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Abstract

High throughputbiotechnologiethase enabledscientistgo collect
a large numberof geneticand phenotypicattributes for a large
collection of samples. Computationalmethodsare in needto
analyzethesedatafor discoveringgenotype-phenotypgssociations
and inferring possiblephenotypedrom genotypicattributes. In
this paper we studythe problemof on demandphenotypeanking.
Given a query sample,for which only its geneticinformationis
available,we wantto predictthe possiblephenotypest may have,
ranked in descendingorder of their likelihood. This problemis
challengingsincegenotype-phenotypaatabaseareupdatedoften
and explicitly mine and maintainall patternsis impractical. We
proposean on-demandranking algorithm that usesa modi ed
pattern-basedubspacelusteringalgorithmto effectively identify
the subspacesvhere theserelevant clustersmay reside. Using
this algorithm, we can computethe clustersand their prediction
signi cance for ary phenotypeson the y. Our experiments
demonstratéhe ef ciency andeffectivenesf ouralgorithm.

1 Intr oduction

Current high-throughput techniques in biological and
biomedicalresearctgeneratanassie heterogenougenetic
andphenotypicdatarapidly. Theidenti cation of genotype-
phenotypessociationss essentiain biologicalresearcHor
understandingcomplex biological systems. An important
problemstudiedin this paperis to predictthe phenotypes
of anew individualfrom its geneticnformation[1, 10, 5, 2].
Traditionalclassi cationmethodd3, 4, 8] focuson building
amodelfor asingletargetattribute (phenotype)However, in
realapplicationsthereareusuallyalarge numberof pheno-
types[7, 9], amongwhich we wantto identify thosethatare
likely to be positive for anindividual. Dueto thelarge num-
berof phenotypesit is impracticalfor thedomainexpertsto
explicitly examall possiblephenotypegor anev sample A
reasonablavay to solve this problemis to rank the pheno-
typesin descendingrderof which the new sampleis likely
to have. Thenthe domainexpertscanprioritize their effort
guided by the ranking. Sincethe traditional classi cation
methodsfocuson building a modelfor a single phenotype,
they are not readily applicableto this problem. In this pa-
per, we addresshe problemof rankingphenotype®f a new
sample.

Goal: Giventhe geneticinformation of a new sample
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(such as an undiagnosedatient), our goal is to rank the
possiblephenotypegsuchasa prede nedpool of diseases)
accordingto the likelihood of eachindividual phenotype
to appearin the sample. We call this problemon demand
phenotypeanking.

A brute forth approachto rank the phenotypesof a
guerysamplewould consistof two steps.In the rst step,it
minesthe completesetof predictionrulesandcalculatetheir
prediction signi cance for all phenotypegqrule generation
step). In the secondstep, when&er a new query sample
comesin, it matchesthe new samplewith the discorered
rulesto rank the phenotypesaccordingto the signi cance
of the rules predicting them (rule matching step). Our
experimentalresultsin Section4 shav thatthis brute forth
methodis intractablein practice.

Contrib utions: We proposethe problemof on demand
phenotyperanking. We emplgy the conceptof bi-clusters
[11, 12] to modelexpressionpatternssharedby samplesn
the database Clusterbasedpredictionruleswill be usedto
rank phenotypegor new querysamples.We develop an ef-
cient algorithmfor this problem.Our algorithmfocuseson
patternsexhibited by the query sampleandthe correspond-
ing clusters.Our algorithmalsoincorporate®ffective strate-
giesto furtherprunethe searchspace.The experimentalre-
sults demonstratehat our algorithmis ef cient and effec-
tive.

2 ProblemDe nition

LetS = fs;;s;; sy gbeasetof N sampleqe.g.,each
samplemaybeapatient),G = fg;;02; ;gw g beasetof
M genesandP = fp;;p2;  ;p gbeasetofl phenotypes.
Thedatasetonsistof two matricesM g (containinggenetic
information)andMp (containingphenotypicinformation).
Mg=S G=fving(® n N;1 m M)isan
N M matrixof realnumberswherev,, istheexpression
value of geneg, in samples,. Mp = S P = fdng
@ n N;1 i [)isanN | matrix of binary
numberswhered,; = 1if s, is positive in phenotypep;,
andd,; = 0 otherwise.Tablel shavs anexampledataset.



