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Abstract
High throughputbiotechnologieshave enabledscientiststo collect
a large numberof geneticand phenotypicattributes for a large
collection of samples. Computationalmethodsare in need to
analyzethesedatafor discoveringgenotype-phenotypeassociations
and inferring possiblephenotypesfrom genotypicattributes. In
this paper, we studytheproblemof on demandphenotyperanking.
Given a query sample,for which only its geneticinformation is
available,we want to predictthepossiblephenotypesit mayhave,
ranked in descendingorder of their likelihood. This problemis
challengingsincegenotype-phenotypedatabasesareupdatedoften
and explicitly mine and maintainall patternsis impractical. We
proposean on-demandranking algorithm that usesa modi�ed
pattern-basedsubspaceclusteringalgorithmto effectively identify
the subspaceswhere theserelevant clustersmay reside. Using
this algorithm, we can computethe clustersand their prediction
signi�cance for any phenotypeson the �y . Our experiments
demonstratetheef�ciency andeffectivenessof ouralgorithm.

1 Intr oduction

Current high-throughput techniques in biological and
biomedicalresearchgeneratemassive heterogenousgenetic
andphenotypicdatarapidly. Theidenti�cation of genotype-
phenotypeassociationsis essentialin biologicalresearchfor
understandingcomplex biological systems. An important
problemstudiedin this paperis to predict the phenotypes
of anew individual from its geneticinformation[1, 10, 5, 2].
Traditionalclassi�cationmethods[3, 4, 8] focusonbuilding
amodelfor asingletargetattribute(phenotype).However, in
realapplications,thereareusuallya largenumberof pheno-
types[7, 9], amongwhich we wantto identify thosethatare
likely to bepositive for anindividual. Dueto thelargenum-
berof phenotypes,it is impracticalfor thedomainexpertsto
explicitly examall possiblephenotypesfor anew sample.A
reasonableway to solve this problemis to rank the pheno-
typesin descendingorderof which thenew sampleis likely
to have. Thenthe domainexpertscanprioritize their effort
guidedby the ranking. Sincethe traditional classi�cation
methodsfocuson building a modelfor a singlephenotype,
they arenot readily applicableto this problem. In this pa-
per, we addresstheproblemof rankingphenotypesof a new
sample.

Goal: Given the geneticinformationof a new sample

(such as an undiagnosedpatient), our goal is to rank the
possiblephenotypes(suchasa prede�nedpool of diseases)
accordingto the likelihood of each individual phenotype
to appearin the sample. We call this problemon demand
phenotyperanking.

A brute forth approachto rank the phenotypesof a
querysamplewould consistof two steps.In the�rst step,it
minesthecompletesetof predictionrulesandcalculatetheir
predictionsigni�cance for all phenotypes(rule generation
step). In the secondstep, whenever a new query sample
comesin, it matchesthe new samplewith the discovered
rules to rank the phenotypesaccordingto the signi�cance
of the rules predicting them (rule matching step). Our
experimentalresultsin Section4 show that this bruteforth
methodis intractablein practice.

Contrib utions: We proposetheproblemof on demand
phenotyperanking. We employ the conceptof bi-clusters
[11, 12] to modelexpressionpatternssharedby samplesin
thedatabase.Clusterbasedpredictionruleswill beusedto
rankphenotypesfor new querysamples.We developanef-
�cient algorithmfor this problem.Ouralgorithmfocuseson
patternsexhibitedby thequerysampleandthecorrespond-
ing clusters.Ouralgorithmalsoincorporateseffectivestrate-
giesto furtherprunethesearchspace.Theexperimentalre-
sults demonstratethat our algorithm is ef�cient and effec-
tive.

