenza infectedmouseung tissueandhealthycontrols.Our preliminaryresultsshav
the promiseof our methodasatool for microarraydataanalysis.

1. Intr oduction

Microarraytechnologieswhich canmeasurdensof thousand®f geneexpressionvalues
simultaneouslyn asingleexperimentacrosdifferentconditionsandovertime, have been
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widely usedin biomedicalresearchThey have found mary applicationssuchasclassi -
cationof tumors,assigningunctionsto previously unannotategenesgroupinggenesnto
functionalpathwaysetc (see[16] for areview). A large collectionof databasés available
in the public domain(e.g. see[8, 15]). A wealthof methodg13, 5] hasbeenproposed
for analyzingthesedataset$o gainbiologicalinsights.A mainmethodfor analyzingthese
microarraydatais basedon clustering,which groupssetof genes,and/orgroupsof ex-
perimentalconditions,that exhibit similar expressiorpatterns.Theseincludesingleclus-
tering algorithms,suchas hierarchicalclustering,k-means,self-organizingmap (SOM)
algorithms(see[10] for areview andreferencesherein);andbiclusteringalgorithms(see
[12] andreferencesherein).However, the challengeto derive usefulknowledgefrom mi-
croarraydatastill remains.For example,see[3] for arecentbiclusteringalgorithmthatis
basedon non-smootmon-neative matrix factorization.In this paper we proposeanother
methodthatis basedon Formal ConceptAnalysis (FCA) [18, 6] asan alternatve to the
clusteringapproach.

Our Approach. Themethodof FCA builds a (concept)atticefrom the experimentadata
togetherwith additional biological information. Eachvertex of the lattice corresponds
to a subsetof genesthat are groupedtogetheraccordingto their expressionvaluesand
somebiological informationrelatedto genefunction. SeeSection2 for the background
of FCA. The lattice structureof thesegenesetsmight re ectbiological relationshipsin
the dataset.Similaritiesanddifferencesetweenexperimentscanthenbeinvestigatecoy
comparingtheir correspondindatticesaccordingto variousgraphmeasuresin the high
level descriptionpour methodconsistf thefollowing threemainsteps:

(1) Build abinaryrelation(cross-tablejor eachexperiment.The objectsof the binary
relationaregenesandtherearetwo typesof attributes:geneexpressiorattributes
and biological attributes. The geneexpressionattributes are obtainedby a dis-
cretizationprocedureon geneexpressiorvalues. The biological attributescanbe
ary biologicalpropertiegelatedto genefunction.

(2) Constructa Galois/conceplattice for eachexperiments binary relationusingthe
ef cient Galois/conceplatticealgorithmdescribedn [4].

(3) De ne adistancameasureandcomparethelattices.

Note that the biological attributesof genesareinvariant/constantor all experimentsand
they canbepreprocessedheability to integratetheseconstanbiologicalattributesis one
of the advantage®f our methodover clusteringmethods.This is becausehe constanin-
formationwill becanceledutin clusteringmethodsandthusdo notaddary contributions.

Related work of using FCA for microarray data mining. Using FCA for microarray
datacomparisorwasproposedn D. Pottersthesig14]. Basedontheframenork proposed
there,we morerigorouslydevelopeachstep.In particular we morecarefullydiscretizethe
geneexpressionvaluesto suit our purposesnamely closegeneexpressionvaluesshould
sharethe sameattribute; and distancemeasures also more rigorously de ned and bet-
ter resultsare obtained. Also, our conceptlattice constructionalgorithmis very ef cient



October9, 2006 10:36 Proceeding3rim Size:9.75inx 6.5in apbc163a

(within 1 second)while our datasetsweretoo largefor the programin[14] to handle.We
shouldalsomentionthatusing FCA or Conceptattice approacto mine microarraydata
werealsostudiedin [1, 2]. The goaltherewasto extractlocal patternsn the microarray
dataandno biologicalattributeswereemployed.

Outline. Thepaperis organizedasfollows. In Section2, we review somebackgroundand
notationon FCA. In Section3, we describeourmethodin details.In Sectiord, we describe
our dataandpresenbur preliminaryresultsapplyingour methodto the data.We conclude
with futurework in Section5.