91 | 92 | 93 | 94 | O5 | O | 97 | 98 | Qo | Q10
q| 8 0 3 1 5 4 2 |16 | 20| 13
(a) Expressionvaluesof aquerysample
91 | 92 | 93 | 94 | 95 | 96 | 97 | 98 | 99 | Q10
S1 9 1 4 2 6 3 (11|10 1 19
S2 2 3 6 4 8 7 122)| 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
ss | 26 | 5 8 [ 22| 19| 61| 37|58 | 84| 50
se | 78| 47| 4 | 36| 6 | 35|71 |12| 19| 35
s7 | 22| 1 | 53|83 6 |45|92| 39| 31| 57
sg | 35| 4 7 5 9 | 78 | 50| 25| 51| 38
So | 30| 7 | 19| 8 | 72| 74|29 |34 | 2 -5
Sio | 56 | 76 | 36 | 61 | 79 | -9 | 43 | 3 7 0
S11 | 86|42 (39| 78| -7 | -8|38| 4 8 1
si2 | 50 | 59 | 36 | 17 | 52 | 67 | 68 | 8 | 12 5
si3 | 4|49 |31|22|31|57|79] 4 8 1
Si4 | 76| 5233|2823 (72| -8|6 |10| 3

(b) Datasebf geneticinformation

P1 | P2 | P3

S1 1 1 0
So 1 1 0
S3 1 1 1
S4 1 0 0
S5 0 0 0
Se 0 0 0
S7 0 1 0
Sg 0 0 0
Sg 0 1 0
S10 1 1 1
S11 0 1 1
S12 0 1 1
S13 0 0 0
S14 1 0 0

(c) Datasebf phenotypidnformation

Tablel: Querysampleandrunningdataset

We usetheclusterbasedpredictionrulesto rankpheno-
typesfor a new (query)samplein descendingrderof their
likelihood of presence.In this paper we adoptthe cluster
de nition from[11, 12, 13].

De nition 1. (Cluster)A clusterC is a sub-matrixof Mg

C = X Y, whee X SandyY G, sud that

for any 2 2 sub-matrix @ :/Iaj of C, we have
bi Vb

B(Vai  Voi) (Va  Vbj)i] ,Whee istheuserspecied

clusterthreshold.!

To male the presentatiorclear in this paper we focus on shifting
patterns[11]. Other patternde nitions, suchas scaling[13] or shifting-

and-scalingpatterng12], canbe handledn asimilarway.

In the remainderof the paper we referto the subsebf
genesY asthe subspacef clusterC. A clusterrepresents
an expressionpatternsharedby the set of samplesX in
subspace .

Foraspeci ¢ phenotypep; 2 Py, letS’ (S, ) betheset
of positive (negative) samplesFor aclusterC, letC;" (C; )
bethe setof samplesf C thatarepositive (negative) in p;.
We de ne thesigni canceof aclusterasfollows.

De nition 2. (Signi cance) For a specic phenotypep;,
the probability that a positive sampleis in cluster C is
proff (C) = C/ =S’ . Theprobability that a negative
sampleisin C ispro (C) = C, =S, . Thesigni-
canceof clusterC in p; is sigi (C) = proh” (C)=proh (C)
if proh (C) 6 0; otherwisesig;(C) = 1 .

The intuition behindthe signi cance de nition is that,
for a phenotypey;, if the probability that a positive sample
is in C is much higherthanthe probability that a negative
samplédsin it, thenC would bea strongevidenceto support
thatsampleshaving similar expressiorpatternsassamples
in C are likely to have positive p;. The reasonwe use
the probability insteadof the absolutenumberof samples
is that mostbio-medicaldatasetsare highly skewed. There
areusuallymorenegative sampleghanpositive sampledor
eachphenotype.

