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ABSTRACT

Motivation: Over the last decade, a large variety of clustering algo-
rithms have been developed to detect coregulatory relationships
among genes from microarray gene expression data. Model based
clustering approaches have emerged as statistically well grounded
methods, but the properties of these algorithms when applied to
large-scale data sets are not always well understood. An in-depth
analysis can reveal important insights about the performance of the
algorithm, the expected quality of the output clusters, and the possi-
bilities for extracting more relevant information out of a particular data
set.

Results: We have extended an existing algorithm for model based
clustering of genes to simultaneously cluster genes and conditi-
ons, and used three large compendia of gene expression data for
S. cerevisiae to analyze its properties. The algorithm uses a Baye-
sian approach and a Gibbs sampling procedure to iteratively update
the cluster assignment of each gene and condition. For large-scale
data sets, the posterior distribution is strongly peaked on a limited
number of equiprobable clusterings. A GO annotation analysis shows
that these local maxima are all biologically equally significant, and
that simultaneously clustering genes and conditions performs better
than only clustering genes and assuming independent conditions. A
collection of distinct equivalent clusterings can be summarized as a
weighted graph on the set of genes, from which we extract fuzzy, over-
lapping clusters using a graph spectral method. The cores of these
fuzzy clusters contain tight sets of strongly coexpressed genes, while
the overlaps exhibit relations between genes showing only partial
coexpression.

Availability: GaneSh, a Java package for coclustering, is available
under the terms of the GNU General Public License from our website
at http://bioinformatics.psb.ugent.be/software.

Contact: yves.vandepeer@psb.ugent.be

Supplementary information: available on our website at
http://bioinformatics.psb.ugent.be/supplementary_data/anjos/gibbs

1 INTRODUCTION

Since the seminal paper by Eisetral. (1998), now almost a decade

ago, clustering forms the basis for extracting compretig@snfor-
mation out of large-scale gene expression data sets. @uste
coexpressed genes tend to be enriched for specific funttae:

gories (Eiseret al, 1998), shareis-regulatory sequences in their
promoters (Tavazoiet al, 1999), or form the building blocks for

reconstructing transcription regulatory networks (Segal., 2003).

*Corresponding author, E-mail:yves.vandepeer@psb.Uzent

A variety of heuristic clustering methods have been usedh su
as hierarchical clustering (Eisegt al, 1998), k-means (Tavazoie
et al, 1999), or self-organizing maps (Tamagbal., 1999). Alt-
hough these methods have had an enormous impact, thestistLti
properties are generally not well understood and imporpaname-
ters such as the number of clusters are not determined atitafha
Therefore, there has been a shift in attention towards mioastd
clustering approaches in recent years (Yeatal, 2001; Fraley
and Raftery, 2002; Medvedovic and Sivaganesan, 2002; Miedve
vic et al, 2004; Qin, 2006; Dahl, 2006). A model based approach
assumes that the data is generated by a mixture of prolyabidit
tributions, one for each cluster, and takes explicitly iatcount
the noisyness of gene expression data. It allows for a statiis
assessment of the resulting clusters and gives a formahastifor
the expected number of clusters. To infer model parametetska-
ster assignments, standard statistical techniques suekpastation
Maximization or Gibbs sampling are used (Liu, 2002).

In this paper we use a novel model based clustering method
which builds upon the method recently introduced by Qin @00
We address two key questions that have remained largelystinan
wered for model based clustering methods in general, namely
convergence of the Gibbs sampler for very large data setd, an
non-heuristic reconstruction of gene clusters from thetqraos
probability distribution of the statistical model.

In the model used by Qin (2006), it is assumed that the expres-
sion levels of genes in one cluster are random samples dramm f
a Gaussian distribution and expression levels of diffeeqeri-
mental conditions are independent. We have extended thigintm
allow dependencies between different conditions in theesaoster.
Medvedovicet al. (2004) used a multivariate normal distribution to
take into account correlation among experimental conatticOur
approach consists of clustering the conditions within egeafe clu-
ster, assuming that the expression levels of the genes igene
cluster for the conditions in one condition cluster are drédvwom
one Gaussian distribution. Hence our model is a modetéatu-
stering or two-way clusteringof genes and conditions. The same
statistical model was also used in our recent approach tmsaict
transcription regulatory networks (Michoet al,, 2007). The coclu-
stering is carried out by a Gibbs sampler which iterativgbgates
the assignment of each gene, and within each gene clustassie
gnment of each experimental condition, using the full ctodal
distributions of the model.