2. Background on FCA

Formal ConceptAnalysis (FCA) [6] is a methodthat is basedon lattice theory for the
analysisof binary relationaldata. It wasintroducedby Rudolf Wille in 1980s. Sinceits
introduction,FCA hasfound mary applicationsn datamining, knowledgediscovery and
machindearningetc[18].

The input of FCA consistsof a triple (O;M ;1), called context, where O =
foi;0;:::;0,0 is asetof n elementscalledobjects M = f1;2;:::;mg is a setof
m elementscalledattributes andl O M isabinaryrelation. The context is often
representedly across-tableasshovnin Figurel. A setX O iscalledanobjectset and
aset] M is calledanattribute set Following the convention,we write an objectset
fa;c;eg asace andanattributesetf 1; 3; 4g as134.

Fori 2 M , denotetheadjaceng list of i by nbr(i) = fg2 O : (g;i) 2 | g. Similarly,
for g2 O, denotetheadjacenglistof gbynbr(g) = fi2 M : (g;i)2 1 g.

De nition 2.1. Thefunctionattr : 2° | 2™ mapsa setof objectsto their common
attributes:attr (X ) = \ g2x nbr(g), for X~ O. Thefunctionobj: 2" 1 29 mapsaset
of attributesto their commonobjects:obj(J) = \ j2ynbr(j),ford M.

It is easyto checkthat for X 0, X obj(attr(X)), andfor J M, J
attr (obj(J)).

De nition 2.2. An objectsetX O is closedif X = obj(attr(X)). An attribute set
J M isclosedif J = attr(obj(J)).

The compositionof obj andattr inducesa Galois connectionbetween2® and 2V .
Readersarereferredto [6] for propertiesof the Galoisconnection.

De nition 2.3. A pairC = (A;B), with A O andB M , is called a conceptif
A = obj(B) andB = attr(A).

For a conceptC = (A; B), by de nition, both A andB areclosed. The setof all
conceptof thecontet (O; M ;1) isdenotedby B(O; M ;1) orsimply B whenthecontext
is understood.
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Let (A1;B1) and(Az;B2) betwo conceptsn B. Obsene thatif A A», then
B, B;i. Weordertheconceptsn B by thefollowing relation

(A1;B1) (A2;B2) () A1 Az(andB, By):

It is notdif cult to seethattherelation isapartialorderonB. Infact,L =< B; > isa
completdattice andit is known asthe conceptor Galoislattice of thecontet (O; M ;1 ).
ForC;D 2 BwithC D,if forallE 2 B suchthatC E D impliesthatE = C
or E = D, thenC is calledthe successof(or lower neighboj of D, andD is calledthe
predecessofor upperneighboj of C . The diagramrepresentingn orderedset(where
only successors/predecessarsconnectedy edges)s calleda Hassediagram (or aline
diagram).SeeFigurel for anexampleof theline diagramof a Galoislattice.

Whenthebinaryrelationis representedsabipartitegraph(seeFigurel), eachconcept
correspondso a maximalbipartite clique (or maximalbiclique). Thereis alsoa one-one
correspondencbetweena closeditemset[17] studiedin datamining and a conceptin
FCA. The one-onecorrespondencef all theseterminologies— conceptin FCA, maxi-
mal bipartite cliquesin theoreticalcomputerscience and closeditemsetsin datamining
—wasknown, e.g. [17]. Thereis extensie work of the relatedproblemsin thesethree
corlymunitiessee[4] for relatedliterature. The currentfastestlgorithmgivenin [4] takes
o( 6126Xt(c)jcntr(a)j) polynomialdelay for eachconceptC, wherecnkr(a) is the re-
ducedadjaceng list of a. Readerarereferredto [4] for thedetails.

(abcd, 2)
| [1[2[3]4]
alx X 2 (abc,1) (bd,24)
b| x| x X
3
N EIE ¢ (ac,13)  (b.124)
d X X

(2, 1234)

Figurel. Left, acontet (O;M ;1) with O = fa;b;c;dgandM = f1;2;3;4g. Thecross indicates
a pair in therelation| . Middle, the bipartite graph correspondingo the contet. Right, the corresponding
Galois/conceplattice.

