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ABSTRACT

Summary: We describe a novel gene expression analysis
method for the creation of overlapping gene clusters and as-
sociated metagene signatures that aim to characterize the
dominant common expression patterns within each cluster.
The analysis is based on the use of statistical graphical mod-
els to identify and estimate patterns of association among
gene subsets from gene expression data, and then clustering
is based formal estimates of very sparse covariance matri-
ces arising from these models. Metagene summaries, which
are of interest as reduced dimensional summaries for phe-
notyping studies, are simply the resulting model-based es-
timates of dominant singular factors (principal components)
of population variance matrices within resulting overlapping
clusters. We describe connections between graph-theoretic
approaches to exploring gene expression graphical models
and exploration in biological contexts of gene subsets rep-
resented by identified metagenes, illustrating some aspects
of the utility of this framework for summary representation of
observational gene expression data.

Availability: The software implementing our method is
called MetageneCreatofand is available for download at
http://lwww.stat.duke.edu/~adobra/metagenecreator.htm
Supplemental information:  http://www.stat.duke.edu/
~adobra/ermeta.zip

Contact: adobra@stat.duke.edu

INTRODUCTION

In a number of gene expression studies, the utility of mLﬁ
tivariate statistical methods to define and estimate ag
gate, common patterns underlying groups of genes has
demonstrated. Various clustering methods are in common
to define groups of genes, and data reduction methods to
fine weighted averages of expression of co-clustered geﬁe
can both reduce dimension and improve signal resolutiont.iﬁ)
relation to predicting a phenotype that is inherently related {
multiple co-expression or co-regulated genes. Singular va

decomposition (principal component) methods are stand
tools, and underlie methods for expression data summary,

duction and characterization as well as the use of such ag
gate summaries as predictors of defined clinical or physiol
ical phenotypes. Some key examples includedigengenes
of Alter et al. (2000, 2003), and thmetagenesf Westet al.

(2001); Huanget al. (2003a,b); Pittmaret al. (2004). The

ularized by Eiseret al. (1998) for example, to define multi-
ple clusters with a view to reduce dimension while hopefully
maintaining a representation of multiple common aspects of
variation in gene expression across samples through weighted
averages defined as the dominant singular factors within each
cluster.

There are many possible variations on this kind of appli-
cation of standard statistical clustering and dimension reduc-
tion. Our interest here lies in three aspects: first, the devel-
opment of refined methods of clustering to ensure that the ag-
gregate dominant singular factor does indeed represent a com-
mon pattern underlying a group of genes that show reasonable
co-expression patterns; second, the enrichment of gene sub-
sets defining clusters using estimated patterns of association
between existing clusters and individual genes; and, third, im-
provement of the overall strategy utilizing improved estimates
of covariance matrices of gene expression variables based on
the use of Bayesian statistical graphical models.

We begin with discussion with a simple and effective
heuristic algorithm that, beginning with k-means clustering,
constructs subsets of genes whose variation can be summa-
rized by the first singular factor (principal component) within
the group. The idea is simply to iteratively refine larger clus-
ters to focus on smaller subsets within which genes are more
and more coherently co-expressed. This is followed with dis-
cussion of a method of enriching gene membership of clusters
using a key but apparently novel measure of association - in
covariance terms - between individual genes that are candi-
dates to join a cluster and the existing group of genes within
p_at cluster. This (and other) development of clustering and
Cluster enrichment of course relies on an estimate of the co-

gé%rri]ance matrix of expression of genes. The final contribu-

H ns here focus on the use of sparse Bayesian graphical mod-
g_for improving estimation of such high-dimensional covari-
nee matrices. Here we discuss issues related to choosing
model and parameter priors as well as distributed computa-

nal algorithms for model search. This is followed by details
émw to derive model-based estimates of high-dimensional
P(yariance matrices for use in clustering and other studies,
reu_j the broader use of such models in identifying candi-
te statistical association graphs - network representations

“gene expression data that are of value in visualizing the

0g-~ . e . . o
e(%np|r|cal associations in new and sometimes insightful ways.

