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Clustering High-Dimensional Data:
The Expression of E-cadherin, CD44 and

p53 Molecules in Lip Cancer

AABBSS  TTRRAACCTT  OObbjjeeccttiivvee:: Clustering techniques can determine which expression patterns are important and
which genes contribute to such patterns. We evaluate performance on data from a lip carcinoma study in Greece.
Lip carcinoma is one of the most common malignant oral and maxillofacial tumours and in advanced clinical
stages has a poor prognosis. E-cadherin, CD44 and p53 molecules are associated with cellular adhesion. MMaattee--
rriiaall  aanndd  MMeetthhooddss::  To prepare for clustering, we divided each of the median normalized gene expression values
by the range of that gene. Next, we set our prior parameters and we performed the final inference using pooled
sets of Markov chain Monte Carlo (MCMC) runs. After pooling the chains, we grouped the data into clusters
and selected E-cadherin, CD44 and p53 molecules using the marginal median model as cut off. The selection of
a small set of genes is advantageous here. A small number of selected genes is appealing to biologists because they
constitute a manageable set of candidates on which further studies can be performed. RReessuullttss:: E-cadherin, CD44
and p53 molecules were selected as discriminatory. Results highlight the fact that clustering method has suc-
cessfully selected genes that are biologically consistent with current research and that provide strong biologi-
cal validation of the cluster configuration suggested. CCoonncclluussiioonn::  A clustering method that takes advantage of
known substructure in the data when simultaneously clustering high-dimensional data with an unknown num-
ber of clusters, and selecting the best discriminating variables for those clusters implies the opportunity to han-
dle bigger datasets. When analyzing real data, clustering has found three genes that agree with current biological
research and literature and that provide biological validation of the cluster configuration. Overall, clustering can
provide biologists with both useful and manageable information for further experimental research.

KKeeyy  WWoorrddss::  Bayesian clustering; bayesian variable selection; carcinoma, cluster analysis; 
clustering high-dimensional; reversible-jump markov chain monte carlo; squamous cell

ÖÖZZEETT  AAmmaaçç::  Kümeleme teknikleri, hangi ekspresyon modelinin önemli olduğunu ve hangi genlerin bu olu-
şumlara katkısı olduğunu belirleyebilir. Bu çalışmamızda Yunanistan’ da dudak kanseri ile ilgili bir çalışmaya
ait verilerin performansı değerlendirilecektir. Dudak kanseri, oral ve maksillofasiyal tümörlerin en sık görü-
len sebeplerinden biridir ve ileri evreleri kötü prognoza sahiptir. E-cadherin, CD44 ve p53 molekülleri hücre
adhezyonu ile ilişkilidir. GGeerreeçç  vvee  YYöönntteemmlleerr::  Kümelemeye hazırlık olarak medyanı normalleştirilmiş gen
değerlerinin her birini, o genin değer aralıklarına göre bölümlendirdik. Ardından önsel değerlerimizi belir-
ledik ve havuzlanmış Markov zinciri Monte Carlo değerleri ile sonuçlara ulaştık. Serilerin havuzlanmasından
sonra verileri kümeler halinde grupladık ve marjinal medyan modelleri kesim değeri alınarak E-cadherin,
CD44 ve p53 moleküllerini seçtik.  Burada küçük bir gen grubunun seçilmesi avantaj sağlamaktadır. Bir kaç
tane genin seçilmesi, biyologlara cazip gelmektedir çünkü bu genler ileride gerçekleştirilebilecek çalışmalar
için kullanımı kolay bir set özelliği taşımaktadırlar. BBuullgguullaarr:: E-cadherin, CD44 ve p53 molekülleri ayırt edici
olarak seçildiler. Elde edilen bulgular kümeleme metodunun mevcut çalışma ile biyolojik olarak uyumluluk
gösteren genleri başarıyla seçtiğini ve önerilen küme yapılandırmasının güçlü biyolojik doğrulama sağladığını
öne çıkarmaktadırlar. SSoonnuuçç::  Verilerdeki bilinen altyapıyı kullanan kümeleme metodu, yüksek boyutlu ve-
rileri sayısı bilinmeyen kümelerle eş zamanlı olarak grupladığında ve bu kümeler için en iyi ayırt edici deği-
şkenleri seçildiğinde, daha büyük veri setlerini elde etme fırsatı anlamına gelmektedir. Gerçek veri analizinde,
kümeleme analizi sonucu mevcut biyolojik araştırma ile daha önce yayınlanan sonuçlarla uyumlu üç gen bu-
lunmuş ve bu da küme oluşumunun biyolojik teyidini sağlamıştır. Sonuç olarak, kümeleme daha sonra yap-
ılabilecek deneysel çalışmalar için biyologlara kullanımı kolay bilgi sağlayabilmektedir.

