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Scalable Biclustering Algorithm Considers 
the Presence or Absence of Properties
Abdelilah Balamane, Statistic Canada, Canada

ABSTRACT

Mostexistingbiclusteringalgorithmstakeintoaccountthepropertiesthatholdforasetofobjects.
However,itcouldbebeneficialinseveralapplicationdomainssuchasorganizedcrimes,genetics,
ordigitalmarketingtoidentifyhomogeneousgroupsofsimilarobjectsintermsofboththepresence
andtheabsenceofattributes.Inthispaper,theauthorproposesascalableandefficientalgorithmof
biclusteringthatexploitsabinarymatrixtoproduceatleastthreetypesofbiclusterswherethecell’s
column(1)arefilledwith1’s,(2)arefilledwith0’s,and(3)somecolumnsfilledwith1’sand/or
with0’s.Thisprocedureisscalableandit’sexecutedwithouthavingtoconsiderthecomplementary
oftheinitialbinarycontext.Theimplementationandvalidationofthemethodondatasetsillustrates
itspotentialinthediscoveryofrelevantpatterns.
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1. INTRoDUCTIoN

GeneexpressionistheprocessbywhichtheinstructionsinourDNAareconvertedintoafunctional
product, such as a protein. It is the most important source of biological data used to reveal the
interactionandfunctionalityofgenes.

Biclusteringisapopulartechniquetostudyandanalyzegeneexpressiondata.Oneofitsobjectives
istoclustergenesbasedontheirexpressionundermultipleconditions,ortoclusterconditionsbased
ontheexpressionofmultiplegenes.ThistechniquewasintroducedbyHartigan(Hartigan,1972)
whoproposedanewmethodofmatrixpartitioningcalledbiclusteringorcoclustering.Ithasallowed
tosimultaneouslygroupobjects(matrix’srows)andproperties(matrix’scolumns)tocreatesub-
matricescalledbiclusterswhereobjectsarehighlycorrelatedwithproperties.Themainadvantages
ofbiclusteringarethedirectinterpretationofsub-matrices,andtheabilitytoidentifycorrelations
betweensetsofobjectsandsetsofattributes,mainlyinalargeandscatteredmatrix.Itshouldbenoted
thatthehighlevelofcohesionwithinthedifferentbiclustersisexplainedbythefactthatonlythe
relevantpropertiesforthecreationofasetofobjectsareused,ratherthanalltheavailableproperties.

However,mostexistingbiclusteringalgorithmscanonlyrevealpositivegeneinteractions.Recent
research(Arvas,etal.,2011;Ayadi,W.,&Hao,J.K.,2014;Chung,etal.,2018;Nepomuceno,J.
A.,Troncoso,A.,&Aguilar-Ruiz,J.S.,2011;Spainhour,J.C.,Lim,H.S.,Yi,S.V.,&Qiu,P.,
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2019)showsthatgroupsofbiologicallysignificantgenesmayexhibitnegativecorrelations.Thefew
biclusteringalgorithmsthattakeintoconsiderationsuchcorrelationsemployadiscretizedmatrix
ofgeneexpressionanditscomplement tocalculatebiclusters.Thetemporalcomplexityof these
algorithmsishighduetotheuseofmatrixcomplement.Theoriginalityofthisworkliesintheproposal
ofageneric,efficientandscalablemethodcalledBiP(BiclusteringProcedure)thatcalculatesfrom
abinarymatrixasetofbiclustersshowingsaidcorrelationwithoutrecoursetothecomplementof
thematrix.Diversetypesofbiclusterscanthenbeobtainedwithcell’scontentfilled:(i)onlywith1
(type1),(ii)onlywith0(type2),and(iii)columnsfilledwith1and/or0(type3).

Theremainingsectionsofthispaperareorganizedasfollows:SectionIIillustratesanexampleof
discretizedgenesexpressionmatrixK1fromwhichthreebiclustersoftype2,1and3areextracted.
SectionIIIisdedicatedtotherelatedwork.InsectionIV,wepresentanoverviewoftheformalconcept
analysisandthePatriciaTree.SectionVdescribesthealgorithmBiP.InsectionVIweevaluateour
algorithmonrealandsyntheticdata.Finally,weconcludethispaperandlistfutureworkinSectionVII.

2. eXAMPLe oF BICLUSTeRS PRoDUCeD By BIP

Severaldataminingandmachinelearningalgorithmshavebeenproposedtounveiltheinteractions
betweengenesandconditionsfromageneexpressionmatrix.Thesealgorithmsrequireinmanycases
thattheinteractionmatrixbediscretized.Ouralgorithmisoneofthem.Inthissectionwestartusing
Table1asexampleofdiscretizedmatrixobtainedfromageneexpressionmatrixusinganappropriate
methodofdiscretization(Cristianetal.,2016).TheauthorappliedthealgorithmBiPonTable1to
producethreebiclustersoftype2,1and3respectivelyrepresentedinTable2,Table3andTable4.

The first bicluster of type 2 contains four genes g3g4g5g6 negatively correlated with the
conditionsC3C4whenthebiclusteroftype1containsthegenesg1g2positivelycorrelatedwiththe
setofconditionsC1C2C3C4C5.Finally,inthetype3biclusterthesetofgenesg3g4g5arecorrelated
positivelywithC2C5conditionsandnegativelywithC1C3C4.

Table 1. Discretized gene expression matrix K1

K1 C1 C2 C3 C4 C5

g1 1 1 1 1 1

g2 1 1 1 1 1

g3 -1 1 -1 -1 1

g4 -1 1 -1 -1 1

g5 -1 1 -1 -1 1

g6 1 -1 -1 -1 -1

Table 2. Bicluster of type 2

Type 2 C3 C4

g3 -1 -1

g4 -1 -1

g5 -1 -1

g6 -1 -1
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