The paper concludes with an example from breast cancer ge-
nomics and summary comments.

latter authors focus on the use of clustering methods, as pop-
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REFINING K-MEANS CLUSTERS STEP 4. Repeat steps 1, 2 and 3 urttilbecomes empty or

Throughout, we usenetagendo refer explicitly to the domi- until no additional clusters are saved.

nant singular factor (principal component) of a defined subset |deally we would like to use k-means on the entire set of
of genes. Lex™ = (x,...,x") denote the expression datain-clustered gene& but this might be computationally in-
on p genes (rows) and samples (columns). The genes am@asible on most computing systems. The method performs
identified by indices irK = {1,2,..., p}. Consider a subsetmuch better ifr is as large as possible (usually several thou-
of genesA C K of size #A. The dataé;’) associated with the sands when dealing with 10-30 thousand genes).

genes inA has #A rows andn columns. The SVD 05(21) is The minimum a_llowed SCOrgy should_ be _set as large as
given by: _posable to create tighter clusters especially if the sample size
is small (less than a hundred). Larger valuespfead to
XX') —uDv/, a larger number of clusters created. The minimum size of a
clusterlp can be set to three or to larger values depending on
whereU, V are orthogonal matrices of dimensioms#nand €ach dataset. The genes that are stiliwhen the procedure
nx n, andD = diag(dy, ..., dy) is the diagonal matrix of non- stops are taken to be clusters of size 1 and appended to the rest
of the groups.
Assume that the procedure generates clusters
A1, A,...,Aq with g << p. Then the newg x n data ma-

negative singular values &f” in decreasing order. The com
mon dominant pattern within the clust&(i.e., themetageng

he fi .. | (n) . lin-
represent.ed t.)yt © first prln-C|pa c.omp.onérnrf Xa 158 (|nr)1 trix that replaces(" is given byF = [f/, f5,..., fgl’ wheref;
ear combination of theA¢variables in this clusterf = c'x,”. s the metagene associated with clugter

Herflf is the first column oV andc is the first column of Related ideas of using SVD to construct overlapping clus-
ubh~. i i .. ters of genes with common expression patterns are present in
The score of the clustekis defined as the total variationy, o “gene shaving” method of Hast¢ al. (2000). Their pro-
explained by the common dominant patten cedure sequentially “cleans” clusters by discarding genes that
have low absolute correlation with the corresponding meta-

n .
ScordA) = 10042/ (Zld'2> . (1) 9ene (also called eigengene).
i=

A large value of Scor@\) indicates a tight cluster whose variENRICHING CLUSTERS OF GENES

ation can be summarized Hy Zhou et al. (2002) point out that genes with similar func-

A simple but effective algorithm now described aims tgons do not necessarily have highly correlated expression pro-
refine cluster membership to ensure coherent groupingsfiels. Such genes are very likely to end up in different clus-
genes in the sense that the resulting metagene for each gtepproduced by the k-means algorithm and consequently by
is highly representative of the major common pattern withifle heuristic procedure for producing more coherent clusters
that group. The heuristic procedure constructs a clustergiggenes. Zhotet al. (2002) introduce the notion dfansi-
of the geneK such that the score of each cluster is above&ige co-expressiomo account for the situations when genes
thresholdsy. Proceed as follows: with similar function are only weakly correlated in their ex-

gassion levels, but are strongly correlated in expression with
some other group of genes. We have defined an approach to
enriching gene clusters to address this, based on measuring
association between non-cluster genes and all the genes in a
cluster. This appears to be a quite novel application of a stan-
dard statistical measure of multiple association.
« If ScordA) > s save the clusteA and delete all the ~ Consider a cluster of genes indexed Ayand any gene

genes inA from .Z. Go to the next cluster. g ¢ A. Given the estimated covariance matrix of all genes,

that forB = {g} UAIs
« Otherwise delete fronA the geneig whose removal

STEP 0. Initialize the set of genes that have not been clust
so far: ¥ — K.

STEP 1. Select at random at mogjenes from¢.

STEP 2. Cluster these genes using k-means.