AAnnaahh  ttaarr  KKee  llii  mmee  lleerr:: Bayesci kümeleme; bayesci değişken seçimi; karsinoma; kümeleme analizi; 
yüksek boyutlu kümeleme; ters-atlamalı markov zinciri monte carlo; skuamöz hücreli
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n bi os ta tis tics, of ten the num ber of p va ri ab les
far ex ce eds the num ber of samp les. The se
scripts le ad to the prob lem of di men si o na lity,1

that subs tan ti ally me ans that the da ta ap pe ar ra re
ac ross the p - di men si o nal in ter val, and the or di -
nary asym pto tic hypot he ses tests usu ally are not in
ef fect. A lot of re se arc hers con se qu ently ha ve tur -
ned in to Ba ye si an tech ni qu es for the analy sis of
the se high-di men si o nal da ta to se arch for dif fe ren -
ti ally ex pres sed ge nes.2,3

A lot of stu di es that they inc lu de mic ro ar rays
ha ve the subs truc tu re in na te in the da ta. This hap-
pens, for examp le, with the de sig ned ex pe ri ments
that gro up the da ta wit hin tre at ments. Re cently,
Ba ye si an met hods ha ve be en pre sen ted in the li te -
ra tu re that pro po se an ap pro ach in the dis co very of
ge nes in de sig ned ex pe ri ments. 4-7 Ef ron et al4 de ve -
lo ped a non pa ra met ric ap pro ach for the mic ro ar -
ray analy sis that uses trans for ma ti on met hods in
or der to es ti ma te the null dis tri bu ti on of sum mary
sta tis tics on the ex pres si on of ge nes. 

The non-pa ra met ric trans for ma ti on met hods,
ho we ver, can be con tra dic tory with a res tric ted
num ber of co un ter parts by gro up. Ib ra him et al6

pre sent a pa ra met ric mo del of mix tu re of two com-
po nents which com bi nes a po int mass at a thres h-
old va lu e with a com po nent of nor mal dis tri bu ti on.
This met hod app li es to only two gro ups. New ton
et al5 al so app li ed a mo del of mix tu re of two com-
po nents for the ge ne ex pres si on, sup po sing that the
com po nents ap pro ach gam ma dis tri bu ti ons. The ir
ori gi nal met hod app li ed to two gro ups and was re-
cently pro lon ged to com pa re the dif fe ren ti ally ex-
pres sed ge nes when con si de ring mul tip le gro ups.7

This met hod works well in iden tif ying mo dels of
dif fe ren ti al ex pres si on, but it re qu i res enu me ra ti -
on of all the pos sib le mo dels or a cer ta in ex ter nal
jus ti fi ca ti on to re du ce the mo dels.