3. Methods
3.1. Building Binary Relations

In thissectionwe describehow to theconstructhecontet (O; M ;| ) for eachexperiment.
Herethe objectsetO consistsof a setof genes. Therearetwo typesof attributesin the

2Someauthorscalledthis asimmediatesuccessor
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attributesetM : biologicalattributesandgeneexpressiorattributes.Forageneg 2 O and
anattributea 2 M, (g;a) 2 | if g hastheattributea.

3.1.1. Biological Attributes

Any genefunction relatedpropertiescan be usedas biological attributes. For instance,
one canuse protein motif families as suchattributes: a genehasthe attribute if its cor
respondingproteinbelongsto the motif family. As an example,the proteinmotif family
oxidoreductaseganbe suchan attribute, and a genehasthis attribute if it is one of the
oxidoreductasesThereare mary other possiblebiological attributes,suchasfunctional
characteristicef agene,chromosomalocationof a gene known associatiomwith disease
statesetc.

3.1.2. Discretizationof GeneExpressionvalues

Thedataobtainedrom amicroarrayexperimentonsistof asetof genesandeachgenehas
ageneexpressiornvalue Thegeneexpressiorvaluesarecontinuougealnumbersin order
to represenmicroarraydatain a binary relation, it requiresto discretizethe continuous
geneexpressiorvaluesinto a nite setof valuesthatcorrespondo attributes. Intuitively,
we would like to discretizethe geneexpressiorvaluessuchthattwo closevaluessharethe
sameattribute. The straightforvard methodwill be dividing the geneexpressionvalues
accordingto large “gaps”. First, we sortall the expressiorvaluesin theincreasingorder
Letthe orderedvaluesbey; < y, < ::: < yn. Thenwe computethegaps i = Vi«

yi, fori = 1;:::;m 1. Theideathenis to divide the geneexpressionvaluesinto t
subintenalsaccordingo thelargestt 1 gaps.However, theempiricalresultsshavedthat
majoritiesof thesegeneexpressionvalueswerevery close.For example,if we partitioned
the valuesaccordingto the largest4 gaps,morethan75% of thesevalueswould belong
to onesubintenal. If we wereto recursvely partition this large subintenal, thenagain,a
large portion of the valuesconcentrate@n onebig subintenal. Instead after partitionthe
geneexpressionvaluesinto t subintenals,we partitionthe largestsubintenal into s even
subintenals.

Recallthat our ideais to discretizethe geneexpressionvaluessuchthat closegene
expressionvaluessharethe sameattribute (or a subinteral). However, our even parti-
tion might not achieve this goal, for example,two closegenesmight belongto the same
subintenal in oneexperimentbut belongto two consecutie subintenalsin anotherexper
iment. To overcomethis problem,insteadof assigninghe geneexpressiorvalueto only
onesubintenal, if thegeneexpressionvaluefrom oneof the subintenalsis within 50% of
the neighborsubintenal, we assignboth subintenalsto this geneexpressiorvalue.

We illustrate the discretizationprocedureby an examplein Figure2. In this gure,
t = 5ands = 4. Thatis, we rst partitionthegeneexpressiorvaluesinto ve subintenals

val (I 2 in this example)into four evensubintenals. Therearetotal of eightsubintenals:
[1;512,;12,51253 12,513 14515, and eachsubintenal in the ordercorrespondso onegene
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expressionattribute a;, for i = 1 to 8. The geneexpressionvaluethatfallsin the subin-
tenalsly (I3;14; 15 respectiely) is assignedo its correspondingttribute a; (ag; az; as

respectiely). The geneexpressiorvaluethatfallsin |, is assignedo oneor two consec-
utive attributesdependingheregionit falls. If it fallsin the subintenalsJ; +1 (theregion
overlappingwith 50% of two neighboringsubintenals) as shovn in Figure 2, thenit is

assignedo two attributesa; anda; .1 . For example,if a geneexpressionvaluefallsin the
subintenal J,3 thenit getsbothattributesa, andas.