2 ProblemDe�nition

Let S = f s1; s2; � � � ; sN g bea setof N samples(e.g.,each
samplemaybea patient),G = f g1; g2; � � � ; gM g bea setof
M genesandP = f p1; p2; � � � ; pI g beasetof I phenotypes.
Thedatasetconsistsof two matricesM G (containinggenetic
information)andM P (containingphenotypicinformation).
M G = S � G = f vnm g (1 � n � N ; 1 � m � M ) is an
N � M matrixof realnumbers,wherevnm is theexpression
valueof genegm in samplesn . M P = S � P = f dni g
(1 � n � N ; 1 � i � I ) is an N � I matrix of binary
numbers,wheredni = 1 if sn is positive in phenotypepi ,
anddni = 0 otherwise.Table1 shows anexampledataset.



g1 g2 g3 g4 g5 g6 g7 g8 g9 g10

q 8 0 3 1 5 4 2 16 20 13

(a)Expressionvaluesof aquerysample

g1 g2 g3 g4 g5 g6 g7 g8 g9 g10

s1 9 1 4 2 6 3 11 10 1 19
s2 2 3 6 4 8 7 22 5 0 1
s3 12 2 5 3 7 41 4 17 22 52
s4 33 1 4 2 6 74 58 11 89 91
s5 26 5 8 22 19 61 37 58 84 50
s6 78 47 4 36 6 35 71 12 19 35
s7 22 1 53 83 6 45 92 39 31 57
s8 35 4 7 5 9 78 50 25 51 38
s9 30 7 19 8 72 74 29 34 2 -5
s10 56 76 36 61 79 -9 43 3 7 0
s11 86 42 39 78 -7 -8 38 4 8 1
s12 50 59 36 17 52 67 68 8 12 5
s13 -4 49 31 22 31 57 79 4 8 1
s14 76 52 33 28 23 72 -8 6 10 3

(b) Datasetof geneticinformation

p1 p2 p3

s1 1 1 0
s2 1 1 0
s3 1 1 1
s4 1 0 0
s5 0 0 0
s6 0 0 0
s7 0 1 0
s8 0 0 0
s9 0 1 0
s10 1 1 1
s11 0 1 1
s12 0 1 1
s13 0 0 0
s14 1 0 0

(c) Datasetof phenotypicinformation

Table1: Querysampleandrunningdataset

Weusetheclusterbasedpredictionrulesto rankpheno-
typesfor a new (query)samplein descendingorderof their
likelihoodof presence.In this paper, we adoptthe cluster
de�nition from [11, 12, 13].

De�nition 1. (Cluster)A clusterC is a sub-matrixof M G :
C = X � Y , where X � S and Y � G, such that

for any 2 � 2 sub-matrix
�

vai vaj

vbi vbj

�
of C, we have

jj (vai � vbi ) � (vaj � vbj )jj � � , where� is theuser-speci�ed
clusterthreshold.1

1To make the presentationclear, in this paper, we focus on shifting
patterns[11]. Other patternde�nitions, suchas scaling[13] or shifting-
and-scalingpatterns[12], canbehandledin asimilarway.

In the remainderof thepaper, we refer to thesubsetof
genesY asthe subspaceof clusterC. A clusterrepresents
an expressionpatternsharedby the set of samplesX in
subspaceY .

For aspeci�c phenotypepi 2 PI , let S+
i (S�

i ) betheset
of positive (negative) samples.For a clusterC, let C+

i (C �
i )

be thesetof samplesof C thatarepositive (negative) in pi .
Wede�ne thesigni�canceof aclusterasfollows.

De�nition 2. (Signi�cance) For a speci�c phenotypepi ,
the probability that a positive sampleis in cluster C is
prob+

i (C) =
�
�C+

i

�
� =

�
�S+

i

�
� . Theprobability that a negative

sampleis in C is prob�
i (C) =

�
�C �

i

�
� =

�
�S�

i

�
� . The signi�-

canceof clusterC in pi is sigi (C) = prob+
i (C)=prob�

i (C)
if prob�

i (C) 6= 0; otherwisesigi (C) = 1 .

The intuition behindthe signi�cancede�nition is that,
for a phenotypepi , if the probability that a positive sample
is in C is muchhigher than the probability that a negative
sampleis in it, thenC wouldbeastrongevidenceto support
thatsamplesshowing similarexpressionpatternsassamples
in C are likely to have positive pi . The reasonwe use
the probability insteadof the absolutenumberof samples
is that mostbio-medicaldatasetsarehighly skewed. There
areusuallymorenegative samplesthanpositive samplesfor
eachphenotype.

For aphenotype,wecande�ne acompleteorderamong
all clustersbasedon their signi�cance and the probability
thatapositivesampleis in it.

