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Microarraytechnologies,which canmeasuretensof thousandsof geneexpressionvaluessimultane-
ously in a singleexperiment,have becomea commonresearchmethodfor biomedicalresearchers.
Computationaltoolsto analyzemicroarraydatafor biologicaldiscovery areneeded.In this paper, we
investigatethefeasibilityof usingFormalConceptAnalysis(FCA) asatool for microarraydataanaly-
sis.Themethodof FCA builds a (concept)latticefrom theexperimentaldatatogetherwith additional
biologicalinformation.For microarraydata,eachvertex of thelatticecorrespondsto asubsetof genes
thataregroupedtogetheraccordingto theirexpressionvaluesandsomebiologicalinformationrelated
to genefunction. The lattice structureof thesegenesetsmight re�ect biological relationshipsin the
dataset.Similaritiesanddifferencesbetweenexperimentscanthenbeinvestigatedby comparingtheir
correspondinglatticesaccordingto variousgraphmeasures.Weapplyour methodto microarraydata
derived from in�uenza infectedmouselung tissueandhealthycontrols.Ourpreliminaryresultsshow
thepromiseof ourmethodasa tool for microarraydataanalysis.

1. Intr oduction

Microarraytechnologies,which canmeasuretensof thousandsof geneexpressionvalues
simultaneouslyin asingleexperiment,acrossdifferentconditionsandovertime,havebeen
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widely usedin biomedicalresearch.They have foundmany applications,suchasclassi�-
cationof tumors,assigningfunctionsto previouslyunannotatedgenes,groupinggenesinto
functionalpathwaysetc(see[16] for a review). A largecollectionof databaseis available
in the public domain(e.g. see[8, 15]). A wealthof methods[13, 5] hasbeenproposed
for analyzingthesedatasetsto gainbiologicalinsights.A mainmethodfor analyzingthese
microarraydatais basedon clustering,which groupssetof genes,and/orgroupsof ex-
perimentalconditions,thatexhibit similar expressionpatterns.Theseincludesingleclus-
tering algorithms,suchas hierarchicalclustering,k-means,self-organizingmap (SOM)
algorithms(see[10] for a review andreferencestherein);andbiclusteringalgorithms(see
[12] andreferencestherein).However, thechallengeto deriveusefulknowledgefrom mi-
croarraydatastill remains.For example,see[3] for a recentbiclusteringalgorithmthat is
basedon non-smoothnon-negativematrix factorization.In this paper, we proposeanother
methodthat is basedon Formal ConceptAnalysis(FCA) [18, 6] asan alternative to the
clusteringapproach.

Our Approach. Themethodof FCA buildsa (concept)latticefrom theexperimentaldata
togetherwith additionalbiological 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
thedataset.Similaritiesanddifferencesbetweenexperimentscanthenbeinvestigatedby
comparingtheir correspondinglatticesaccordingto variousgraphmeasures.In the high
level description,our methodconsistsof thefollowing threemainsteps:

(1) Build abinaryrelation(cross-table)for eachexperiment.Theobjectsof thebinary
relationaregenes;andtherearetwo typesof attributes:geneexpressionattributes
and biological attributes. The geneexpressionattributesare obtainedby a dis-
cretizationprocedureon geneexpressionvalues.Thebiological attributescanbe
any biologicalpropertiesrelatedto genefunction.

(2) Constructa Galois/conceptlattice for eachexperiment's binary relationusingthe
ef�cient Galois/conceptlatticealgorithmdescribedin [4].

(3) De�ne a distancemeasureandcomparethelattices.

Note that the biological attributesof genesareinvariant/constantfor all experimentsand
they canbepreprocessed.Theability to integratetheseconstantbiologicalattributesis one
of theadvantagesof our methodover clusteringmethods.This is becausetheconstantin-
formationwill becanceledout in clusteringmethodsandthusdonotaddany contributions.

Related work of using FCA for microarray data mining. Using FCA for microarray
datacomparisonwasproposedin D. Potter's thesis[14]. Basedontheframework proposed
there,wemorerigorouslydevelopeachstep.In particular, wemorecarefullydiscretizethe
geneexpressionvaluesto suit our purposes,namely, closegeneexpressionvaluesshould
sharethe sameattribute; anddistancemeasureis also more rigorouslyde�ned andbet-
ter resultsareobtained.Also, our conceptlattice constructionalgorithmis very ef�cient
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(within 1 second)while our datasetsweretoo largefor theprogramin[14] to handle.We
shouldalsomentionthatusingFCA or Conceptlatticeapproachto minemicroarraydata
werealsostudiedin [1, 2]. Thegoal therewasto extract local patternsin themicroarray
dataandnobiologicalattributeswereemployed.