It is known that a Gibbs sampler may have poor mixing proper-
ties if the distribution being approximated is multi-modald it will
then have a slow convergence rate (Liu, 2002). Previousestuaf
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Gibbs samplers for model based clustering have not repodieer-
gence difficulties (Medvedovic and Sivaganesan, 2002; Meéaovic
et al, 2004; Dahl, 2006). In those studies, only data sets witlea re
tively small number of genes (upto a fel®0) (Medvedovic and
Sivaganesan, 2002; Medvedowt al., 2004), or a small number
of experimental conditions (less thaf) (Dahl, 2006) were consi-
dered, and special sampling techniques such as reversaliagne
(Medvedovicet al, 2004) or merge-split proposals (Dahl, 2006)
were sufficient to generate a well mixing Gibbs sampler. Wseole
that for data sets of increasing size the correlation betwes
Gibbs sampler runs as well as the number of cluster solutisited

in one run after burn-in steadily decreases. This meangdhtarge-
scale data sets, the posterior distribution is very styppghked on
multiple local modes. Since the peaks are so strong, we gippate
the posterior distribution by averaging over multiple ryresformed
in parallel, each converging quickly to a single mode. By pam
ting the correlation between different averages of the saumeber

belong to one fuzzy cluster with very high probability we aibt
tight clusters which show higher functional coherence careg to
standard clusters. Keeping also genes which belong witkrdurt
still significant probability to multiple fuzzy clusters,ecan ten-
tatively identify multifunctional genes or relations b&®n genes
showing only partial coexpression. We show that our resarksin
good agreement with previous fuzzy clustering approacheghe
expression data (Gasch and Eisen, 2002). We believe thatzay
clustering method to summarize the posterior distributidihbe of
general interest for all model based clustering approaehéssol-
ves the problems associated to heuristic clusterings opélimvise
probability matrix.

All our analyses are performed on three large-scale puldin-c
pendia of gene expression data fr cerevisiagSpellmanet al,
1998; Gasclet al,, 2000; Hughest al., 2000).

2 METHODS

of runs we are able to show that the number of distinct modes iﬁ\/l athematical model

relatively small and accurate approximations to the pastelistri-
bution can be obtained with as few & modes for around000
genes.

To identify the final optimal clustering, the traditionalmpach is
to select out of all the clusterings visited by the Gibbs samihe
one which maximizes the posterior distribution (maximunoatp-
riori (MAP) clustering). However, we show that for large datets
the differences in likelihood between the different locaxima are
extremely small and statistically insignificant, such ttret MAP
clustering is as good as taking any local maximum at rando@QA

(Ashburneret al,, 2000) analysis of the different modes shows that

also from the biological point of view any difference betwebe
local modes is insignificant. Taking into account the fulkgsior
distribution is more difficult since different clusteringsay have a
different number of clusters and the labeling of clustensdsuni-
que (the label switching problem (Redner and Walker, 198@)g
common solution to this problem is to consider pairwise piul-
ties for two genes being clustered together or not (Medviedawd
Sivaganesan, 2002; Medvedowtal., 2004; Dahl, 2006). A major
question that has not yet recieved a final answer is how toetaact
gene clusters from these pairwise probabilities. Medvedand
Sivaganesan (2002) and Medvedoeical. (2004) use a heuristic
hierarchical clustering on the pairwise probability matrd form
a final clustering estimate. Dahl (2006) introduces a legsiares
method, which selects out of all clusterings visited by thbbs
sampler the one which minimizes a distance function to the pa
wise probability matrix. In both approaches, the prob&pithatrix
is reduced to a single hard clustering. This necessarilpvesnon-
transitive relations between genes (such as a low probafili a
pair of genes to be clustered together even though they bt h
relatively high probability to be clustered with the samiedlgene)
which may nevertheless be informative and biologically niegful.
We propose that the pairwise probability matrix reflectoé or
fuzzy clusteringf the data,.e., genes can belong to multiple clu-
sters with a certain probability. To extract these fuzzystaus from
the pairwise probabilities we use a method from patterngeaitimn
theory (Inoue and Urahama, 1999). This method iteratively-c
putes the largest eigenvalue and corresponding eigemvettbe
probability matrix, constructs a fuzzy cluster with the exigector,
and updates the probability matrix by removing from it theégié of
the genes assigned to the last cluster. By only keeping gehies

For an expression matrix witlV genes and/ conditions, we define a coclu-
stering as a partition of the genes inkd gene clustersjy,, together with
for each gene cluster, a partition of the set of conditionis i, condition
clusters€;, ;. We assume that all data points in a coclusfér, m): i €
Gr,m € &, } are random samples from the same normal distribution.
This model generalizes the model used by Qin (2006), wherpditition of
conditions is always fixed at the trivial partition into sietpn sets.

Given a set of means and precisidps,;, 7x; ), a coclustering’ defines a
probability density on data matricd® = (z:.,,) by

K Ly
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We use a uniform prior on the set of coclusterings with norgehma con-
jugate priors for the parameters,; and ;. Using Bayes’ rule we find the
probability of a coclustering with parameters .y, ;) given the data
D. Then we take the marginal probability over the parametens, 7x;)
to obtain the final probability of a coclusterin@given the dataD, upto a
normalization constant:

K Ly
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wherep(u, 7) = p(p | T)p(7) with
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ag, Bo, Ao > 0and—oo < pp < oo being the parameters of the normal-
gamma prior distribution. We use the valuas = (o Ao = 0.1
and o = 0.0, resulting in a non-informative prior. We have compared
the normal-gamma prior with other non-informative, corgtegpriors, but
found no difference in results (see Supplementary Infoiont The double
integral in eq. (1) can be solved exactly in terms of the sieffic stati-

p(u| )= ( »op(r) =

sticsTlgl") = Ziegk’megu xl (n = 0,1,2) for each cocluster. The
log-likelihood or Bayesian score decomposes as a sum ofisteclscores:
K Ly
S(C) =logp(C| D)= > Sk, 2
k=11=1
with
Ao
Sk = =17 log(27) + L log( o) — logI'(a0)
Ao + Ty

+log T'(avo + %T;ﬁ?’) + aplog Bo — (a0 + %T;ﬁ?’) log 1
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Gibbs sampler algorithm

We use a Gibbs sampler to sample coclusterings from the nmustiéstribu-
tion (1). The algorithm iteratively updates the assignnagenes to gene
clusters, and for each gene cluster, the assignment oftogmmslto condition
clusters as follows:

1. Initialization: randomly assigiV genes to a randonio number of
gene clusters, and for each cluster, randomly assigoonditions to a
randomL;, o number of condition clusters.

2. ForN cycles, remove a random gehfEom its current cluster. For each
gene clusterk, calculate the Bayesian sco5C; ), whereC; _
denotes the coclustering obtained frénby assigning genéto cluster
k, keeping all other assignments of genes and conditiond,esgiavell
as the probabilityS(C;—.¢ ) for the gene to be alone in its own cluster.
Assign gene: to one of the possiblél 4+ 1 gene clusters, wher&’
is the current number of gene clusters, according to thegtitibes
Qy o e3(Ci—#) normalized such thdf,, Q) = 1.

3. For each gene clustér, for M cycles, remove a random condition
m from its current cluster. For each condition clustecalculate the
Bayesian scoré (Cy,,,— ). Assign conditionm to one of the possible
Ly, + 1 clusters, wherd., is the current number of condition clusters
for gene clusteik, according to the probabilitie§; o« e°(Crm—1),
normalized such tha}, Q; = 1.

4. Iterate step 2 and 3 until convergence. One iterationfineldas execu-
ting step 2 and 3 consecutively once, and hence consisfsiof< x M

sampling steps (witli’ the number of gene clusters after Step 1 of that

iteration).

This coclustering algorithm simulates a Markov chain whgdtisfies
detailed balance with respect to the posterior distribul, i.e., after a suf-
ficient number of iterations, the probability to visit a pemtar coclustering
Cis given exactly by(C | D). The expectation value of any real functign
with respect to the posterior distribution can be approt@déy averaging
over the iterations of a sufficiently long Gibbs sampler run:

To+T

=Y e

t=Ty+1

E(f)=>_fCp(C|D)~ 3)
C

whereC; is the coclustering visited at iteratianand 7} is a possible burn-
in period. We say that the Gibbs sampler has converged if we starting
from different random initializations return the same aggs (3) for a sui-

table set of test functiong. More precisely, if{ f,, } is a set of test functions,
definea, = F1(fn) the average of, in the first Gibbs sampler run, and

bn = E2(fn) the average of’, in the second Gibbs sampler run. We define

a correlation measure (0 < p < 1) between two runs as

RN >
VEL AT, )

Full convergence is reachedgdf= 1.

4)

Fuzzy clustering

To keep track of the gene clusters, independent of the (v@ryiumber of
clusters or their labeling, we consider functions

1 if genei andj belong to the same gene clustelCin

fi;(C) = { (5)

0 otherwise

In general, the posterior distribution (1) is not conceteitleon a single coclu-
stering and the matri¥” = (E(f;;)) of expectation values (see eq. (3))
consists of probabilities betwe@rand1. To quantify this fuzzyness, we use

an entropy measure

1
Hfuzzy = m Z h(Fij)7 (6)
)

whereN is the dimension of the square mat#kand
h(q) = —qIn(q) — (1 —¢)In(1 —g)for0 < g < 1.

For a hard clusteringK;; = 0 or 1 for all 4, j), Hyz,y = 0, and for a
maximally fuzzy clustering £;; = 0.5 for all 4, j), Hruzzy = 1. In reality,
the matrixF' is very sparse (most gene pairs will never be clustered heggt
S0 Hiyzzy remains small even for real fuzzy clusterings.

We assume that a fuzzy gene-gene maifiis produced by a fuzzy clu-
stering of the genes.e., we assume that each genbas a probabilityp; .
to belong to each clustér, such thafy", p;, = 1. To extract these proba-

bilities from F’ we use a graph spectral method (Inoue and Urahama, 1999),

originally developed for pattern recognition and imagelgsia, modified
here to enforce the normalization conditionsggp. A fuzzy cluster is repre-
sented by a column vectap = (w1, ...,wx)T, with w; the weight of
genei in this cluster, normalized such thitw||? = wTw = Y, w? = 1.
The cohesiveness of the cluster with respect to the gene-getrix £ is
defined asv” Fw = 37, ; w; F;jw;. By the Rayleigh-Ritz theorem,