Ot her met hods for the mic ro ar ray da ta wit ho -
ut subs truc tu re use clus ter analy sis. In the se stu di -
es, the aim is clas sif ying the in di vi du als ba sed on
the ir va lu es of ex pres si on of the ge ne. To clus ter
the in di vi du als ef fec ti vely, re se arc hers must re du -
ce the num ber of ex pres si on va lu es be ca u se inc lu -

ding lar ge num bers of unin for ma ti ve va ri ab les can
re mar kably in ter fe re with re co ve ring of the tru e
struc tu re of the clus ters.8,9 In con se qu en ce, the
met hods of clus te ring for mic ro ar rays must com-
pri se all the in for ma ti on in the da ta in or der to se-
lect the va lu es of ex pres si on of the ge ne that gu i de
the clus ters. The Ba ye si an va ri ab le se lec ti on tech-
ni qu es app li ed to clus te ring of fer a comp le te met -
hod to se lect the most in for ma ti ve ge nes (va ri ab les)
and re co ver the struc tu re of the clus ters. 

Two re cent tech ni qu es com bi ne the Ba ye si an
tech ni qu es of se lec ti on of mo dels ba sed on the mo -
del clus te ring. The first tech ni qu e that is des cri bed
in Ta des se et al9 im ports a new Ba ye si an ap pro ach
in the clus te ring of high di men si o nal da ta. This
pro cess es ti ma tes jo intly the clus ter mo dels in the
da ta and se lects the va ri ab les that de ter mi ne the
best mo dels vi a the use of Mar kov cha in Mon te
Car lo (MCMC) met hod. The se cond ap pro ach that
is des cri bed in Raf tery and De an10 uses the sa me
mix tu re mo del ap pro ach with the mo del se lec ti on
ap pro ach that is led from Ba yes fac tors and a se arch
al go rithm. This al go rithm is simp li fi ed with the
uti li za ti on of the BIC to ap pro xi ma te Ba yes fac tors.
Both met hods re co ver si mul ta ne o usly the struc tu -
re of clus ters in the da ta and se lect the in di vi du al
va ri ab les that de ter mi ne bet ter the struc tu re of
clus ters.

Swartz et al11 ex ten ded the work of Ta de se et
al9 in the mo de ling of da ta with a known subs truc -
tu re, such as the struc tu re that is im po sed by an ex-
pe ri men tal dra wing. They jo intly clus ter the da ta
and se lect dis cri mi na tory va ri ab les, so the ir met -
hod de ter mi nes which ex pe ri men tal tre at ments are
im por tant, and al so which ge nes ha ve the most dif-
fe ren ti a ting ex pres si on va lu es af fec ted by the tre at-
ments. With subs tan ti al ap pro xi ma ti on of the
wit hin gro up co va ri an ce, the ir ap pro ach fa ci li ta tes
the clus te ring wit ho ut it up sets the gro ups that are
de ter mi ned by the ex pe ri men ter. This ex ten si on
app li es to any da ta with subs truc tu re, and mo re
spe ci fi cally to mic ro ar rays that are used in the pre-
c li ni cal me di cal re se arch, whe re fre qu ently the dif-
fe ren ti a ting ge nes are mo re in te res ting than the
clus ters that they de ter mi ne. 
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MA TE RI AL AND MET HODS
In this ar tic le we apply the met hod of Swartz et al11

to an ex pe ri men tal de sign of a mic ro ar ray da ta set
from a lip car ci no ge ne sis study. 33 ca ses with lip
car ci no ma (squ a mo us cell car ci no ma, SCC) we re
stu di ed, eit her with low or high his to lo gi cal gra de
of car ci no ma in va si on and pre sen ta ti on of po si ti ve
lymph no des. Thus, by de sign we ha ve fo ur gro ups
of pa ti ents: low in va si on, con trol; high in va si on,
con trol; low in va si on, SCC with me tas ta sis; high
in va si on, SCC with me tas ta sis. The ori gi nal mic ro -
ar rays con sis ted of 270 ge nes. The ob jec ti ve of this
study is to dis co ver a small sub set of ge nes that is
con nec ted to cer vi cal lymph no de me tas ta sis and
that can be in ves ti ga ted furt her using bi o lo gi cal tri-
als.