STEP 3.For each clusteA do:

leads to a maximum increase in the score of the result- s._ | o Zga
ing cluster: BT Zag Zan |
io = argmaxX ScoréA\ {i}) :1 € A}. HereZag = ZQA, Ian = Za andoygyg is the variance of geng:

Then, the percent of the variance of ganthat is explained
« If the cluster contains less théggenes, go to the nextby the genes if is given by:

cluster. 1
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The scorep(g|A) is a generalized version of correlation coefwork in terms of the precision matri® = =1 = {@;}. In
ficient between a gergeand a group of genesand it is equiv- most gene expression datasptis very large (tens of thou-
alent to the familialR? statistic from simple linear regressiorsands) whilen is relatively small (tens or possibly hundreds).
models. Higher values gf(g|A) indicate that the expressionGraphical models utilizing priors that encourage sparsity of
pattern of the geng is closely related to the expression pathe precision matriX2 provide opportunities to substantially
terns of the genes iA. Therefore we can order the genesnprove the precision of inferences on covariance patterns in
in K\ A in decreasing order with respect to (2); the genesthis hugely challenging space.

the top of this list are the most likely genes to be functionally The foundations of the approach lie in Dempster (1972),
related with the genes iA. Thereforep(g|A) represents the who introduced the idea of simplifying the structure>oby
basis for making use of the transitive co-expression propesstting elements a2 to zero. This leads to more robust es-
of cellular processes to enrich clusters of genes as followstimates of if Q is required to have a substantial number of
structural zeros. In addition, the dependency patterns among
the genes in the dataset can be visually summarized by means
of anindependence grapfi = (K, E) whereK represents the
vertices of¢ (each variable/gene is associated with a vertex)
%‘ﬁle E is the set of edgek given by the off-diagonal ele-
ments ofQ that are not constrained to be zero:

STEP 0. Start with a cluster of gen&s” K.
STEP 1. Sort the genese K\ Ain decreasing order of their
score(g|A) as in (2).
STEP 2. Start at the top of the list generated at STEP 1
sequentially append genes to cluskeas long asScorgA) >
S0, WhereScordA) is defined in (1).
STEP 3. Repeat steps 1 and 2 until no additional genes are E={(,j)]aj#0, i#]j}
added to clusteA.
. . . . Two genes that are connected by an edg® iare believed

The resulting clusters are still coherent since their Corg-p4ye 5 direct association. If the edge between two genes is
sponding metagenes are required to explain at kagmtrcent missing in#, the genes might still have a substantial associa-
of the total variation in expression within the groups. Morgg,, it this association is indirect. Then the genes are condi-
over, the clusters contains genes with strongly correlated gy, o)1 independent since they have no association given the

pression profiles as well as genes that are strongly Correlé}f'ﬁgrmation on some other subset of genes; see, for example,
with sub-groups of genes in the same cluster. STEP 1 CPQLritzen (1996).

siders all the genes that are currently not in the cluster, and 1o Gaussian distribution given by the covariance ma-
it follows that the method produceserlappingclusters as 8 rix 5 and the independence graphis a graphical model
gene can now belong to any number of groups. The resultjg (£,9). This model is undirected since the edge<in

potentially overlapping subsets of genes could have a cafs jines that represent symmetric associations: any two vari-
mon pattern of expression but can also be relatetidhsitive gpje5 (or genes) joined by an edge can be either response or
co-expressioriZhouet al, 2002). This construction consid-g,sanatory for the other. The duality between predictor and
erably Increases the I'kel'hOOd,that functhnally related geﬂ%%ponse variables is the intuition behind the methodology for
end up in the same cluster while genes with shared functiQR\sirycting large-scale graphical models proposed by Dobra
can belong to the groups that represent these functions. ot 5 (2004) and further refined in Dobra and West (2004).
Itis important to point out that, i, andg are two probe e 1) joint distribution is modeled as a set of regressions

sets for the same gene, then it is likely that the expression paf-each of thep variables. These univariate models can be
terns forg; andg, are very similar. Hence, 4, belongs toA, |\ ittan in structural form as

the scorep(g1|A) will be high irrespective of the other genes

in A and hence it is likely thag;; will also be included inA. X=Tx+e, ()

Therefore the inherent collinearities that are strong in expres-

sion studies do not adversely affect our method for enrichiwjeree = (e1,...,&p)" are the error terms for thp regres-

clusters since duplicate probes should be examined togettgiens and” = {¥; } is a pxpmatrix of regression coefficients.