De�nition 3. (Order of Clusters) For a speci�c pheno-
type pi , cluster C1 � C2, if sigi (C1) < sigi (C2), or
(sigi (C1) = sigi (C2)) ^ (prob+

i (C1) < prob+
i (C2)).

For a query sample,only its geneticinformation (ex-
pressionvalues)is available.For example,Table1(a)shows
theexpressionvaluesof aquerysampleq. Weareinterested
in thoseclustersthatsharesimilarexpressionpatternswith q
in their respective subspaces.Theseclustersarethematch-
ing clustersof q andareusedto rankq'sphenotypes.

De�nition 4. (Matching) A querysampleq matchesa clus-
ter C = X � Y (or equivalently, C matchesq) if C

0
=

(X [ f qg) � Y is alsoa cluster.

For a particularphenotypepi , a usermaybe interested
in theclustersthathave at leastcertainnumbersof positive
samplesmin s+ andgenesmin g. A clusteris a valid clus-
ter if it satis�es theseconstraints.Pleasenotethat we only
specifymin s+ , insteadof settinga thresholdfor the mini-
mum numberof samples.The reasonis that in real appli-
cations,we areinterestedin predictingpositive phenotypes
(suchaspositive diabetespatients).Thereforea clusterthat
canmakestrongpredictionshouldhaveasfew negativesam-
plesaspossible.Settingthemin s+ thresholdalsomakesthe



model robust to noises. To keepthe presentationclear, in
this paperwe assumea uniform thresholdfor theminimum
numberof positive samplesrequiredin a clusterfor all phe-
notypes.We rank the phenotypesof a querysamplein the
following way.

De�nition 5. (Scoreof Phenotypes)LetH i denotethecom-
pletesetof valid clusters for a speci�c phenotypepi . For a
querysampleq, the scoreof pi , scoreq(pi ), is the highest
signi�canceof theclusters in H i which match q, that is,

scoreq(pi ) = max
C2 H i ; C matc hes q

sigi (C):

For example,let's considerthe runningdatasetshown
in Table 1. Let min s+ = 3, min g = 3, and
� = 0. Supposethat, for phenotypep2, we have the
completeset of valid clustersH 2 = f C1; C2g, where
C1 = (f s1; s2; s3; s4; s8g � f g2; g3; g4; g5g) and C2 =
(f s10; s11; s12; s13g � f g8; g9; g10g). The query sampleq
matchesboth clusters. After calculatingtheir signi�cance,
we get sig2(C1) = 1:125 and sig2(C2) = 2:25. So C2
is the cluster that matchesquery sampleq, and hashigh-
estsigni�cance. Therefore,for queryq, the scoreof p2 is
scoreq(p2) = sig2(C2) = 2:25.

Given the geneticinformation of a query sample,our
goal is to rank the phenotypesin descendingorderof their
scoresfor thisnew sample.

3 The Algorithm

Our algorithmsystematicallysearchesthroughclustersthat
matchesthe query samplefor thoseonesthat give highest
signi�cancescorefor eachphenotype.Note that the setof
clusterswe look at is a smallsubsetof thesetof all clusters
thatproducedby anunsupervisedsubspaceclusteringalgo-
rithms [11, 12, 13]. In addition,our algorithmincorporates
effective pruningstrategiesby utilizing phenotypeinforma-
tion.

3.1 Mining Process

3.1.1 Step 0: Finding Gene Pair MDSs as a Pre-
processingStep In this step,the algorithmgeneratesgene
pair MDS for eachpair of genesin thedatabase2. This step
canbedoneasapre-processingstepsinceit doesnotdepend
on thequerysample.Table2 shows all genepair MDSsof
the datasetin Table 1 when � = 0 and mins+ = 3. The
genepair MDSs will be usedfor �nding clustersin some
subspacesandcalculatingtheir signi�cance, which will be
discussedin following steps.To facilitatethediscussion,we
also show the positive samplesin the genepair MDSs for
eachphenotypein Table2.