The de ve lo ped Ba ye si an met hod for mix tu re
mo dels that si mul ta ne o usly clus ter the da ta and se-
lect dis cri mi na tory va ri ab les con sists of the fol lo -
wing:9,11

Let X = [x1,x2,...xn) de no te n-in de pen dent p-
di men si o nal ob ser va ti ons from G un derl ying sub-
po pu la ti ons. Clus te ring the n samp les can be
mo de led as a mix tu re of the G sub po pu la ti on mo -
dels:

(2.1)

whe re f (xi|w,θ) is the den sity for the ob ser va ti on
from the kth sub po pu la ti on and ww  is the vec tor of
non ne ga ti ve com po nent we ights wk that sum up to
1, and θθ de no tes the dis tri bu ti on pa ra me ters. The
mo del is comp le ted with a la tent vec tor y=
(y1,y2,...yn) with ele ments in di ca ting to which sub-
po pu la ti on com po nent each ob ser va ti on be longs
to. If the yi’s are iid, with p(yi = k) = wk, and de fi ne
the sub po pu la ti on dis tri bu ti ons to be mul ti va ri a te
nor mal with me an vec tor μμk and va ri an ce mat rix
Σk, then each samp le i, can be mo de led con di ti o nal
on yi, as 

(2.2)

In or der to ac co unt for subs truc tu re in the da -
ta, the co va ri an ce struc tu re of the da ta is con si de -
red. If the re are known sub gro ups wit hin the da ta,
as in a de sig ned ex pe ri ment, the re will be wit hin-

gro up co va ri an ce and bet we en-gro up co va ri an ce.
The wit hin-gro up and bet we en-gro up co va ri an ces
will ob vi o usly be dif fe rent. The ori gi nal met hod
des cri bed by Ta des se et al9 tre ats the co va ri an ce be-
t we en the in di vi du als as the sa me, re gard less of
whet her the in di vi du als are in the sa me gro up or
in dif fe rent gro ups. The re fo re Swartz et al11 im pro -
ve the met hod by ac co un ting for this wit hin-gro up
and bet we en-gro up dif fe ren ce in co va ri an ce. One
way to do this is to cons truct a for mal Ba ye si an mo -
del using bloc ked co va ri an ce mat ri ces in the li ke -
li ho od and/or pri ors that ade qu a tely ref lect the
wit hin- and bet we en-gro up va ri an ce struc tu res.
This ap pro ach, ho we ver, re qu i res at le ast a p × p
bloc ked co va ri an ce mat rix and in tro du ces a lar ge
num ber of pa ra me ters, es pe ci ally in sce na ri os whe -
re p � n, brin ging ins ta bi lity in to the mo del. To
avo id this, the wit hin-gro up co va ri an ce struc tu re
is ap pro xi ma ted and the clus ter al lo ca ti on which
ref lects sub gro ups in the da ta is mo di fi ed. 

He re the struc tu re on the da ta vi a the de fi ni -
ti on of the clus ter al lo ca ti on vec tor, yy, is im po sed.
This vec tor now has ele ments in di ca ting sub gro -
ups, that is, blocks of ob ser va ti ons, rat her than in-
di vi du al ob ser va ti ons. Thus, all in di vi du als in a
gi ven sub gro up will be al ways as sig ned to the sa -
me clus ter. When clus te ring the da ta, the ori gi nal
sub gro ups may col lap se in to big ger gro ups but
they can not be furt her di vi ded in to smal ler gro -
ups.

In or der to do va ri ab le se lec ti on a la tent in di -
ca tor to se lect the dis cri mi na tory ge ne ex pres si on
va lu es that best clus ter the da ta is emp lo yed. Let γγ
be such an in di ca tor vec tor, whe re γγj=1 if the jth
ex pres si on le vel (va ri ab le) con tri bu tes to dif fe ren -
ti a ting the clus ters and γγj=0 if the jth va ri ab le is
non dis cri mi na tory. This ge ne ra tes a li ke li ho od that
is a pro duct of the mix tu re mo del (2.1) and a sing -
le mul ti va ri a te nor mal dis tri bu ti on that mo dels the
non dis cri mi na ting va ri ab les. Pa ra me ters (γγ)) and (γγcc)
are used to in dex the dis cri mi na ting va ri ab les and
tho se that do not dis cri mi na te, res pec ti vely.