| I | I
1 | }2 | 3 4 Ig
2] & & & 23 % & ]
b3 iy ds
Figure 2. Discretizationexample. We partition the sorted gene expressionvaluesinto ®ve subinterals,
11;12;:::; 15 accordingto thefour largestgaps.We further partitionthelargestsubinteral (I 2 in this example)

into four even subinterals. Therearetotal of eightdisjoint subinterals andeachsubinteral correspondso one
geneexpressiorattribute a; . Thegeneexpressiorvaluethatfallsin thesubinteralsl 1 (13;14; | 5 respectiely) is
assignedo its correspondingrttribute a1 (as; az; ag respectiely). The geneexpressiorvaluethatfallsin |7 is
assignedo oneor two consecutie attributesdependingon theregionit falls. If it fallsin thesubinterals Jji +1 ,
thenit is assignedo two attributesa; andaj+; ,fori = 2;3; 4.

3.2. ConceptlLatticesConstruction

Oncewe have the binaryrelations we thenbuild a conceptatticefor eachbinaryrelation,
usingtheef cient algorithmdescribedn [4].

3.3. DistanceMeasuredor LatticesComparison

Giventwo latticesL; = (Vi;E1) andL, = (V2; E>), thereare mary possibledistance
measureghatonecande ne to measurehesimilaritiesor difference®of thesewo lattices.
The simplestdistancemaybeis the one basedon commonsubgraphs.Recallthat each
vertex in our lattice is a conceptandit is labeledby a subsetof genesand a subsetof

attributes. For our purposewe will ignoreall attributes,thatis, eachvertex is labeledby

its objectsetof genesonly. SeeFigure3 for anexample. A vertex v is calleda common
vertex if v appearsn bothV; andV,. LetVe = Vi \ V, bethesetof commonvertices.
Foru;v 2 V¢, if e= fu;vgisin bothE; andE,. Theneis calledacommorede. Let

Ec bethesetof commonedges.ThedistancedistancéL ;; L) is thende ned by

jLanLoj+jLanLyj
jLi[ Lo

Wherele n L2] = ]V]_ nch + JE]_ n Ecj, ]L2 n Llj = jV2 nch + ]E2 n Ecj and
JLa[ Laj = jLaj+ jLanbLajwithjLij = jVij + JE4].

Sincethe datais not perfect,we relax our requiremenof the de nition of acommon
vertex. Insteadof requiringthe exactmatchingof the genesetsof theverticeswe consider
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abcdefg
abcdefg

ahcd bed bfg /

Figure3. LatticesComparisonHow similar/diferentarethesetwo lattices?

vi andv, the sameif their genesetssharemorethan of the maximumsize of the two
genesetsj.e.,jobj(vi) \ obj(vz)j  max(jobj(vi)j; jobj(v2)j).

Many otherpossibledistancemeasurewill beinvestigatedn thefuture. For example,
spectradistanceor maximalcommonsublatticedistancehatwerealsomentionedn [14].

4. Our Experiments
4.1. Our Data

Our microarraydata[11] were derived from the lung tissueof mouseunderfour differ-
entconditions: (1) Control: the mousewasnormalandhealthy;(2) Flu: the mousewas
infectedby in uenza(H3N1); (3) Smoking:the mousewasforcedto smole for four con-
secutve days,with ninepackscigaretteperday;(4)SmoleFlu: themousewvasbothinfected
with “u andsmoking. For eachcondition, the geneexpressiornvalueson 6 differenttime
points— 6 hours,20 hours,30 hours,48 hours,72 hoursand96 hours— weremeasured.
At eachtime point, therewerethreereplicates which wereusedto cleanup the noisein
thedata.Also, the expressiorvaluesweremeasurean probesandseveralprobescancor-
respondo a samegene. After cleaningup (througha clean-upprocedurenritten in perl
scripts),onegeneexpressionvaluewasobtainedfor eachgeneof eachsample.Thereare
total of 11; 051 genedor all 24 sampleg=6 time points 4 conditions).