2Pleaserefer to [11] for the detailsof �nding gene(or sample)pair
MDSs.

p1 p2 p3

f g2g3g:f s1s2s3s4s5s8g s1s2s3s4 s1s2s3 ;
f g2g4g:f s1s2s3s4s8s9g s1s2s3s4 s1s2s3s9 ;
f g2g5g:f s1s2s3s4s7s8g s1s2s3s4 s1s2s3s7 ;
f g3g4g:f s1s2s3s4s8g s1s2s3s4 s1s2s3 ;
f g3g5g:f s1s2s3s4s6s8g s1s2s3s4 s1s2s3 ;
f g4g5g:f s1s2s3s4s8g s1s2s3s4 s1s2s3 ;
f g8g9g:f s6s10 s11 s12 s13 s14 g ; s10 s11 s12 s10 s11 s12

f g8g10 g:f s10 s11 s12 s13 s14 g ; s10 s11 s12 s10 s11 s12

f g9g10 g:f s10 s11 s12 s13 s14 g ; s10 s11 s12 s10 s11 s12

Table2: GenepairMDSsandtheirpositivesamples

MDSs p1 p2 p3

s1 f g1g2g3g4g5g 1 1 0
s2 f g2g3g4g5g6g 1 1 0
s3 f g2g3g4g5g7g 1 1 1
s4 f g2g3g4g5g8g 1 0 0
s8 f g2g3g4g5g 0 0 0
s10 f g6g8g9g10 g 1 1 1
s11 f g5g6g8g9g10 g 0 1 1
s12 f g8g9g10 g 0 1 1
s13 f g1g8g9g10 g 0 0 0
s14 f g7g8g9g10 g 1 0 0

Table3: SampleMDSsandcorrespondingphenotypicinfor-
mation

3.1.2 Step 1: Finding MDSs of Query Sample and
DatabaseSamples In this step,we pair the querysample
q with eachsamplein thedatabaseandcomputethesample
pair MDSs. Using the datasetin Table 1, the samplepair
MDSsof thequerysampleanddatabasesamplesareshown
in Table3 when� = 0 andmin g = 3. Sinceonesample
in eachsamplepair is always the query sample,we only
show theothersamplesi in thepair in Table3. We usethe
term”sampleMDSof si ” astheabbreviationof ”the sample
pair MDS of the querysampleandsi ” in the remainderof
this paper. We alsoshow thephenotypeinformationof each
samplein Table3 for convenience.

The following propositionshows thecompletenessand
correctnessof our algorithm. The proof is straightforward
andthusomittedhere.

Proposition3.1. Any clustergenerated from combinations
of thesampleMDSsin step1 matchesthequerysample. And
all clusters thatmatch thequerysamplecanbegeneratedby
combinationsof theseMDSs.

3.1.3 Step 2: Generating Signi�cant Clusters for each
Phenotype by Enumerating Combinations of Sample
MDSs In thisstep,thealgorithmstartsto enumeratecombi-
nationsof thesampleMDSs(asshown in Table3) to gener-
ateclusters.Figure1(a)shows thesearchspaceof thecom-
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(a)Searchspaceof combinationsof sampleMDSs

p1 f s2 ; s3 ; s4 ; s10 ; s14 g
p2 f s2 ; s3 ; s7 ; s9 ; s10 ; s11 ; s12 g
p3 ;

(b) F (s1 )

p1 f s4 ; s10 ; s14 g
p2 f s7 ; s9 ; s10 ; s11 ; s12 g
p3 ;

(c) F (s1s3 )

p1 f s10 ; s14 g
p2 ;
p3 ;

(d) F (s1s4 )

Figure1: Enumeratingthecombinationsof sampleMDSs

binationsof sampleMDSs for the datasetin Table 1. We
explorethesearchspacein adepth�rst manner.

In ouralgorithm,weonly needenumeratethecombina-
tionsof positive sampleMDSs. We will formally prove cor-
rectnessof this searchstrategy in Theorem3.2. Usingonly
positive samplesgreatlyimprovestheef�ciency because,in
bio-medicaldataset,the numberof positive samples(e.g.,
diseasepatients)is usuallymuchsmallerthanthenumberof
negative samples(e.g.,healthy people).

Attachable SampleSets: Ouralgorithmsystematically
exploressubspaces(of genes)in which,for somephenotype,
positive samplesfall into a cluster. In principle, thesesub-
spacescanbeidenti�ed by examiningcombinationsof pos-
itive samplesfor eachphenotype. In practice,many sam-
ples may have multiple positive phenotypesand hencea
samplecombinationmay needto be visited multiple times,
oncefor eachphenotype.To make this processmoreef�-
cient, in our algorithm,we constructa singletreestructure
thatprocessesall phenotypessimultaneouslywhenexamin-
ing a samplecombination.Pleasenotethat we usethe tree
asguidefor thesearchwithoutmaterializingthewholetree.