Re call that p(yi = k)=wk. In the li ke li ho od cal-
cu la ti on the re is a ne ed to com pu te the ex po nent of
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the term cor res pon ding to the we ights wk ba sed on
the num ber of sub gro ups be lon ging to clus ter k
(de no ted mk), rat her than on the num ber of in di vi -
du als in clus ter k (de no ted nk). The li ke li ho od func-
ti on is as fol lows:

(2.3)

In the Equ a ti on (2.3), Ck de no tes the kth mix-
tu re com po nent, μk de no tes its me an, and ηη the
me an of the non dis cri mi na tory dis tri bu ti on. Li ke -
wi se, Σk and Ω de no tes the va ri an ce-co va ri an ce
mat ri ces. No ti ce that this li ke li ho od de pends on n,
the to tal num ber of samp les, nk, the num ber of
samp les al lo ca ted to clus ter k and al so on mk, the
to tal num ber of sub gro ups al lo ca ted to com po nent
k, un li ke the li ke li ho od of Ta des se et al,9 which is
only a func ti on of n and nk.

The in di ca tor va ri ab les are mo de led as in de -
pen dent Ber no ul li ran dom va ri ab les, with com mon
pro ba bi lity pa ra me ter φ. The φ is eli ci ted as the ex-
pec ted pro por ti on of the va ri ab les that will be dis-
cri mi na ting a pri o ri. A na tu ral pri or for the num ber
of clus ters, G, is a trun ca ted Po is son, with ra te pa-
ra me ter λ:

, g = 2, …, Gmax.(2.4)

For the vec tor of com po nent we ights, we use
a symmet ric Di rich let pri or,                            . 

For the com po nent me ans and va ri an ces, as
well as the me an and va ri an ce of the non dis cri mi -
na ting va ri ab les, the usu al con ju ga te pri ors are
used.

(2.5)

He re,             de no tes the in ver se-Wis hart
dis tri bu ti on, with sha pe pa ra me ter δ= n − pγ + 1,

di men si on pγ, deg re es of fre e dom n, and me an
Q1(γ)/δ−2. Al so, as in Ta des se et al,9 δ = 3 is used to
de no te an unin for ma ti ve pri or and de fi ne
Q1=1/κ1Ip×p and Q0=1/κ0Ip×p, whe re κ1 and κ0 are
de fi ned res pec ti vely as pro por ti o nal to the up per
and lo wer de ci les of the n − 1 non ze ro ei gen va lu es
of cov(XX). The se cho i ces fol low the gu i de li nes gi -
ven by Ta des se et al.9 mat rix. So me sen si ti vity to
the pa ra me ter cho i ces is typi cal of any mo del-ba sed
clus te ring met hod. For the me an pa ra me ters, each
ele ment of μμ0 was set to the mid po int of the ran ge
of the va ri ab le, and h0 and h1 we re cho sen ar bit ra -
rily lar ge, bet we en 10 and 1 000, for flat pri ors. For
mo re de ta ils on re gar ding the hyper-pri or pa ra me -
ters.9

The me an and va ri an ce pa ra me ters we re ex-
pertly in teg ra ted out in Ta des se et al.,9 and the mo -
di fi ca ti on des cri bed abo ve, is cons tant with res pect
to the se pa ra me ters, and the re fo re do es not chan ge
the in teg ra ti on cal cu la ti ons. Thus, even af ter ac co -
un ting for subs truc tu re, it is only ne ces sary to up da -
te the pa ra me ters (γγ,ww, yy, G). The si mu la ti on from
the pos te ri or is do ne by using a hybrid Gibbs samp -
ler and Met ro po li s– Has tings al go rithm that ite ra tes
samp ling from the fol lo wing dis tri bu ti ons:

(2.6)

(2.7)

(2.8)

The vec tor is up da ted vi a (2.7) using the Met -
ro po lis se arch al go rithm that has now be co me qu -
i te stan dard in va ri ab le se lec ti on.9,12