T
where)\; is the largest eigenvalue @f andv; the corresponding (normali-
zed) eigenvector. Hence the maximally cohesive clustéf ia given by the
eigenvector of the largest eigenvalue. By the Perron-Frioilsetheorem, this
eigenvector is unique and all its entries are nonnegativecal then define
the membership probabilities to clusteby p;; = ﬁ Hence the
gene with the highest weight in is considered the prototypical gene for this
cluster, and it will not belong to any other cluster. The ltity p,; mea-
sures to what extent other genes are coexpressed with ttistypical gene.
To find the next most cohesive cluster, we remove fibrthe information
already contained in the first cluster by setting

Fff) =\/1—pi1Fij\/1—pj1,
and compute the largest eigenvalue and corresponding &liazad) eigen-
vectorvy for this matrix. The prototypical gene for this cluster mdneady
have some probability assigned to the previous cluster, salefine the
membership probabilities to the second cluster by

(1 — Pimant )5 1 *pﬂ)-

. ( U2,
pi2 =min{ —————
max; (v2,5)
Hereimax = arg max; (v2,;) is the prototypical gene for the second cluster,
and we take therhin’ to ensure thad ), p;;, will never exceed.
This procedure of reducing’ and computing the largest eigenvalue and
corresponding eigenvector to define the next cluster meshieprobabili-
ties is iterated until one of the following stopping crigers met:

1. All entries in the reduced matri®'(*) reach0, i.e., for all genes,
>k <rPikr = 1, and we have completely determined all fuzzy
clusters and their membership probabilities.

2. The largest eigenvalue of the reduced maffi¥) has rank> 1. In
this case the eigenvector is no longer unique and need nefdraye
nonnegative entries, so we cannot make new cluster menipgnsi
babilities out of it. This may happen if the (weighted) gragefined
by connecting gene pairs with non-zero entriesFiff?) is no longer
strongly connected (Perron-Frobenius theorem).

To compute one or more of the largest eigenvalues and eigtmsefor
large sparse matrices such Asand its reductions(¥) we use efficient
sparse matrix routines, such as for instance implementatieérMatial?
functionei gs.

Data sets

We use three large compendia of gene expression data foirtgugeast:
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1. Gasclet al.(2000) data set: expressionlifi3 stress related conditions.

2. Hugheset al. (2000) data set: compendium of expression profiles
corresponding t@00 diverse mutations and chemical treatments.

. Spellmaret al. (1998) data set77 conditions for alpha factor arrest,
elutriation, and arrest of a cdc15 temperature-sensitivéant.

We select the genes present in all three data 66t2(genes) and, to be as
unbiased as possible, no further postprocessing is doneis&/&SynTReN
(Van den Bulckeet al,, 2006) to generate simulated data sets with varying
number of conditions for a synthetic transcription regatatnetwork with
1000 genes (see also Supplementary Information).

Functional coherence

To estimate the overall biological relevance of the clistee use a method
which calculates the mutual information between clustacs@O attributes
(Gibbons and Roth, 2002). For each GOslim attribute, weteraaluster-
attribute contingency table where rows are clusters angheos are attribute
status {Yes’ if the gene possesses the attributdp’ if it is not known
whether the gene possesses the attribute). The total mofoahation is
defined as the sum of mutual informations between clustedsratividual
GO attributes:

MI =Y H(C)+ H(A) — H(C, A) )
A

whereC is a clustering of the gened, is a GO attribute and/ is Shannon’s
entropy, H = — 3, p; log(p;), and thep; are probabilities obtained from
the contingency tables.

3 RESULTS AND DISCUSSION
Conver gence of the Gibbs sampler algorithm
We study convergence using the test functignswhich indicate if

Correlation measure

0 1 1 1 1 1 1 1 1 1

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Number of Iterations

Fig. 1. Trace plot of the correlation measysdetween two different Gibbs
sampler runs as a function of the number of iterations, fomalsdata set
(100 genes,10 conditions, top curve) and a large data S€t00 genes,173
conditions, bottom curve). Both data sets are subsets @é#sehet al. data
set.

detail at a single Gibbs sampler run. It turns out that theetation
measure between two successive iterations reathesy rapidly
and remains unchanged afterwards (See SupplementaryeFigur
Since each iteration involves a large number of samplingsstee.,
a large number of possible configuration changes), thisieaphat
the Gibbs sampler very rapidly finds a local maximum of thet@os

genei and; are clustered together or not (see eq. (5) in the Methodsyior distribution from which it can no longer escape. We dode

and compute the correlation measuyrdetween different runs for
this set of functions (see eq. (4) in the Methods). In additmthe
correlation measure, we also compute the entropy measke,
(see eq. (6) in the Methods). This parameter summarizeskiape’
of the posterior distribution: a value 6fcorresponds to hard cluste-
ring which implies that the distribution is completely sopigd on a
single solution, the more positiviés,,y is, the more the distribution
is supported on multiple solutions.

In the analysis below we use subsets from the Gaseh data set
with a varying number of genes and conditions and perforntipial
Gibbs sampler runs with a large number of iterations. Oratiten
involves a reassignment of all genes and all conditiond ladters,
and hence involved’+ M x K sampling steps in the Gibbs sampler,
whereN is the number of gened/ the number of conditions, and
K the number of clusters at that iteration (typicalty~ v/N).