In order to ensureno duplicategenerationof sample
combination,we assumeall samplesare naturally ordered
by their IDs s1; s2; : : : ; sN . As illustratedin Figure1(a),the
root nodecorrespondsto theemptysetandeachdescendant
nodecorrespondsto a sampleset. Eachnodena also has
a tableF (na) storing the setof positive samplesyet to be
consideredfor eachphenotype.We refer to this sampleset
as the attachable sampleset (denotedby A i (na)) for the

correspondingphenotypepi . At therootnode,theattachable
sampleset for phenotypepi is the set S+

i of all positive
samplesfor pi . The remainingnodesare generatedin a
depth�rst order. A child nodenb correspondsto a sample
setthathasexactonemoresamplethanits parentna . This
additional sample(denotedby sx ) is from the attachable
samplesetsF (na). The numberof children of node na

is equalto the numberof distinct samplesin F (na). The
attachablesampleset for phenotypepi at the child node
nb is a subsetof the attachablesamplesetat the parentna

by excluding sampleswhoseIDs aresmallerthanor equal
to x. There are two scenarioswhere A i (nb) = ; : (1)
A i (na) doesnot containsx ; and(2) sx is thesampleof the
highestID in A i (na). For example,Figures1(b), 1(c) and
1(d) show the attachablesamplesetsof eachphenotypeat
nodes(s1), (s1s3) and(s1s4) respectively usingthedataset
in Table1. Theattachablesamplesetsshrinkmonotonically
at descendantnodes.At a leaf node,the attachablesample
setis emptyfor everyphenotype.

Cluster Generation and Signi�cance Calculation:
Supposethat thecurrentnodena correspondsto sampleset
(sa1 sa2 � � � sam ). First, we computethe intersectionof the
m sampleMDSsof sa1 ; sa2 ; � � � sam to get thesubspaceY .
For example,usingthesampleMDSsshown in Table3, for
node(s1s2), wegetthesubspacef g2; g3; g4; g5g aftertaking
theintersectionof thetwo sampleMDSsof s1 ands2. There
are

� jY j
2

�
genepairsthataresubsetsof Y . We take theinter-

sectionof their genepair MDSs to get a setof samplesX .
X � Y is aclusterde�ned in De�nition 1, sinceeachpairof
samplesin X form aclusterin subspaceY . Continuingwith
thepreviousexample,for the6 genepairsthataresubsetsof
f g2; g3; g4; g5g, we intersecttheir MDSsin Table2. There-
sultingclusteris C = (f s1; s2; s3; s4; s8g� f g2; g3; g4; g5g).
Finally, we calculatethe signi�canceof the clusterin each
phenotypeaccordingto De�nition 2.

Now weformally provethatfor any phenotype,only the
positive sampleMDSs are necessaryfor the generationof
signi�cant clusters.

Theorem3.2. Supposethat, for somephenotypepi , C1 =
T � Z = (f sa1 ; sa2 ; � � � ; sax ; sb1 ; sb2 ; � � � ; sby g � Z ) is a
clusterwhich includesboth positiveand negativesamples.
C1+

i = f sa1 ; sa2 ; � � � ; sax g, C1�
i = f sb1 ; sb2 ; � � � ; sby g,

and Z is the subspaceof C1. Then there exists a clus-
ter C2 in the subspaceobtained by intersecting sample
MDSsof only positivesamplesf sa1 ; sa2 � � � sax g such that
sigi (C2) � sigi (C1).

Proof. Suppose by intersecting the sample MDSs of
sa1 ; sa2 ; � � � , and sax , we get subspaceZ 0. It is easyto
seethat Z � Z 0. Thus by intersecting

� jZ 0j
2

�
genepairs

MDSsof Z 0, we will generatea clusterC2 = T 0 � Z 0, with
T0 � T . Moreover, wehaveC2+

i � C1+
i sinceC2 contains

at leastf sa1 ; sa2 ; � � � ; sax g aspositive samples.Sowe have



C2�
i � C1�

i sinceC2+
i [ C2�

i = T0 � T = C1+
i [ C1�

i .
Therefore,sigi (C2) � sigi (C1).