At a sing le ite ra ti on the vec tor γγ is up da ted ei-
t her by swap ping two of its ele ments or by ran-
domly se lec ting one ele ment and chan ging its va lu e
from 0 to 1 or 1 to 0. The clus ter al lo ca ti on vec tor
yy  is up da ted ele ment by ele ment using a Gibbs sam-
p ling stra tegy vi a Equ a ti on (2.6). Ac cor ding to our
mo di fi ed mo del, each ele ment of yy  cor res ponds to
an ex pe ri men tal gro up. The full con di ti o nal pro ba -
bi lity that the ith ex pe ri men tal gro up is in the kth
clus ter is the re fo re cal cu la ted as

(2.9)
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He re, yy(−i) is the stan dard no ta ti on de no ting
the vec tor of clus ter as sign ments for all sub gro ups
ex cept the ith sub gro up.

The we ights are up da ted by Gibbs samp ler vi -
a Equ a ti on (2.8). The cal cu la ti ons are simp li fi ed by
samp ling in de pen dent gam ma ran dom va ri ab les
with com mon sca le and sha pe pa ra me ters (a+ n1,
..., a + nG), and sca ling the ran dom va ri a tes to sum
to 1. As in the ori gi nal mo del for mu la ti on of Ta -
des se et al9 the num ber of clus ters, G, is unk nown
and up da ted using re ver sib le jump Mar kov cha in
Mon te Car lo (RJMCMC) tech no logy.13,14 The RJM-
CMC cons truc ti on up da tes G using a split/mer ge
clus ter mo ve, and a birth/de ath mo ve as in Ta des -
se et al.9 Ho we ver, to cal cu la te the ac cep tan ce ra -
ti o, the new li ke li ho od (2.3) is used, and ac co unts
for using the ex pe ri men tal sub gro ups as items to be
clus te red.

In or der to ma ke in fe ren ce from the pos te ri -
or samp les, first the met hod pro po sed by Step -
hens15 is used to re sol ve clus ter iden ti fi a bi lity.
On ce the clus ters are su i tably re la be led to be con-
sis tent ac ross all ite ra ti ons, fre qu ency ap pro xi ma -
ti ons are cal cu la ted to the pos te ri or pro ba bi li ti es
sin ce the qu an ti ti es of in te rest are mul ti no mi al or
bi no mi al ran dom va ri ab les. From ex pe ri en ce, the -
se fre qu ency es ti ma tes are mo re ro bust to cor re la -
ti on that may be pre sent in the Mar kov cha in than
cal cu la ting the mar gi nal pos te ri or pro ba bi li ti es —
es pe ci ally when analy zing re al da ta.16 For in fe ren -
ce on clus ter mem bers hips, the most pro bab le
num ber of clus ters is con di ti o ned and co unts how
many ite ra ti ons each ex pe ri men tal gro up ap pe ar
in each clus ter. For in fe ren ce on the va ri ab les, the
num bers of ite ra ti ons that each va ri ab le is se lec -
ted are co un ted and di vi de that by the to tal num-
ber of ite ra ti ons kept af ter burn in. For the
si mu la ti ons be low, si mi lar dis tri bu ti ons using the
pos te ri or pro ba bi lity cal cu la ti ons de ta i led in Ta -
des se et al.9 and mo di fi ed fre qu ency ap pro xi ma ti -
ons are fo und.

RE SULTS
Re call that our da ta con sist of fo ur gro ups of pa ti -
ents: low in va si on, con trol; high in va si on, con trol;

low in va si on, SCC with me tas ta sis; high in va si on,
SCC with me tas ta sis, and the ori gi nal mic ro ar rays
con sis ted of 270 ge nes. For prep ro ces sing, da ta we -
re nor ma li zed by using the glo bal me di an met hod.
That is, for each ar ray, the ex pres si on va lu e of each
ge ne was di vi ded by the me di an ex pres si on va lu e of
the ex pres si ons on the ar ray. He re we apply our
met hod to the se 270 ex pres si on va lu es, with the
pur po se of furt her re fi ning the ge ne dis co very.