First we consider a very small data séd( genes,10 conditi-
ons). We start two Gibbs sampler runs in parallel and comthee
correlation measure at each iteration, see Figure 1. In this case,
p approaches its maximum valye= 1 in less thans000 iterati-
ons and the Gibbs sampler generates a well mixing chain wdaich
easily explore the whole space. Non-zero values of the pytrea-
sure Hyyzzy (0.105 = 0.003) indicate that the posterior distribution
is supported on multiple clusterings of the genes.

Next we run the Gibbs sampler algorithm on a data set With)
genes and all 173 conditions. Unlike in the previous sitrative
observe that the correlation between two Gibbs samplersansa-

that the posterior distribution is supported on multipledbmaxima
which overlap only partially, and with valleys in betweemtltan-
not be crossed by the Gibbs sampler. These local maxima&l ha
approximately the same log-likelihood (see for instanae gmall
variance in Figure 4 below) and are therefore all equallymregful.

The probability ratio between peaks and valleys is so laeypd-
nential in the size of the data set) that an accurate appaiiom

to the posterior distribution is given by averaging over tbeal
maxima only. Those can be uncovered by performing multipdie+
pendent runs, each converging very quickly on one of the maxi
and there is no need for special techniques to also sampletin b
ween local maxima. The number of local maxima (Gibbs sampler
runs) necessary for a good approximation can be estimatéal-as
lows. We performi 50 independent Gibbs sampler runs and compute
for each the pairwise gene-gene clustering probabilityrixdt (see
Methods). For eaclk = 1,...,50, we take two non-overlapping
sets ofk solutions and compute the average of their pairwise pro-
bability matricesF'. Then, we compute the correlation measpre
between those two averages. This is repeated several tilepsn-
ding on the number of non-overlapping sets that can be chHosen
the pool of150 solutions. If for a giverk the correlation is always

1, then there are at moétlocal maxima. Figure 2 shows that As
increases, the correlation quickly reaches close to thigegevalue

1. This implies that the number of local maxima is not too laagd

a good approximation to the posterior distribution can bioled

in this case already with0 to 20 solutions. Supplementary Figute

tes well belowl (see Figure 1). Hence the Gibbs sampler does noshows an example of hard clusters formed as a result of aesing|

converge to the posterior distribution in one run. We cam dai-
ther understanding for the lack of convergence by lookinghore

and fuzzy clusters formed by merging the resultl6findependent
runs.
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Fig. 2. Correlation measurg between different averages of the same num-
ber of local maxima for a data set of 1000 genes and 173 condifisubset
of the Gasctet al. data set).

In Figure 3, we keep the sam®00 genes and select an incre-
asing number of conditions. As the data set increases, tinepgn

measureHy,,,y decreases, meaning the clusters become increasin-

gly hard. Simultaneously, the correlation measpidecreases from
about0.85 to 0.55 (see Supplementary Figug®. We conclude that
the depth of the valleys between different local maxima efgbste-

rior distribution increases with the size of the data setitbdcomes
increasingly more difficult for the Gibbs sampler to escapenf

these maxima and visit the whole space in one run.
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Fig. 3. Entropy measurédTy,,,y for data sets with 1000 genes and varying
number of conditions (subsets of the Gastlal. data set).

Analysis of whole genome data sets

If we run the Gibbs sampler algorithm on the three whole gemom
yeast data sets, we are in the situation where the algoritmy v
rapidly gets stuck in a local maximum. In Figure 4 we plot the-a
rage Bayesian log-likelihood score (see eq. (2) in the Methdor

10 different Gibbs sampler runs for the Spellmanal. data set.

The rapid convergence of the log-likelihood shows that tlileb&
sampler reaches the local maxima very quickly and the lovanae
shows that the different local maxima are all equally likeThe
average oveil 0 runs of the GO mutual information score (see eq.
(7) in the Methods) shows the same rapid convergence and smal
variance (see Supplementary Fig@)e implying that the different
maxima are biologically equally meaningful according tis tscore.
The correlation between different averaged @fibbs sampler runs
reached).85, a value we consider high enough for a good approxi-
mation of the posterior distribution. The other two dates s#iow
precisely the same behavior (see Supplementary Figuaesl5).
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Fig. 4. Trace plot of the average log-likelihood score and standexdation
for 10 Gibbs sampler runs for the Spellmanal. data set.

Two-way clustering versus one-way clustering

Our coclustering algorithm extends the CRC algorithm of Qin
(2006) by also clustering the conditions for each clustegeries
(‘two-way clustering), instead of assuming they are always inde-
pendent‘pne-way clustering. We compare the clustering of genes
for the three yeast data sets using both methods, by congpiitén
average number of clusters inferreld), the average log-likelihood
score and the average GO mutual information scorelfoinde-
pendent runs of each algorithm. The results are tabulatefite

1 and 2. For all three data sets, both the log-likelihood es@ord
the GO mutual information score are higher (better) for oettmnd.
The increase in GO mutual information score is especiatipifi
cant in case of the Hughes al. data set. This data set has very few
overexpressed or repressed values and if each conditian@de-
red independent, there are very few distinct profiles whigsults

in the formation of very few clusters( 15 for 6052 genes). Also
clustering the conditions gives more meaningful resulisesidiffe-
rentially expressed conditions form separate clusters fooe large
background cluster of non-differentially expressed ctiods.