For aphenotypewe cande ne acompleteorderamong
all clustersbasedon their signi cance and the probability
thata positive sampleisin it.

De nition 3. (Order of Clustes) For a specic pheno-
type pi, cluster C1 C2, if sigi(C1) < sigi(C2), or
(sigi (C1) = sig; (C2)) * (prolf (C1) < prolf (C2)).

For a query sample,only its geneticinformation (ex-
pressiorvalues)is available. For example, Table1(a) shavs
the expressionvaluesof aquerysampleg. We areinterested
in thoseclusterghatsharesimilar expressiorpatternswith q
in their respectie subspacesTheseclustersarethe matd-
ing clustess of g andareusedto rankd's phenotypes.

De nition 4. (Matching) A querysampleg matdesa colus-
terC = X Y (or equivalently C matdesq) if C =
(X[ fag) Y isalsoacluster

For a particularphenotypep;, a usermay be interested
in the clustersthat have at leastcertainnumbersof positive
samplesmin g+ andgenesmin g. A clusteris avalid clus-
ter if it satis estheseconstraints.Pleasenotethatwe only
specifymin g+ , insteadof settinga thresholdfor the mini-
mum numberof samples. The reasonis thatin real appli-
cations,we areinterestedn predictingpositive phenotypes
(suchaspositive diabetegatients). Thereforea clusterthat
canmalke strongpredictionshouldhave asfew negative sam-
plesaspossible Settingthemin 4+ thresholdalsomalkesthe



model robust to noises. To keepthe presentatiorclear in
this paperwe assumea uniform thresholdfor the minimum
numberof positive samplegequiredin a clusterfor all phe-
notypes. We rank the phenotype®f a querysamplein the
following way.

De nition 5. (Scoe of Phenotypesl.etH; denotethecom-
pletesetof valid clustes for a speci ¢c phenotypey;. For a
query sampleq, the scoreof p;, scorey(p;), is the highest
signi canceof theclustesin H; which matd q, thatis,

max sig; (C):

C2Hj; C matches q

scorey(p) =

For example,let's considerthe running datasetshovn
in Table 1. Let ming: 3, mng = 3, and
= 0. Supposethat, for phenotypep,, we have the
completeset of valid clustersH, = fC1;C2g, where
Cl = (fs1;52;53;S4;589 fO2;03;04;059) andC2 =
(fS10:S11;S12: 5139 f08; 09; 0100). The query sampleq
matchesboth clusters. After calculatingtheir signi cance,
we getsig,(C1l) = 1:125andsig,(C2) = 2:25. SoC2
is the clusterthat matchesquery sampleq, and hashigh-
estsigni cance. Therefore,for queryq, the scoreof p; is
scoreyg(p2) = sigz2(C2) = 2:25
Given the geneticinformation of a query sample,our
goalis to rank the phenotypesn descendingrderof their
scoredor this new sample.

3 The Algorithm

Our algorithmsystematicallysearcheshroughclustersthat
matchesthe query samplefor thoseonesthat give highest
signi cance scorefor eachphenotype.Note that the setof
clusterswe look atis a small subsebf the setof all clusters
thatproducedby an unsupervisegubspacelusteringalgo-
rithms[11, 12, 13]. In addition,our algorithmincorporates
effective pruningstratgiesby utilizing phenotypenforma-
tion.

3.1 Mining Process

3.1.1 Step 0: Finding Gene Pair MDSs as a Pre-

processingStep In this step,the algorithmgenerategene
pair MDS for eachpair of genesin thedatabaseé This step
canbedoneasa pre-processingtepsinceit doesnotdepend
on the querysample. Table2 shavs all genepair MDSs of

the datasetn Tablel when = 0 andming. = 3. The
genepair MDSs will be usedfor nding clustersin some
subspaceand calculatingtheir signi cance, which will be
discussedn following steps.To facilitatethe discussionye

also shav the positive samplesin the genepair MDSs for

eachphenotypen Table2.