To pre pa re for clus te ring, we di vi ded each of
the 270 me di an nor ma li zed ge ne ex pres si on va lu es
by the ran ge of that ge ne. Next, pri or pa ra me ters
we re set as fol lows: Pa ra me ters κ0 = 0.0232 and κ1
= 0.0972 we re cho sen, pro por ti o nal to the first and
last de ci le of the non ze ro ei gen va lu es as our co va -
ri an ce pa ra me ters. The pri or me ans for both clus-
ter mix tu res and the non dis cri mi na ting dis tri-
bu ti ons we re set as                                 . The sym-
met ric Di rich let dis tri bu ti on pri or pa ra me ter was
set as α = 1, the trun ca ted Po is son dis tri bu ti on pri -
or ra te pa ra me ter as λ = 5; and the pri or pro ba bi lity
for the Ber no ul li dis tri bu ti on pφ = 10. He re the pri -
or co va ri an ce mat ri ces        and       we re de fi ned to
be di a go nal mat ri ces with di a go nal ele ments equ al
to the va ri an ces of each ge ne. In cor po ra ting em pi -
ri cal va ri an ces has be en shown to im pro ve va ri ab -
le se lec ti on.17 Two MCMC cha ins we re run. Both
cha ins we re run for 1 000 000 ite ra ti ons, using the
last 60 000 ite ra ti ons for in fe ren ce and the rest we -
re con si de red burn-in. The first cha in star ted with
100 ran domly se lec ted ge nes, and using each sub-
gro up as an ini ti al clus ter. The se cond cha in star ted
with 50 ran domly se lec ted ge nes, and using two
clus ters: low in va si on con trol with SCC me tas ta sis,
and high in va si on con trol with SCC me tas ta sis pa-
ti ents. 

The fi nal in fe ren ce was per for med using the po -
o led sets of samp les from the two MCMC cha ins. Af -
ter po o ling the cha ins, the da ta we re gro u ped in to two
clus ters and se lec ted 17 ge nes using the mar gi nal me-
di an mo del as cu toff. Clus ter mem bers hip pro ba bi li -
ti es for each pa ti ent are re por ted in Tab le 1. The se
cle arly se pa ra te con trol pa ti ents from the ot hers. 

For com pa ri son, we app li ed FDR mul tip le tes -
ting cor rec ti on Ben ja mi ni and Hoch berg18 to the
p-va lu es for each ge ne. This is a stan dard met hod
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com monly used in mic ro ar ray analy sis. Thre e of
the 17 iden ti fi ed ge nes, E-cad he rin, CD44 and p53
we re al so se lec ted by the FDR met hod. A le vel of
0.1 de tec ted a lar ger num ber of ge nes, and inc lu -
ded the thre e ge nes we iden ti fi ed. The se lec ti on of
a small set of ge nes is ad van ta ge o us he re. A small
num ber of se lec ted ge nes is ap pe a ling to bi o lo gists
be ca u se they cons ti tu te a ma na ge ab le set of can di -
da tes on which furt her stu di es can be per for med
vi a bi o lo gi cal as says. Of co ur se, if ne ces sary, mo re
ge nes can be se lec ted by the Ba ye si an met hod by
lo we ring the thres hold of the 50% me di an mo del
that was used. 

Lip car ci no ma is one of the most com mon ma-
lig nant tu mors in oral and ma xil lo fa ci al re gi on. In
ad van ced sta ges with re gi o nal me tas ta sis it has a
po or prog no sis. E-cad he rin and CD44 mo le cu les
play a ro le in cell-to-cell ad he si on; p53 is as so ci a ted
with cel lu lar pro li fe ra ti on and cell de ath.19-25

Sin ce the se pa ti ents had a po or prog no sis, it se -
ems that dec re a sed E-cad he rin and CD44 ex pres si -
on and over ex pres si on of p53 in can ce ro us tis su e
cor re la tes with this out co me in lip car ci no ma pa ti -
ents. De tec ti on of the ex pres si on of the se pro te ins
is use ful to con firm the risk for cer vi cal lymph no -
de me tas ta sis; furt her stu di es are en co u ra ged to re-
ve al the de ta il mec ha nisms in for ma ti on of lymph
no de me tas ta tic fo cus.