For simulated data sets, clusters are defined as sets of gieaes
ring the same regulators in the synthetic regulatory nédtyand
the true number of clusters is known. Here we consider a getie n
work whose topology is subsampled from Encoli transcriptional
network (Van den Bulcket al, 2006) with1000 genes, of which
105 transcription factors, an286 clusters. For two-way clustering,
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Table 1. One-way clustering, averages fth different Gibbs sampler runs.

Data set AvgK  Avg. log-likelihood score Avg. Ml

Gaschet al. 52.9(2.6)  —6.101(0.014) x 10>  1.771(0.031)
Hughesetal.  14.9(0.5) 2.530(0.002) x 106 0.588(0.044)
Spellmanetal. 49.7(2.2)  —7.183(0.037) x 10*  1.491(0.032)

Table 2. Two-way clustering, averages fof different Gibbs sampler runs.

Data set AvgK  Avg. log-likelihood score Avg. Ml

Gaschet al. 84.5(2.5)  —5.586(0.012) x 10°  1.912(0.033)
Hughesetal.  85.5(2.7) 2.798(0.004) x 108 1.511(0.045)
Spelmaretal. 65.4(4.2) —5.112(0.011) x 10*  1.612(0.032)

as we increase the number of conditions in the simulated stdta
more clusters are formed and the number of clusters satuckise
to the true number (see Figure 5). For one-way clusterinditiac
of conditions does not affect the inferred number of clustehich
is an order of magnitude smaller than the true number (seeré&ig
5). For two-way clustering, due to the clustering of corudis, the
number of model parameters is reduced, and greater statiaticu-
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Fig. 5. Number of gene clusters for a simulated data set Wiii0 genes
and a varying number of conditions, for two-way clusteritmp(data points
(x)) and one-way clustering (bottom data points)

by averaging oveil0 different Gibbs sampler runs. For the Gasch
et al. and Hughe®t al. data sets, full fuzzy clustering is achieved
with 500 fuzzy clusters (al5052 genes have total assignment pro-
bability >, pi. > 0.98). For the Spellmaet al. data set the second
stopping criterium is met after producird@1 fuzzy clusters.

In general, we observe that the algorithm first produces eng v

racy can be achieved, even when the number of genes in arclustirge fuzzy cluster corresponding to an average expregsiafiie

becomes small.

that almost all genes can relate to. This cluster is of naastefor

The correlation measurebetween true clusters and inferred clu- further analysis. Then it produces a number of fuzzy clsstdr

sters also shows a higher value for two-way clustering onerway
(Supplementary Figure 8).
Unlike for simulated data sets, the inferred number of ersst

varying size which show interesting coexpression profiled are
useful for further analysis. For the three data sets consiibere,
this number is around00, consistent with the average number of

does not depend much upon the number of conditions for rea¢lusters in different Gibbs sampler runs (see Table 2). Emeai-

biological data sets (Supplementary Figume i.e., even if more
conditions are added, the algorithm does not generate mesgecs.
This is because in simulated data, every addition of a camd#dds
new information, but for real data sets that might not be eecin
order to get the true clusters from the expression data, wetionly
need more conditions but also that each new condition ¢nrigs
information different from the information already avdila from
the previous conditions. This might be a reason why the #hgor
clusters6052 genes in only~ 80 clusters (see Table 2).

Fuzzy clusters

Our algorithm returns a summary of the posterior distribatin the
form of a gene-gene matrix whose entries are the probaslitiat a
pair of genes is clustered together. To convert these pegérpiioba-
bilities back to clusters we use a graph spectral methodzsierd

in the Methods. The method produces fuzzy overlapping etast
where each gengbelongs to each fuzzy clustérwith a probabi-
lity pir, such thaty ", p; = 1. The size of a fuzzy clustek is
defined as)_, pix. The algorithm iteratively produces new fuzzy
clusters until all the information in the pairwise matrixdsnver-
ted into clusters1® stopping criterium, see Methods), or until the
mathematical conditions underlying the algorithm ceas®td (2”d
stopping criterium, see Methods). We applied the algoritbmpair-
wise probability matrices for each of the three data setinéd

ning fuzzy clusters are typically very small and consist tiyosf
noise. Like the very first cluster, they are of no interestffother
analysis.

Since every gene belongs to every cluster, we use a protyabili
cutoff to remove from each cluster the genes which belong to i
with a very small probability. The smaller the cutoff, themagenes
belong to a cluster, which results into more fuzzy clusterd\dce
versa Table 3 shows the total number of genes assigned to at least
one fuzzy cluster with different cutoff values and in braskée
number of genes assigned to at least two fuzzy clusters.