Outline. Thepaperis organizedasfollows. In Section2, wereview somebackgroundand
notationonFCA. In Section3,wedescribeourmethodin details.In Section4, wedescribe
ourdataandpresentourpreliminaryresultsapplyingour methodto thedata.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 hasfoundmany applicationsin datamining, knowledgediscovery and
machinelearningetc[18].

The input of FCA consistsof a triple (O; M ; I ), called context, where O =
f g1; g2; : : : ; gn g is a set of n elements,called objects; M = f 1; 2; : : : ; mg is a set of
m elements,calledattributes; andI � O � M is a binaryrelation. Thecontext is often
representedby across-tableasshown in Figure1. A setX � O is calledanobjectset, and
a setJ � M is calledan attributeset. Following theconvention,we write an objectset
f a; c;eg asace, andanattributesetf 1; 3; 4g as134.

For i 2 M , denotetheadjacency list of i by nbr(i ) = f g 2 O : (g; i ) 2 I g. Similarly,
for g 2 O, denotetheadjacency list of g by nbr(g) = f i 2 M : (g; i ) 2 I g.

De�nition 2.1. The function attr : 2O � ! 2M mapsa setof objectsto their common
attributes:attr (X ) = \ g2 X nbr(g), for X � O. Thefunctionobj : 2M � ! 2O mapsaset
of attributesto their commonobjects:obj(J ) = \ j 2 J nbr(j ), for J � M .

It is easyto check that for X � O, X � obj(attr (X )) , and for J � M , J �
attr (obj(J )) .

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

The compositionof obj andattr inducesa Galois connectionbetween2O and 2M .
Readersarereferredto [6] for propertiesof theGaloisconnection.

De�nition 2.3. A pair C = (A; B ), with A � O andB � M , is calleda conceptif
A = obj(B ) andB = attr (A).

For a conceptC = (A; B ), by de�nition, both A andB areclosed. The setof all
conceptsof thecontext (O; M ; I ) is denotedby B(O; M ; I ) or simplyB whenthecontext
is understood.
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Let (A1; B1) and (A2; B2) be two conceptsin B. Observe that if A1 � A2, then
B2 � B1. We ordertheconceptsin B by thefollowing relation� :

(A1; B1) � (A2; B2) ( ) A1 � A2 (andB2 � B1):

It is notdif�cult to seethattherelation� is apartialorderonB. In fact,L = < B; � > is a
completelatticeandit is known astheconceptor Galois latticeof thecontext (O; M ; I ).
For C; D 2 B with C � D , if for all E 2 B suchthatC � E � D implies thatE = C
or E = D, thenC is calledthesuccessora(or lower neighbor) of D , andD is calledthe
predecessor(or upperneighbor) of C . The diagramrepresentingan orderedset(where
only successors/predecessorsareconnectedby edges)is calleda Hassediagram(or a line
diagram).SeeFigure1 for anexampleof theline diagramof a Galoislattice.

Whenthebinaryrelationis representedasabipartitegraph(seeFigure1),eachconcept
correspondsto a maximalbipartiteclique (or maximalbiclique). Thereis alsoa one-one
correspondencebetweena closeditemset[17] studiedin datamining and a conceptin
FCA. The one-onecorrespondenceof all theseterminologies– conceptsin FCA, maxi-
mal bipartitecliquesin theoreticalcomputerscience,andcloseditemsetsin datamining
– wasknown, e.g. [17]. Thereis extensive work of the relatedproblemsin thesethree
communities,see[4] for relatedliterature.Thecurrentfastestalgorithmgivenin [4] takes
O(

P
a2 ext(C ) jcnbr(a)j) polynomialdelay for eachconceptC, wherecnbr(a) is the re-

ducedadjacency list of a. Readersarereferredto [4] for thedetails.