Updating PhenotypeRanking: In theprocessof searching,
we maintain the current ranking of phenotypesand their
correspondingclustersin a list L p. At any time, if we �nd
that for any phenotypepi , a newly generatedcluster has
higherorder(asde�ned in De�nition 3) thanthe clusterin
L p, thenweupdateL p.

The algorithm is outlined in Algorithm 1. The pro-
cedureof enumeratingthe clustersis detailedin Procedure
ClusEnum.

3.2 Pruning Strategies Variouspruningstrategiesarede-
velopedto improve theef�ciency of thealgorithm. Pruning
strategies1 and3 areextensionsof thatfor building associa-
tion rulebasedclassi�er for asinglephenotype[6].

3.2.1 Pruning Strategy 1 As discussedin Section3.1,at
eachnode,wetaketheintersectionof thegenepairMDSsto
�nd the clusterand calculateits signi�cance. This search
strategy allows us to skip somedescendantnodesof the
currentnode.

Supposethatat nodena = (sa1 sa2 � � � sam ), we �nd a
clusterC = X

0
� Y , with f nag � X

0
. Thenall samples

in X 0 � f nag canbe removed from the attachablesample
setsF (na). This is becauseincludingsamplesin X 0� f nag
would reachthesamesubspaceY asthatof na . As a result,
thesamesetof genepairMDSsareusedwhichgeneratethe
samecluster.

3.2.2 Pruning Strategy2 In theprocessof searching,not
every samplein the attachablesamplesets is eligible to
createa child node. The following propositionshows how
to decideif it is necessaryto createachild nodefor asample
in theattachablesamplesets.

Proposition3.3. Suppose that, at node na =
(sa1 sa2 � � � sam ), Y is the subspaceof na . There are
in total

� jY j
2

�
gene pairs that are subsetsof Y . Let Z

representsthesetof all
� jY j

2

�
genepair MDSs.A samplesx

in attachablesamplesetsis eligible to generatea child node
of na if sx occurs in at least

� min g
2

�
genepair MDSsin Z .

3.2.3 Pruning Strategy 3 Supposethat, at node na =
(sa1 sa2 � � � sam ), theattachablesamplesetof phenotypepi is
A i (na) = f sx 1 ; sx 2 � � � sx n g andtheclusteris C = X � Y .
Thenfor phenotypepi , any nodein thesubtreeof na could
generateclustersof at most jf nagj + jA i (na)j = m + n
positive samplesandat leastjC �

i j negative samples.Hence,
for phenotypepi , the signi�cance of any suchclusteris at

most ( jf n a gj + jA i (n a ) j )=jS+
i j

jC �
i j=jS �

i j
. Therefore,we can prune the

samplesfrom the attachablesamplesetsif this signi�cance

Algorithm 1: Rankphenotypesof querysample
Input : Querysampleq, datasetM G andM P , cluster

thresholds� , min s+ , andmin g

Output : A list L p of rankedphenotypesfor q

GP M D S  genepairMDSs;1

Initialize thelist of rankedphenotypes:L p  ; ;2

SM D S  sampleMDSs;3

for each child nodena of theroot,do4

ComputeF (na );5

ClusE num (na ; F (na ); SM D S;GP M D S; L p );6

end7

ReturnL p .8

Procedure ClusEnum
Input : currentnodena = (sa1 sa2 � � � sam ), its attachable

samplesetsF (na ), sampleMDSsSM D S, Gene
pairMDSsGP M D S, list of rankedphenotypesL p

FindsubspaceY of na by intersectingthesampleMDSsof1

sa1 ; sa2 ; � � � , andsam ;
if jY j < min g then return;2

For all the
� j Y j

2

�
genepairsthataresubsetsof Y , intersect3

their genepairMDSsto getclusterC;
Calculatesig i (C) for eachphenotypepi ;4

UpdateL p ;5

PruneF (na );6

if [ A i (na ) 6= ; (for A i (na ) 2 F (na )) then7

for eachsx 2 [ A i (na ) do8

Generateachild nodenb = (sa1 sa2 � � � sam sx );9

ComputeF (nb);10

ClusE num (nb; F (nb); SM D S;GP M D S; L p )11

end12

end13

ReturnL p .14

upperboundis lowerthanthecurrentsigni�cancescorein L p

for phenotypepi .