The goal of merging different Gibbs sampler solutions and fo
ming fuzzy clusters is to extract additional informatiort ofia data
set that is not captured by a single hard clustering solufibis can
be achieved in two ways. First, by obtaining tight clustdrew but
highly coexpressed genes with a high probability cutoffccsel,
by characterizing genes which belong to multiple clusteith \&
significant probability.

For all three data sets, at a probability cutofioos, we get a sub-
set of genes which belong to only one cluster with high prdtigb
Table 3 shows that each data set retains at @&t of its genes.
These are sets of strongly coexpressed genes which clagether
in almost every hard cluster solution. Ribosomal genes skt
a strong coexpression pattern in all the three data setsewhest
genes belong to this cluster with a probability closé {gee Figure




Table 3. Number of genes clustered and number of genes
belonging to multiple clusters with different membership
probability cutoff values.

Data set 0.1 0.3 0.5

Gaschet al. 6045 (4356) 4062 (344) 1781 (0)
Hughesetal. 6052 (4554) 3959 (34) 2254 (0)
Spellmaretal. 6052 (5187) 3158 (139) 1255 (0)

6). At least75% of all the genes in cluste? (Gaschet al. data),
cluster3 (Hugheset al.data) and cluste (Spellmaret al.data) are
located in ribosome.

Fig. 6. Ribosomal genes form a tight cluster in the Hugkesl. data set.
(Due to space constraints only the first few genes are shawxthé complete
figure, see the Supplementary Information.)

Local but very strong coexpression patterns can also betete
by our method. Clustelr5 of the Gasclet al. dataset consists of only
4 genes clustered together with probabilitysee Figure 7). These

four genes, GAL1, GAL2, GAL7, and GAL10, are enzymes in the

galactose catabolic pathway and respond to different cesbarces
during steady state. They are strongly upregulated whesctyse
is used as a carbon sour@“{ experiment cluster in Figure 7) and
strongly downregulated with any other sugar as a carborcedit
experiment cluster in Figure 7). In every hard cluster sohjtthese

4 genes are clustered together along with other genes. Byingerg
these hard cluster solutions to form fuzzy clusters, we digi but
more meaningful cluster with only genes.

YLROSIWL
YBRO20W()
YBROIBE(1)
VBROISE(1)

Fig. 7. Four genes GAL1, GAL2, GAL7 and GAL10 form a tight cluster
showing conditional coexpression in the Gastlal. data set.

ERP2, RET2, RET3, SEC13, SEC21, SEC24 and others. Cluster 34
contains genes repressed under nitrogen stress and atgtiiate.

20 percent of the genes in cluster 27 also belong to clustevittd

a significant membership. These include genes encoding For E
vesicle coat proteins like RET2, RET3, SEC13 and others hwhic
are induced under DTT stress as well as repressed undegeritro
stress and stationary state. Also RIO1, an essential skimase,
belongs to two clusters with a significant probability. listers with
genes involved in ribosomal biogenesis and assembly (Gatsah
data cluste3) as well as with genes functioning as generators of
precursor metabolites and energy (Gastlal. data clustef?). We

find similar observations for the Hughes al. and Spellmaret al.
datasets. Genes CLN1, CLN2 and other DNA synthesis genes lik
CLB6 which are known to be regulated by SBF during S1 phase
(Kochet al.,, 1996) belong to clusterd (Spellmaret al.data). They
also belong with significant probability to cluste{Spellmaret al.
data). More than one third of the genes in clugtare predicted to

be cell cycle regulated genes.

CONCLUSION

We have developed an algorithm to simultaneously clusteegand
conditions and sample such coclusterings from a Bayesizivapi-
listic model. For large data sets, the model is supported oltipte
equivalent local maxima. The average of these local maxiam c
be represented by a matrix of pairwise gene-gene clusterioiga-
bilities and we have introduced a new method for extractimyy,
overlapping clusters from this matrix. This method is ablextract
information out of the data set that is not available fromragkg,
hard clustering.

FUNDING

Early Stage Marie Curie Fellowship to A.J.; Postdoctordldve
ship of the Research Foundation Flanders (Belgium) to T.M.

ACKNOWLEDGEMENT

We thank Steven Maere and Vanessa Vermeirssen for helgul di
cussions.

REFERENCES

Ashburner, M., Ball, C. A., Blake, J. A., Botstein, D., Butlél., Cherry, J. M., Davis,
A. P., Dolinski, K., Dwight, S. S., Eppig, J. T., Harris, M. Adill, D. P., Issel-
Tarver, L., Kasarskis, A., Lewis, S., Matese, J. C., Rickarg J. E., Ringwald, M.,
Rubin, G. M., and Sherlock, G. (2000). Gene ontology: tooltfi unification of
biology. The Gene Ontology ConsortiurNat Genet25, 25-29.

Dabhl, D. B. (2006). Model-based clustering for expressiatadiia a Dirichlet process
mixture model. In K.-A. Do, P. Milller, and M. Vannucci, eali$, Bayesian inference
for gene expression and proteomipages 201-218. Cambridge University Press.

Eisen, M. B., Spellman, P. T., Brown, P. O., and Botstein,1998). Cluster analysis
and display of genome-wide expression patteRmc Natl Acad Sci U S /5(25),
14863-14868.