The set of regressions (3) define a valid joint distribution as

GAUSSIAN GRAPHICAL MODELS given by the chai.n rule in cases .When (as. a sufficient condi-
tion) " is upper triangular form with zero diagonal elements.

Gaussian graphical models provide a formal, model-badadhis case the regression error terms are independent, i.e.

framework for parametric inference on the high-dimensiorab Np(0, W) with W = diag(y1, ..., yp).

covariance matrix of gene expression. Assume a suitably The computations involved are substantially simplified

transformed version of the expression data is centered amte we have immediate access to a Cholesky decomposi-

scaled element-wise, and modeled as a zero-mean, multiviéon of Q = LL’ whereL = (1 —I')'W-1/2 is a lower-triangular

ate normal random sample. That is, each sample of gematrix. If the predictor set of each regression model involves

expression of the genes is g-vectorx ~ Np(0,Z) where a relatively small number of regressors, the resulting matrix

> = {ai;} is the positive definite covariance matrix; we ofteh is sparse which translates into a sparse precision m@trix
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The corresponding matr& = (L~1)’L~1 is not sparse enoughmixture (5) then averaging across the samples obtained. For
to be fully calculated but variance-covariances of subsetsesample, if we are interested in the precision ma@irf the
variablesA C K can readily be obtained via a simple matrimixture (5) and/or in the variance-covariance magjxas-
multiplication: sociated with a subset of variablasC K, we need to repeat
the following steps until the convergence of the mean of the
estimates produced:
whereV, are the rows of ~1 corresponding to the variables
in A.

Constructingsparsegraphical models is key for gene ex- 2. Sample the regression parameters from the correspond-
pression data because sparsity reflects the view that patterns ing closed form posteriors (Dobed al., 2004) to obtain
of variation for a given gene are well predicted by those of  the matricegli,, Wi, )-
a relatively small subset of other genes. Sparse regression
models are induced by a penalty tefm(1— ) for the inclu- 3. Calculateli, = (I —T,)'W
sion of an additional covariate in the model. We empirically |_i0|_;0,
observed thg8 = 1/(p— 1) gives good results in most appli-
cations (Dobrat al., 2004). 4. Take the inverse dfj, and obtain an estimate fa as

An encompassing inverse Wishart prior for the full covari- in (4).
ance matrixz implies consistent normal/inverse gamma pri-
ors for the regression parameters given{hiiy}i>j and{v;}. GRAPHICAL ASSOCIATION NETWORKS
This leads to exact formulas for calculating the marginal like- _ _ o _
linood p(x(" |M) of a graphical model = (Z,%). It follows We define a graphical association network for gene expression

A =VaVa 4)

1. Sample a modé¥l;, using the weight§; }.

~1/2

i, - An estimate forQ is

that the posterior o is proportional with to be the independence graghassociated with the precision
| . matrix Q estimated from the mixture (5) across the statisti-
p(M[x™) O p(x™|M)p(M). cally significant graphical models determined (Doktaal.,

0%004). Visualization of such an empirical network provides
novel access to gene expression based information with po-
tential to generate insights into biological relationships and
p(M) = [B/(1-B)I™, gene function.

We contrast our definition with a more straightforward but
very effective approach of defining association networks that

comvsosmonzil reg:ezs_mnts. wral learm " . assigns an edge between two genes if their absolute expres-
e are interested in structural learning on the spacef  gi"correlation is above a certain threshold; see, for exam-

graphical models that can be obtained from a triangular "|5'I'e Zhouet al. (2002). The length of an edge is taken to

ear system (3). This means that we want to determine a sgf of, decreasing function of the absolute expression correla-
modelsZ = {M; = (%;,%) :1=1,2,...,m} having large pos-

s L " tion, thus highly correlated genes are closer in the resulting
terior probabilitiesp(M; |x"™). Dobra and West (2004) preseng o~ This type of networks can be successfully explored

a three step model search procedure that is guaranteed to " graph-theoretic procedures such as Dijkstra's shortest-

verge to local optima ir”. The first step of this method iden'path algorithm: given any two gengs andgp, the transitive

tifies candidate predictors for each variable. The second Sé%’ﬁes that are potentially functionally related vgthandg,
consists of a heuristic for finding models.irf with high pos- are found on paths of minimum length betwegnand gs.
terior weights. At the third step the models found at Stepg|ated ideas are presented in Rives and Galitski (2003) who
are sequentially improved until convergence. Versions of t’apentify components in protein interaction networks through

first two steps are also despribed in Dobtal. (2004): shortest-path distances between any pair of vertices.
Once we have determined a set of good candidate mod- 5, method of assigning links between genes if the corre-

els.#, we can account for model uncertainty by employing, ,,qing entries i@ are not constrained to be zero is funda-
Bayesian model averaging (Raft@yal, 1997) on#. Con- onaly different than the networks of Zha al. (2002).