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

P1 P2 P3
f 92030:f 5152535455580 S152S3S54 S1S52S3 )
f02040:f S1525354S8S90 S1S253S4 | S1S2S53S9
f02050:f S152835487589 S1S283S4 | S1S52S3S7
f93040:f 51525354589 $15253S4 | S1S2S3
f03050:f 5152535486589 S1S253S4 | S1S52S3
f04059:f 51525354580 S15253S4 | S1S52S3 ;
f08000:f 6510511 8125135149 | ; S10S11S12 $10S11S12
f980100:f S10S11 5125135149 $10S11S12 | S10S11S12
fQ90100:f S10S11 8125135140 S10S11S812 | S10S11S12

Table2: Genepair MDSsandtheir positive samples

MDSs
01920304059
020304095969
fg20939495979
102039495959
f 920304059
fg69sgegiog
f 050698999109
f 080100

f 01080990100
fg79899gi09

S1
S2
S3
S4
Sg
S10
S11
S12
S13
S14

~lo|lo|lo|r|o| k| k| k|8
o|o|r|r|r|lo|o|r| k| kT
o|o|r|r|r|o|o|r|o|o|@

Table3: SampleMDSsandcorrespondingghenotypidnfor-
mation

3.1.2 Step 1. Finding MDSs of Query Sample and
DatabaseSamples In this step,we pair the query sample
g with eachsamplein the databas@ndcomputethe sample
pair MDSs. Using the datasein Table 1, the samplepair
MDSs of the querysampleanddatabassamplesareshavn
in Table3when = 0andming = 3. Sinceonesample
in eachsamplepair is always the query sample,we only
shaw the othersamples; in the pairin Table3. We usethe
term”sampleMDSof ;" astheabbreiation of "the sample
pair MDS of the querysampleands;” in the remainderof
this paper We alsoshav the phenotypénformationof each
samplein Table3 for corvenience.

The following propositionshavs the completenesand
correctnes®f our algorithm. The proof is straightforvard
andthusomittedhere.

Proposition 3.1. Any cluster generated from combinations
of thesampleMDSsin stepl matdhesthequerysample And
all clustessthat matd thequerysamplecanbegeneatedby
combination®f theseMDSs.

3.1.3 Step2: Generating Signi cant Clusters for each
Phenotype by Enumerating Combinations of Sample
MDSs Inthisstep thealgorithmstartsto enumerateombi-
nationsof the sampleMDSs (asshown in Table 3) to gener
ateclusters.Figure1(a) shovs the searchspaceof the com-
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(a) Searchspaceof combinationof sampleMDSs

S10911 92

p1 || fS2:S3;84;810;8149
P2 fs2;83;57;So; S10; S11; S129
P3 ;

(b) F (s1)

p1 || fS4;S10:5140 p1 || fs10;S149

P2 || fS7,S9;S10;511; 8129 p2 || ;

P3 ; P3 ;
(c)F(s1s3) (d) F (s184)

Figurel: Enumeratinghe combinationsof sampleMDSs

binationsof sampleMDSs for the datasetin Tablel. We
explorethesearchspacean adepth rst manner

In our algorithm,we only needenumerat¢he combina-
tionsof positive sampleMDSs. We will formally prove cor-
rectnesf this searchstratgy in Theorem3.2. Using only
positive samplegreatlyimprovesthe ef ciency becausein
bio-medicaldatasetthe numberof positive samples(e.g.,
diseasgpatients)is usuallymuchsmallerthanthe numberof
negative samplege.g.,healtly people).

Attachable SampleSets Our algorithmsystematically
exploressubspacef genesjn which, for somephenotype,
positve sampledall into a cluster In principle, thesesub-
spacesanbeidenti ed by examiningcombinationof pos-
itive samplesfor eachphenotype. In practice,mary sam-
ples may have multiple positive phenotypesand hencea
samplecombinationmay needto be visited multiple times,
oncefor eachphenotype. To male this processnore ef -
cient, in our algorithm, we constructa singletree structure
thatprocesseall phenotypesimultaneouslywhenexamin-
ing a samplecombination. Pleasenotethat we usethe tree
asguidefor the searchwithout materializingthewholetree.