Fraley, C. and Raftery, A. E. (2002). Model-based clustgriiscriminant analysis,
and density estimatiorl Amer Statistical Ass087, 611-631.

Gasch, A. P. and Eisen, M. B. (2002). Exploring the condé#locoregulation of
yeast gene expression through fuzzy k-means clusteri@gnome Bigl 3(11),

Table 3 shows that many genes belong to two or more clusters RESEARCH0059.

with a significant probability. For the Gaseh al. data set, we find
similar observations as in (Gasch and Eisen, 2002). Cl@steon-
tains genes localized in endoplasmic reticulum (ER) andided
under dithiothreitol (DTT) stress like FKB2, JEM1, ERD2, ER

Gasch, A. P., Spellman, P. T., Kao, C. M., Carmel-Harel, Gsef, M. B., Storz, G.,
Botstein, D., and Brown, P. O. (2000). Genomic expressiogmams in the response
of yeast cells to environmental changé4ol Biol Cell, 11(12), 4241-4257.

Gibbons, F. D. and Roth, F. P. (2002). Judging the qualityesfegexpression-based
clustering methods using gene annotatiGenome Re42(10), 1574-1581.




A. Joshi et al

Hughes, T. R., Marton, M. J., Jones, A. R., Roberts, C. Jugdimn, R., Armour,
C. D., Bennett, H. A., Coffey, E., Dai, H., He, Y. D., Kidd, M,, Xing, A. M.,
Meyer, M. R., Slade, D., Lum, P. Y., Stepaniants, S. B., Stad@m D. D., Gachotte,
D., Chakraburtty, K., Simon, J., Bard, M., and Friend, S. 2000). Functional
discovery via a compendium of expression profil€gll, 102(1), 109-126.

Inoue, K. and Urahama, K. (1999). Sequential fuzzy cluskénraetion by a graph
spectral methodPattern Recogn. Lett20(7), 699-705.

Koch, C., Schleiffer, A., Ammerer, G., and Nasmyth, K. (1R9@&witching trans-
cription on and off during the yeast cell cycle: CIn/Cdc28dses activate bound
transcription factor SBF (Swi4/Swi6) at start, whereas/Ctie28 kinases displace
it from the promoter in G2Genes Deyv10(2), 129-141.

Liu, J. S. (2002) Monte Carlo strategies in scientific computingpringer.

Medvedovic, M. and Sivaganesan, S. (2002). Bayesian iefmikture model based
clustering of gene expression profil&ioinformatics 18(9), 1194-1206.

Medvedovic, M., Yeung, K. Y., and Bumgarner, R. E. (2004)y@&san mixture model
based clustering of replicated microarray dad&informatics 20(8), 1222-1232.

Michoel, T., Maere, S., Bonnet, E., Joshi, A., Saeys, Y., d@m Bulcke, T.,
Van Leemput, K., van Remortel, P., Kuiper, M., Marchal, Kndavan de Peer,
Y. (2007). Validating module network learning algorithmsing simulated data.
BMC Bioinformatics8 Suppl 2, S5.

Qin, Z. S. (2006). Clustering microarray gene expressida daing weighted Chinese
restaurant proces&ioinformatics 22(16), 1988-1997.

Redner, R. A. and Walker, H. F. (1984). Mixture densitiesximam likelihood, and
the EM algorithm.SIAM Review26(2), 195-239.

Segal, E., Shapira, M., Regev, A., Pe’er, D., Botstein, Dolléf, D., and Friedman,
N. (2003). Module networks: identifying regulatory modsilend their condition-
specific regulators from gene expression datat Genet34, 166 — 167.

Spellman, P. T., Sherlock, G., Zhang, M. Q., lyer, V. R., Aisde<., Eisen, M. B.,
Brown, P. O., Botstein, D., and Futcher, B. (1998). Compmnshe identification
of cell cycle-regulated genes of the yeast Saccharomyaesisiae by microarray
hybridization. Mol Biol Cell, 9(12), 3273-3297.

Tamayo, P., Slonim, D., Mesirov, J., Zhu, Q., Kitareewan 8nitrovsky, E., Lander,
E. S., and Golub, T. R. (1999). Interpreting patterns of gexmession with self-
organizing maps: methods and application to hematopaikffierentiation. Proc
Natl Acad Sci U S A96(6), 2907—-2912.

Tavazoie, S., Hughes, J. D., Campbell, M. J., Cho, R. J., dnddB, G. M. (1999).
Systematic determination of genetic network architectitat Genet22(3), 281—
285.

Van den Bulcke, T., Van Leemput, K., Naudts, B., van RempRgIMa, H., Verscho-
ren, A., De Moor, B., and Marchal, K. (2006). SynTReN: a gatmrof synthetic
gene expression data for design and analysis of structareifgy algorithmsBMC
Bioinformatics 7, 43.

Yeung, K. Y., Fraley, C., Murua, A., Raftery, A. E., and Ruz¥é L. (2001). Model-
based clustering and data transformations for gene expredata.Bioinformatics
17(10), 977-987.