sider the posterior normal distribution given by the averagelﬂfOur definition two genes; and g, might be connected
the posteriqr distribut!ons under. ,e,aCh model weighted by mﬁh an edge even if their expression levels are only weakly
corresponding posterior probabilities: correlated. For example, this could happegiifandg, are

m both predictors in the regression model associated with an-
Z\ﬂin(O, %i), ) other gengy, butg, (g1) is not a predictor in the regression
= model forg; (g2). The edge betweegy andg, is generated
with 7 = p(MiIX(m)/[Z'j‘Ll p(M; |X(n))]_ Quantities of inter- through the process of “moralization” (Lauritzen, 1996).
est can then be evaluated by repeatedly sampling from the

The prior weight of the model is given by the product of pri
weights of each regression model:

where # represents the total number of predictors ingall
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A direct consequence of this fact is that exploring ne&PPLICATION
works derived from a precision matrix using paths of MMNe jllustrate our methods through an example that involves
mum length between genes does not have the same meanin .

ession data from 158 breast cancer samples at the Koo

as in the correIaFlor)-baS(_ed net\_/vqus. Jo_nes and West (2 oundation Sun Yat-Sen Cancer Center in Taipei. This dataset
have generated insights into this issue with theory of decom

positions of the covariance between two gegeandgs into is publicly available as supplemental material in Pittregal.

weights that measure the strengths of the relationships {)26Q04). Gene expression assays were performed on the Hu-
9 ng : . PS Ran UgsAv2 GeneChip. The resulting MASS5.0 signal mea-
tween genes along paths that ligkandg in ¢. Their con-

. . ; sures of expression were transformed on a log2 scale and
struction makes use of the underlying graphical modélso . )
) ; " uantile normalized after the removal of the 67 controls.
determine the genes that are most relevant in mediating ¢Qor-

. . : : . enes with small variation or genes expressed only at low
relation betweeig; andg,. More directly in connection with .

. L levels were removed which leaves a total gdZ7 probe sets
our interests here are measures of association between groups. ol dataset

of genes, and between one gene and a defined subset of mor; e employedHdBCSto search for statistically significant

than one gene, in which context the general score metric eér- : . .
. : . . ) aussian graphical models. We chose to generate five start-
lier defined, in (2), is of obvious relevance.

ing models that were further improved inQDO iterations;
one iteration represents about one thousand potentially differ-
IMPLEMENTATION ent models. A number of 30 graphical models were obtained

We have implemented the methods described in this papeari]rg were further used to estimate relevant quantities through

ayesian model averaging.
a MATLAB package calledvietageneCreator The program
packag edvietage orthe program We useMetageneCreatoto construct clusters and the
creates an initial clustering of the genes based on their ex- . : :

. e e . etagenes associated with these groups with respect to estro-
pression profilex\") using the our heuristic procedure base

) en receptor (ER, henceforth) status represented as 0,1,2,3 to
on the k-means algorithm. Then the program generates Ih X . . . . -

. reflect intensity of immunohistochemical staining for the ER
corresponding metagenes and selects the clusters whose Co

responding metagenes have the highest absolute correla?fgﬁn' ER status is a key clinical factor in breast tumors (West
P 9 9 9 et zgl., 2001; Huanget al, 2003a). A cluster is considered co-

with a phenotypg. These will be the clusters that are furthei"rnerent if its score from (1) is at least 65%. The preliminary

enriched based on the Gaussian graphical models. The yser. . .
. %urlstlc method created 801 such clusters of size three or
needs to specify the number of clusters that are selected, 1he

e more while leaving un-clustered a number 0689 genes. In
minimum score of a cluster as well as the actual o¥aand _, . .
tq s process k-means clustered blocks of genes of size at most

y. The program saves the final enriched clusters together\q% Q0 with a mean number of genes per cluster equal to 25

the metagenes associated with these clusters. The clustgrs . ;
. S{) IS last parameter is needed since k-means has to know how
that are subsets of other clusters are removed. We point ou