In orderto ensureno duplicategenerationof sample
combination,we assumeall samplesare naturally ordered

root nodecorrespondso the emptysetandeachdescendant Sa; ; Sa,;

node correspondgo a sampleset. Eachnoden, also has
atableF (n,) storingthe setof positive samplesyet to be
consideredor eachphenotype.We referto this sampleset
as the attachable sampleset (denotedby Ai(n,)) for the

correspondinghenotypep; . At therootnode theattachable
sampleset for phenotypep; is the setS of all positive

samplesfor p;. The remainingnodesare generatedn a

depth rst order A child nodeny correspondso a sample
setthat hasexactonemoresamplethanits parentn,. This

additional sample(denotedby sy) is from the attachable
samplesetsF (ny). The numberof children of noden,

is equalto the numberof distinct samplesin F(n;). The

attachablesampleset for phenotypep; at the child node
Ny, is a subsetof the attachablesamplesetat the parentn,

by excluding samplesnvhoselDs are smallerthanor equal
to x. Thereare two scenarioswhere Aj(np) = ;: (1)

A (n,) doesnot contains,; and(2) sy is the sampleof the

highestID in A;(n,). For example,Figures1(b), 1(c) and

1(d) shav the attachablesamplesetsof eachphenotypeat

nodes(s:), (s183) and(s;Ss4) respectiely usingthe dataset
in Table1. Theattachablesamplesetsshrinkmonotonically
at descendantodes. At a leaf node,the attachablesample
setis emptyfor every phenotype.

Cluster Generation and Signi cance Calculation:
Supposédhatthe currentnoden, correspondso sampleset
(Sa;Sa,  Sa, ). First, we computethe intersectionof the
m sampleMDSsof s5,;Sa,;  Sa, 10 getthesubspacer.
For example,usingthe sampleMDSs shavn in Table 3, for
node(s:s;), we getthesubspacég,; gs; 0s; 059 aftertaking
theintersectiorof thetwo sampleMDSsof s; ands;. There
are J;' genepairsthataresubsetof Y. We take theinter-
sectionof their genepair MDSs to geta setof samplesX .
X Y isaclusterde nedin De nition 1, sinceeachpair of
samplesn X form aclusterin subspacég’ . Continuingwith
the previousexample,for the 6 genepairsthataresubsetof
f Op; 0U3; Q4; U050, We intersectheir MDSsin Table2. There-
sultingclusteris C = (fs1;S2;S3;54;589 02 03; u: 050).
Finally, we calculatethe signi cance of the clusterin each
phenotypeaccordingo De nition 2.

Now we formally prove thatfor ary phenotypeonly the
positve sampleMDSs are necessaryor the generationof
signi cant clusters.

Theorem 3.2. Supposehat, for somephenotype;, C1 =
T Z = (fsa,;;Sa;;  :SaiShiiShs  :Sh, g Z)isa
clusterwhich includesboth positiveand negative samples.
CL = fsa;iSa,;  :8a,9 CL = fspisp,:  :Sh,0,
and Z is the subspaceof C1. Thenthere exists a clus-
ter C2 in the subspaceobtained by intersecting sample
MDSsof only positivesamples sa,;Sa,  Sa, g sud that
sigi(C2) sigi(C1).

Proof. Suppose by intersecting the sample MDSs of
, ands, , we get subspacez®. It is easyto
seethat Z Z% Thus by intersecting jzzoj genepairs
MDSsof Z° wewill generataclusterC2= T° Z09 with
T® T.Moreover,wehareC2’ CL1" sinceC2 contains
atleastf s,, ; Sa,; ) Sa, § aspositive samplesSowe have



C2 CI sinceC2' [ C2 =T°

Thereforesigi (C2) sig;(C1).