1 2 3 4

a x x
b x x x
c x x
d x x

(abc,1)

(ac,13)

(abcd, ø)

(ø, 1234)

(bd,24) 

(b,124) 

a 1

b 2

c 3

d 4

Figure1. Left, a context (O; M ; I ) with O = f a; b;c; dg andM = f 1; 2; 3; 4g. The cross� indicates
a pair in the relation I . Middle, the bipartite graphcorrespondingto the context. Right, the corresponding
Galois/conceptlattice.

3. Methods

3.1. Building Binary Relations

In thissection,wedescribehow to theconstructthecontext (O; M ; I ) for eachexperiment.
Herethe objectsetO consistsof a setof genes.Therearetwo typesof attributesin the

aSomeauthorscalledthisasimmediatesuccessor.
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attributesetM : biologicalattributesandgeneexpressionattributes.For ageneg 2 O and
anattributea 2 M , (g; a) 2 I if g hastheattributea.

3.1.1. Biological Attributes

Any genefunction relatedpropertiescanbe usedasbiological attributes. For instance,
onecanuseproteinmotif familiesassuchattributes: a genehasthe attribute if its cor-
respondingproteinbelongsto the motif family. As an example,the proteinmotif family
oxidoreductasescanbe suchan attribute, anda genehasthis attribute if it is oneof the
oxidoreductases.Therearemany otherpossiblebiological attributes,suchasfunctional
characteristicsof a gene,chromosomallocationof a gene,known associationwith disease
statesetc.

3.1.2. Discretizationof GeneExpressionValues

Thedataobtainedfromamicroarrayexperimentconsistsof asetof genesandeachgenehas
ageneexpressionvalue. Thegeneexpressionvaluesarecontinuousrealnumbers.In order
to representmicroarraydatain a binary relation, it requiresto discretizethe continuous
geneexpressionvaluesinto a �nite setof valuesthatcorrespondto attributes. Intuitively,
wewould like to discretizethegeneexpressionvaluessuchthattwo closevaluessharethe
sameattribute. The straightforward methodwill be dividing the geneexpressionvalues
accordingto large“gaps”. First, we sortall theexpressionvaluesin the increasingorder.
Let theorderedvaluesbey1 < y2 < : : : < ym . Thenwe computethegaps� i = yi +1 �
yi , for i = 1; : : : ; m � 1. The idea then is to divide the geneexpressionvaluesinto t
subintervalsaccordingto thelargestt � 1 gaps.However, theempiricalresultsshowedthat
majoritiesof thesegeneexpressionvalueswereveryclose.For example,if we partitioned
the valuesaccordingto the largest4 gaps,morethan75% of thesevalueswould belong
to onesubinterval. If we wereto recursively partition this largesubinterval, thenagain,a
largeportionof thevaluesconcentratedon onebig subinterval. Instead,afterpartitionthe
geneexpressionvaluesinto t subintervals,we partitionthe largestsubinterval into s even
subintervals.

Recall that our idea is to discretizethe geneexpressionvaluessuchthat closegene
expressionvaluessharethe sameattribute (or a subinterval). However, our even parti-
tion might not achieve this goal, for example,two closegenesmight belongto the same
subinterval in oneexperimentbut belongto two consecutivesubintervalsin anotherexper-
iment. To overcomethis problem,insteadof assigningthegeneexpressionvalueto only
onesubinterval, if thegeneexpressionvaluefrom oneof thesubintervalsis within 50%of
theneighborsubinterval,we assignbothsubintervalsto this geneexpressionvalue.

We illustrate the discretizationprocedureby an examplein Figure2. In this �gure,
t = 5 ands = 4. Thatis, we�rst partitionthegeneexpressionvaluesinto � vesubintervals
I 1; I 2; : : : ; I 5 accordingto the four largestgaps. And thenpartition the largestsubinter-
val (I 2 in this example)into four evensubintervals. Therearetotal of eightsubintervals:
I 1; I 21 ; I 22 ; I 23 ; I 24 ; I 3; I 4; I 5, andeachsubinterval in the ordercorrespondsto onegene
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expressionattributeai , for i = 1 to 8. The geneexpressionvaluethat falls in thesubin-
tervals I 1 (I 3; I 4; I 5 respectively) is assignedto its correspondingattribute a1 (a6; a7; a8

respectively). Thegeneexpressionvaluethat falls in I 2 is assignedto oneor two consec-
utiveattributesdependingtheregion it falls. If it falls in thesubintervalsJ ii +1 (theregion
overlappingwith 50% of two neighboringsubintervals) asshown in Figure2, then it is
assignedto two attributesai andai +1 . For example,if a geneexpressionvaluefalls in the
subinterval J23 thenit getsbothattributesa2 anda3.