4.2. Applying Our Methodto the Data

In this section,we describethe parametersisedin our methodwhenit is appliedto the
above data.

Biological Attrib utes. We usedthe proteinmotif familiesobtainedirom PROSITE[9] as
ourbiologicalattributes.In particular for our genesetswe usedthe stand-along¢oolsfrom
PROSITE[7] andidenti ed 21 PROSITE familiesfor our geneset. Thatis, we have 21
biologicalattributes. Note thesebiological attributesareexperimentindependenandthus
they only needto be computedncefor all experiments.
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Discretization of Gene ExpressionValues. We performedthe discretizationprocedure
for the geneexpressionvalues(after taking log transformation)f eachsample. The pa-
rametert wassetto 5, ands wassetto 4. Thatis, thereweretotal of 8 geneexpression
attributes. We have testeddifferentparametewvaluesandfound thatincreasinghe values
(andthusnumberof attributes)did not signi cantly changetheresults.

After discretizationwe hadtotal of 24 binary relationsover the 11051genesandthe
29 attributes. We thenappliedour lattice constructiomalgorithmon thesebinary relations
to constructthe correspondindattices. Thereis a smallvariationof theselatticesin terms
of its size: eachof themhasarounds30verticesand1500edges Usingtheprogramin [4],
it took lessthanonesecondto constructeachlattice on a PentiumlV 3.0GHzcomputer
with 2.0GmemoryrunningunderFedoraCore2 Linux OS.

Distancesfor Comparing Lattices. Theparametemn de ning commornvertices wasset
to 70% Thatis, v1 2 Vi andv,; 2 V,, vi andv, wereconsideredhe sameif jobj(vi) \
obj(v2)j max (jobj(vi)j; jobj(v2)j), where = 70%. We havetestedvariousrelaxation
of . This valueseemdo be bestin our currentapplication,thatis, it clearly separates
differentconditions(seeSectiord.3for details).

4.3. Our Results

First, using Control sampleat 6 hoursasa referenceye computedhe distancedetween
all other Control samplesand all Flu samplegto this referencesample. The resultsare
shavn in Figure 4. Sincethe distancemeasurds not transitve, we also computedall
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Figure4. Distanceto Controlsampleat6 hours(thereferencesample).Eachdatapointrepresentshedistance
from a sample(Control shawvn in red, Flu shavn in green)to the referencesample. Thereare small distances
from other Control sampleso the referencesample.And thereis a clear separatiorbetweenFlu samplesrom
the Controlsampleat 6 hours.

distancesvhenone of the Control samplesvastaken asa reference.SeeFigure5. The
resultsshovedthattherewasaclearseparatiometweerflu samplegrom Controlsamples
(regardlessvhich time point of Controlwastakenasthereference)This is aencouraging
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resultandwe arecurrentlyinvestigatingvhatsubstructures thelatticesthatcontributeto
the differencesvhich might shedsomenew biologicalinsights. Theresultsof comparing
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Figure5. Distanceto Controlateachtime point. Thereis a clearseparatiorbetweerFlu samplesrom Control
samplegegardlessvhichtime point of Controlis taken asthereference..

other2 conditions(Smoking/SmokFIlu)is shavn in Figure6.
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Figure6. Distanceto Controlfrom Flu/Smoking/Smo&FIu.

5. Conclusionand Futur e Work

Our currentpreliminaryresultsshovedthe promiseof usingFCA approacHor microarray
dataanalysis.The distancemeasurave employedis quite basicandit hasnot utilized the
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propertiesof the lattice structure. One caninvestigateother possibledistancemeasures,
suchasspectraldistance and distancebasedon maximalcommonsublattice. Thesedis-
tanceswill take advantageof the lattice structuresand might provide betterdistinctionto
aid analyzingthe differencesbetweenexperiments.Besidethe global lattice comparison,
onecanalsoinvestigatehelocal structuref the lattices. Theselocal structurespr sub-
lattices,canbe obtainedby context decompositioror lattice decomposition.A study of
sublatticesmay assistidenti cation of particularbiological pathways or substructuresf
functionalimportance.
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