T=C1[Cy.
O

Updating PhenotypeRanking: In the proces®of searching,
we maintain the currentranking of phenotypesand their
correspondinglustersin alist L. At ary time, if we nd
that for ary phenotypep;, a nenly generateccluster has
higherorder (asde ned in De nition 3) thanthe clusterin
L, thenwe updatel .

The algorithmis outlined in Algorithm 1. The pro-
cedureof enumeratinghe clustersis detailedin Procedure
ClusEnum.

3.2 Pruning Strategies Variouspruningstratgiesarede-

velopedto improve the ef ciency of the algorithm. Pruning

stratgies1 and3 areextensionf thatfor building associa-
tion rule basectlassi er for asinglephenotypd6].

3.2.1 Pruning Strategy 1 As discussedn Section3.1, at
eachnode,we take theintersectiorof the genepairMDSsto
nd the clusterand calculateits signi cance. This search
stratgy allows us to skip some descendanhodesof the
currentnode.

Supposdhatatnoden, = (Sa,Sa, Sa, ), We nd a
clusterC = X° Y, with fnag X", Thenall samples
in X% fn,g canbe removed from the attachablesample
setsF (n,). Thisis becauséncludingsamplesn X fn,g
would reachthe samesubspac&’ asthatof n,. As aresult,
thesamesetof genepair MDSsareusedwhich generatehe
samecluster

3.2.2 Pruning Strategy 2 In theprocesf searchingnot
every samplein the attachablesamplesetsis eligible to
createa child node. The following propositionshovs how
to decideif it is necessaryo createa child nodefor asample
in theattachablesamplesets.

Proposition3.3. Suppose that, at node nj, =
(Sa; Sa, _ s_am), Y is the subspaceof n,. Thee are
in total 1%} gene pairs that are subsetsof Y. LetZ

representghesetof all 7! genepair MDSs. A samplesy
in attachablesamplesetsis eligible to geneatea child node

of ng if sy occursin at least m"z‘ 9 genepair MDSsin Z.

3.2.3 Pruning Strategy 3 Supposethat, at noden, =

(Sa;Sa,  Sa, ). theattachablsamplesetof phenotypey; is
Ai(ng) = fsx,;8x, Sx,gandtheclusterisC = X Y.
Thenfor phenotypep;, ary nodein the subtreeof n, could
generateclustersof at mostjf n,gj + jAij(na)j = m+ n

positive samplesandatleastjC; j negative samplesHence,
for phenotypep;, the signi cance of ary suchclusteris at

most & "ag'jEJAj‘_(jga)j'):’Si L. Therefore,we can prunethe
i 179

samplesrom the attachablesamplesetsif this signi cance

Algorithm 1: Rankphenotype®f querysample

Input: Querysampleg, dataseM ¢ andM g, cluster
thresholds, min ¢+ , andmin ¢
Output: A list L, of rankedphenotypesor q

GPMDS genepairMDSs;
Initialize thelist of ranked phenotypest. ,
SMDS sampleMDSs;
for ead child noden, of theroot,do
ComputeF (na);
ClusEnum (na;F(na); SMDS;GPMDS;Ly);
end
ReturnL .

0w N O U~ WN P

Procedure ClusEnum
Input: currentnodens = (Sa; Sa, San ), its attachable
samplesetsF (n,), sampleMDSsSM D S, Gene
pairMDSsGP M D S, list of rankedphenotypes

1 Findsubspace&’ of n, by intersectinghe sampleMDSs of
Sa;;Sap; ,andsa, ;
2 if jYj < min 4 thenreturn;
For all the jYzj genepairsthataresubset®f Y, intersect
their genepair MDSsto getclusterC;
Calculatesig; (C) for eachphenotypep; ;
Updatel p;
PruneF (na.);
if [ Ai(na) 6 ; (for Ai(na) 2 F(na))then
for eachsy 2 [ Ai(na) do
Generate child nodeny = (Sa, Sa,
ComputeF (np);
ClusEnum (np; F(np); SMDS;GPMDS;Lp)
end
end
ReturnL .

w

© 0 N o o b

Sam Sx);

11
12
13
14

upperbounds lowerthanthecurrentsigni cancescorein L
for phenotype; .