I1 I2 I3 I4

a1 a2 a3 a4 a5 a6 a7 a8

I5

J23 J34 J45

Figure 2. Discretizationexample. We partition the sorted gene expressionvalues into ®ve subintervals,
I 1 ; I 2 ; : : : ; I 5 accordingto thefour largestgaps.Wefurtherpartitionthelargestsubinterval (I 2 in this example)
into four evensubintervals. Therearetotal of eightdisjoint subintervalsandeachsubinterval correspondsto one
geneexpressionattributeai . Thegeneexpressionvaluethatfalls in thesubintervalsI 1 (I 3 ; I 4 ; I 5 respectively) is
assignedto its correspondingattributea1 (a6 ; a7 ; a8 respectively). Thegeneexpressionvaluethat falls in I 2 is
assignedto oneor two consecutive attributesdependingon theregion it falls. If it falls in thesubintervalsJ ii +1 ,
thenit is assignedto two attributesai andai +1 , for i = 2; 3; 4.

3.2. ConceptLatticesConstruction

Oncewe havethebinaryrelations,we thenbuild a conceptlatticefor eachbinaryrelation,
usingtheef�cient algorithmdescribedin [4].

3.3. DistanceMeasuresfor LatticesComparison

Given two latticesL 1 = (V1; E1) andL 2 = (V2; E2), therearemany possibledistance
measuresthatonecande�ne to measurethesimilaritiesor differencesof thesetwo lattices.
The simplestdistancemaybeis the onebasedon commonsubgraphs.Recall that each
vertex in our lattice is a conceptand it is labeledby a subsetof genesand a subsetof
attributes.For our purpose,we will ignoreall attributes,that is, eachvertex is labeledby
its objectsetof genesonly. SeeFigure3 for anexample. A vertex v is calleda common
vertex if v appearsin bothV1 andV2. Let VC = V1 \ V2 be thesetof commonvertices.
For u; v 2 VC , if e = f u; vg is in bothE1 andE2. Thene is calleda commonedge. Let
EC bethesetof commonedges.Thedistancedistance(L 1; L 2) is thende�ned by

jL 1 n L 2j + jL 2 n L 1j
jL 1 [ L 2j

wherejL 1 n L 2j = jV1 n VC j + jE1 n EC j, jL 2 n L 1j = jV2 n VC j + jE2 n EC j and
jL 1 [ L 2j = jL 1j + jL 2 n L 1j with jL 1j = jV1j + jE1j.

Sincethedatais not perfect,we relax our requirementof thede�nition of a common
vertex. Insteadof requiringtheexactmatchingof thegenesetsof thevertices,weconsider
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abcdefg

abcd bcd bfg

cd bc bg

c b

ù

abcdefg

abcd bceg

cd ac bc bg

c b

ù

Figure3. LatticesComparison.How similar/differentarethesetwo lattices?

v1 andv2 the sameif their genesetssharemorethan� of the maximumsizeof the two
genesets,i.e., jobj(v1) \ obj(v2)j � � max(jobj(v1)j; jobj(v2)j).

Many otherpossibledistancemeasureswill beinvestigatedin thefuture.For example,
spectraldistanceor maximalcommonsublatticedistancethatwerealsomentionedin [14].

4. Our Experiments

4.1. Our Data

Our microarraydata[11] werederived from the lung tissueof mouseunderfour differ-
ent conditions: (1) Control: themousewasnormalandhealthy;(2) Flu: themousewas
infectedby in¯uenza(H3N1); (3) Smoking:themousewasforcedto smoke for four con-
secutivedays,with ninepackscigaretteperday;(4)SmokeFlu:themousewasbothinfected
with ¯u andsmoking. For eachcondition,thegeneexpressionvalueson 6 differenttime
points— 6 hours,20 hours,30hours,48hours,72 hoursand96hours— weremeasured.
At eachtime point, therewerethreereplicates,which wereusedto cleanup thenoisein
thedata.Also, theexpressionvaluesweremeasuredonprobesandseveralprobescancor-
respondto a samegene.After cleaningup (througha clean-upprocedurewritten in perl
scripts),onegeneexpressionvaluewasobtainedfor eachgeneof eachsample.Thereare
totalof 11; 051genesfor all 24samples(=6 time points� 4 conditions).