4 Experiments

To evaluateour algorithm,we performexperimentson both
syntheticdatasetandreal-life genetic-phenotypicdata. The
experimentswere performedon a 2.4 GHz PC with 1G
memoryrunningWindowsXPsystem.

4.1 Ef�ciency In ourexperimentalstudy, wecompareour
algorithm to the following brute forth method. Given a
datasetand thresholdsmin s+ , min g, and � , in the pre-
processingstep,we computeall valid clustersin thedataset
andstorethem. In thematchingstep,whena querysample
comesin, we searchfor thebestmatchingclusterin theset
of clustersweobtainfrom thepre-processingstep.

The synthetic datasetsare used in this study. We
generatethe geneticdata matrix M G and phenotypedata
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Figure2: Ef�ciency evaluation

matrix M P in thefollowing way. For M G , we �rst generate
arandommatrixwith sizeN � M . Wethenembedacertain
numberof clustersin M G . By default in our subsequent
experimentalstudy, M G containsN = 30 samplesand
M = 2000geneswith 30 embeddedclusters.On average,a
clustercontains20%� N = 6 samplesand2:5%� N = 50
genes.Similarly, the syntheticphenotypicdatamatrix M P

is generatedrandomlywith a default of 10 phenotypesand
30%positivesamplesonaveragefor eachphenotype.Query
samplesare randomlygeneratedand the default valuesfor
matchingparametersaremin s+ = 2, min g = 3, � = 1.

In Figures2(a) to 2(c), we show the running time of
our algorithm and the brute forth methodas a function of
variousparameters.In contrastto ourslow-growing running
timeasshown in Figures2(a)andFigure2(b),thebruteforth
methodis intractablein practicedue to the huge number
of clustersin the dataset. Figure 2(c) shows a sub-linear
relationshipbetweenthe runtime of our algorithm and the
numberof phenotypes.If we explore the searchspacefor
eachphenotypeseparately, therunningtime would belinear
to the numberof phenotypes.The sub-linearperformance
demonstratesthe advantageof simultaneouslyenumerating
theclustersfor all phenotypes.

4.2 EffectivenessWe apply our algorithm on real-life
genetic-phenotypicdata. The datasetis collected in the
Schoolof PublicHealthatUNC-ChapelHill. Amongall pa-
tients,therearein total19patientswhohavebeendiagnosed
with eitherasthmaor cardiovasculardiseasesor both. Mi-
croarrayexperimentsareperformedon all patientsto mea-
surethe expressionvaluesof 5000genes.For our method,
we performleave-one-outanalysis:eachtime we take one
sampleas the query sampleand the remainingsamplesas
databasesamples. We set min g = 3, min s+ = 3, and
� = 0:2. Our algorithmcorrectly ranks95% of the query
patients,that is, the positive diseaseis ranked higher than
otherdiseasesfor thequerypatients.

For comparison,we also run the k-nearest-neighbor
(KNN) method on the samedataset. For each patient,

the k patientswith the closestexpressionpatternsfor the
5000 genesare selected. The diseasesare then ordered
by the numberof patientshaving themin the k neighbors.
This KNN methodperformsthe bestwhen k = 5 in our
experiment,whereit correctlyranksthephenotypesfor 73%
of thequerypatients.

5 Conclusions

In this paper, we investigatetheproblemof on demandphe-
notyperanking. We utilize patternbasedsubspaceclusters
to constructpredictionrulesfor phenotyperanking.Givena
sample,ouralgorithmonly examinessamplesthatsharesim-
ilar patternswith thequerysample.It utilizessampleMDSs
to identify the subspaceswherethesepatternsresidesand
usesgene-pairMDSsto generateclustersrepresentingthese
patterns.Only theclusterswith highpredictionpowerof any
phenotypesareusedto rankthephenotypes.Theexperimen-
tal resultsdemonstratetheef�ciency andeffectivenessof our
algorithmandshow infeasibilityof thebruteforth method.
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