4 Experiments

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

4.1 Efciency In ourexperimentaktudy we compareour
algorithm to the following brute forth method. Given a
datasetand thresholdsmin ¢+, ming, and , in the pre-
processingtep,we computeall valid clustersin the dataset
andstorethem. In the matchingstep,whena querysample
comesin, we searchfor the bestmatchingclusterin the set
of clusterswe obtainfrom the pre-processingtep.

The synthetic datasetsare used in this study We
generatethe geneticdatamatrix Mg and phenotypedata
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Figure2: Ef ciency evaluation

the k patientswith the closestexpressionpatternsfor the
5000 genesare selected. The diseasesare then ordered
by the numberof patientshaving themin the k neighbors.
This KNN methodperformsthe bestwhenk = 5 in our
experimentwhereit correctlyranksthe phenotypesor 73%
of thequerypatients.

5 Conclusions

In this paper we investigatethe problemof on demandphe-
notyperanking. We utilize patternbasedsubspacelusters
to constructpredictionrulesfor phenotypeanking. Givena
samplepuralgorithmonly examinessampleghatsharesim-
ilar patternswvith thequerysample.lt utilizessampleMDSs
to identify the subspacesvherethesepatternsresidesand

matrixMp in thefollowing way. For Mg, we rst generate usesgene-paiMDSsto generatelustersrepresentinghese

arandommatrix with sizeN M . Wethenembedacertain

patterns Only theclusterswith high predictionpower of ary

numberof clustersin Mg. By default in our subsequent Phenotypesreusedio rankthephenotypesTheexperimen-

experimentalstudy Mg containsN = 30 samplesand
M = 2000geneswith 30 embeddedlusters.On averagea
clustercontain®20% N = 6sampleand2:5% N = 50
genes.Similarly, the syntheticphenotypicdatamatrix M p
is generatedandomlywith a default of 10 phenotypesand
30% positive samplesn averagefor eachphenotypeQuery
samplesarerandomlygeneratedand the default valuesfor
matchingparameterareming: = 2, ming = 3, = 1

In Figures2(a) to 2(c), we shav the running time of
our algorithm and the brute forth methodas a function of
variousparametersin contrasto our slow-growing running
timeasshavnin Figures2(a)andFigure2(b),thebruteforth
methodis intractablein practicedue to the huge number
of clustersin the dataset. Figure 2(c) shavs a sub-linear
relationshipbetweenthe runtime of our algorithm and the
numberof phenotypes.If we explore the searchspacefor
eachphenotypeseparatelythe runningtime would belinear
to the numberof phenotypes.The sub-linearperformance
demonstrateghe advantageof simultaneouslyenumerating
theclustersfor all phenotypes.

4.2 EffectivenessWe apply our algorithm on real-life
genetic-phenotypidata. The datasetis collectedin the
Schoolof PublicHealthat UNC-ChapeHill. Amongall pa-
tients,therearein total 19 patientswho have beendiagnosed
with eitherasthmaor cardiosasculardisease®r both. Mi-
croarrayexperimentsare performedon all patientsto mea-
surethe expressionvaluesof 5000genes.For our method,
we performleave-one-outanalysis: eachtime we take one
sampleasthe query sampleand the remainingsamplesas
databasesamples. We setming = 3, ming. = 3, and

= 0:2. Our algorithm correctly ranks95% of the query
patients,thatis, the positive diseasds ranked higherthan
otherdisease$or the querypatients.

For comparison,we also run the k-nearest-neighbor

(KNN) method on the samedataset. For each patient,

tal resultsdemonstrat¢éheef ciency andeffectivenesof our
algorithmandshaw infeasibility of the bruteforth method.
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