4.2. ApplyingOur Methodto theData

In this section,we describethe parametersusedin our methodwhenit is appliedto the
abovedata.

Biological Attrib utes. We usedtheproteinmotif familiesobtainedfrom PROSITE[9] as
ourbiologicalattributes.In particular, for ourgenesets,weusedthestand-alonetoolsfrom
PROSITE [7] andidenti�ed 21 PROSITE familiesfor our geneset. That is, we have 21
biologicalattributes.Notethesebiologicalattributesareexperimentindependentandthus
they only needto becomputedoncefor all experiments.
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Discretization of GeneExpressionValues. We performedthe discretizationprocedure
for the geneexpressionvalues(after taking log transformation)of eachsample.The pa-
rametert wassetto 5, ands wassetto 4. That is, thereweretotal of 8 geneexpression
attributes.We have testeddifferentparametervaluesandfoundthat increasingthevalues
(andthusnumberof attributes)did not signi�cantly changetheresults.

After discretization,we hadtotal of 24 binary relationsover the11051genesandthe
29 attributes.We thenappliedour latticeconstructionalgorithmon thesebinaryrelations
to constructthecorrespondinglattices.Thereis a smallvariationof theselatticesin terms
of its size:eachof themhasaround530verticesand1500edges.Usingtheprogramin [4],
it took lessthanonesecondto constructeachlattice on a PentiumIV 3.0GHzcomputer
with 2.0GmemoryrunningunderFedoraCore2 Linux OS.

Distancesfor Comparing Lattices. Theparameterin de�ning commonvertices� wasset
to 70%. That is, v1 2 V1 andv2 2 V2, v1 andv2 wereconsideredthesameif jobj(v1) \
obj(v2)j � � max(jobj(v1)j; jobj(v2)j), where� = 70%. We havetestedvariousrelaxation
of � . This valueseemsto be bestin our currentapplication,that is, it clearly separates
differentconditions(seeSection4.3for details).

4.3. Our Results

First, usingControlsampleat 6 hoursasa reference,we computedthedistancesbetween
all other Control samplesandall Flu samplesto this referencesample. The resultsare
shown in Figure 4. Sincethe distancemeasureis not transitive, we also computedall

Figure4. Distanceto Controlsampleat 6 hours(thereferencesample).Eachdatapoint representsthedistance
from a sample(Control shown in red, Flu shown in green)to the referencesample.Therearesmall distances
from otherControl samplesto the referencesample.And thereis a clearseparationbetweenFlu samplesfrom
theControlsampleat 6 hours.

distanceswhenoneof the Control sampleswastaken asa reference.SeeFigure5. The
resultsshowedthattherewasaclearseparationbetweenFlu samplesfrom Controlsamples
(regardlesswhich time point of Controlwastakenasthereference).This is a encouraging
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resultandwearecurrentlyinvestigatingwhatsubstructuresin thelatticesthatcontributeto
thedifferenceswhich might shedsomenew biological insights.Theresultsof comparing

Figure5. Distanceto Controlat eachtime point. Thereis aclearseparationbetweenFlu samplesfrom Control
samplesregardlesswhich time pointof Controlis takenasthereference..

other2 conditions(Smoking/SmokeFlu)is shown in Figure6.

Figure6. Distanceto Controlfrom Flu/Smoking/SmokeFlu.

5. Conclusionand Futur eWork

Ourcurrentpreliminaryresultsshowedthepromiseof usingFCA approachfor microarray
dataanalysis.Thedistancemeasurewe employedis quitebasicandit hasnot utilized the
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propertiesof the lattice structure. Onecan investigateotherpossibledistancemeasures,
suchasspectraldistance,anddistancebasedon maximalcommonsublattice.Thesedis-
tanceswill take advantageof the latticestructuresandmight provide betterdistinctionto
aid analyzingthedifferencesbetweenexperiments.Besidetheglobal latticecomparison,
onecanalsoinvestigatethe local structuresof the lattices.Theselocal structures,or sub-
lattices,canbe obtainedby context decompositionor lattice decomposition.A studyof
sublatticesmay assistidenti�cation of particularbiological pathwaysor substructuresof
functionalimportance.
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