The des crip ti on abo ve high lights the fact that
the thre e se lec ted ge nes, E-cad he rin, CD44 and
p53, are bi o lo gi cally con sis tent with cur rent re se -
arch and that pro vi de strong bi o lo gi cal va li da ti on
of the clus ter con fi gu ra ti on sug ges ted.

DIS CUS SI ON
A met hod that ta kes ad van ta ge of known subs truc -
tu re in the da ta when si mul ta ne o usly clus te ring
high-di men si o nal da ta with an unk nown num ber
of clus ters, in or der to se lect the best dis cri mi na -
ting va ri ab les for tho se clus ters, was app li ed. Gi ven
the struc tu re of de sig ned ex pe ri ments, bre a king the
ba sic ex pe ri men tal struc tu re wo uld ha ve no in ter -
pre ta ti on with re gard to the ex pe ri ment. This met -
hod ap pro xi ma tes stron ger wit hin de sign gro up
co va ri an ce by de fi ning the clus ter mem ber in di ca -
tor vec tor yy  to as sign all mem bers of a de sign gro -
up to the sa me clus ter. The ap pro ach is si mi lar to
the ide a of for cing the ele ments of the ori gi nal vec-
tor yy, in de xed over in di vi du als rat her than sub gro -
ups, in to sub sets whe re all en tri es in the sa me
sub set ha ve the sa me va lu e. In this ap pro ach the li -
ke li ho od is ad jus ted to com pu te the pro per pro ba -
bi lity that cor res ponds with the re du ced va ri a ti on.
Ad di ti o nally, by jo intly fin ding struc tu re in the da -
ta and se lec ting va ri ab les, he re ge nes, we ans wer
the re se arc hers’ qu es ti ons of, first, whet her the de-
sign gro ups af fect the sub jects dif fe rently and, se c-
ond, which ge nes de fi ne tho se dif fe ren ces.

The tru e cor re la ti on of ge ne ex pres si on va lu es
is qu i te comp lex, and mo de ling this cor re la ti on
struc tu re is an in te res ting re se arch qu es ti on in its
own right. The un derl ying co va ri a te se lec ti on mec -
ha nism used for the se lec ti on of the dis cri mi na ting
va ri ab les has be en shown to be ef fec ti ve in analy -
zing cor re la ted co va ri a tes in stu di es with ge ne tic
mar kers, which is simp ler to mo del than ge ne ex-
pres si on cor re la ti on.17,26

When analy zing re al da ta, thre e ge nes, E-cad -
he rin, CD44 and p53, which ag re e with cur rent bi-
o lo gi cal re se arch and li te ra tu re and that pro vi de
bi o lo gi cal va li da ti on of the clus ter con fi gu ra ti on
we re fo und. Ove rall, the met hod app li ed can pro-
vi de bi o lo gists with both use ful and ma na ge ab le in-
for ma ti on for furt her ex pe ri men tal re se arch.

p (member of p (member of 

Patients group cluster 1) cluster 2)

low invasion control 0.6044 0.3956

low invasion control 0.6044 0.3956

low invasion control 0.6044 0.3956

low invasion SCC with metastasis 0.2270 0.7730

low invasion SCC with metastasis 0.2270 0.7730

low invasion SCC with metastasis 0.2270 0.7730

high invasion control 0.8340 0.1660

high invasion control 0.8340 0.1660

high invasion control 0.8340 0.1660

high invasion SCC with metastasis 0.1673 0.8327

high invasion SCC with metastasis 0.1673 0.8327

high invasion SCC with metastasis 0.1673 0.8327

TABLE 1: Real data: Probability of cluster memberships.
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