. . .. many clusters to create). We extracted 500 clusters that ex-
that our method for producing overlapping clusters is inhers . : : X :

: . ibit the highest absolute correlation with ER status as given
ently un-supervised as the response vegtmfluences only

the number of clusters that are ultimately produced not t%t'hew corre;pondlng metage.nes. These-groups were further
enriched to yield 495 overlapping clusters; five clusters were
structure of these clusters.

moved as they were contained within other groups.

) . [
The constructive approach for generating Iarge-sca?e . !
sparse Gaussian graphical models described in Dobra a yve compare the clusters obtained usitetageneCreator

. . HeifR wﬂ the clusters generated by directly applying k-means on
West (2004) is implemented in a C++ package c S tpe entire set of ;027 genes. A number of 498 clusters were

(Dobra, 2004). The model search algorithms are Spe(:ificaclr)éated when k-means was asked to create 500 groups; these

designed to exploit the architecture of a shared set of com- . . groups,

puters thus the implementation makes extensive use of ’\ﬁﬁiactually the same clusters associated with the metagenes
In Pittmanet al. (2004). Therefore the two clusterings of the

libraries, enes contain about the same number of groups
The graphical association networks producedHuBCS gene: . groups.
can be visualized withGraphExplore(Wang et al, 2004) Figure 1 presents summaries of the two clusterings as bar
This is a stand-alone multi-platform JAVA applii:ation t'ha{%lots of the frequencies of the cluster size, cluster score and
dynamically queries and renders complex networks of intearlgsolute correlation with ER status of the metagenes associ-
ted with each cluster. The k-means clusters tend to be larger

actions. It can also retrieve relevant information about tﬁe . .
. . and have lower correlation values with ER status. Moreover,
objects in the network from the Internet.

We emphasize thafietageneCreatoHdBCSandGraph- their corresponding metagenes does not seem to represent the

Exploreare able to handle datasets with tens of thousand<¥ rall expression patterns of the genes within the clusters as
P : 1€ total variation explained by the metagene (i.e., the cluster
genes/variables.

score) is in most cases below 60%. On the other hand, the
all MetageneCreatoclusters have scores above 65% as we
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required; they also seem to exhibit significantly larger corre-
lations with ER status. This is not surprising since lheta-
geneCreatorclusters contain only 530 different genes and
these genes might be more indicativeER status. Figure 2
shows that there is a significant amount of overlap between
the MetageneCreatoclusters. Remark that a relatively large
number of genes belong to 10 or more clusters.

250
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Figure 2: Overlap between the 495 clusters createbibta-
geneCreatar We counted the number of genes that belong to
two clusters, three clusters and so on. The genes that belong
to only one cluster were not considered.

Gaussian graphical models found BgBCSis sparse since
90% of the genes have at most 23 neighbors — see Figure 3.
Figure 4 shows the sub-graph associated with the genes
in cluster 438. This cluster is only one of the sevévigta-
geneCreatorclusters that contains three genes that encode
transcription factors that are known to have strong associ-
ations in expression with the estrogen receptor ESR1 gene
(Lacroix and Leclercq, 2004). These genes are: GATAS3,
HNF3A (or FOXA1) and XBP1. The estrogen-inducible tre-
foil factor TFF1 gene that is a known ER target is also present
in this cluster. Cluster 438 also includes TFF3, another mem-
ber of the trefoil factor family that is closely related to TFF1.
The strength of the relationships among the genes in
MetageneCreatorclusters is evident from the fact that
oligonucleotide sequences associated with the same genes

Figure 1: Comparison between k-means afietageneCre- are clustered together. For example, cluster 438 contains two
ator clusterings. The left column shows summaries aS§ftobes associated with XBP1 and TFF3, respectively.

ciated with k-means clusters while the right column shows \ye reach similar conclusions by examining the cluster as-
summaries associated wikhetageneCreatoclusters. These gqciated with the ESR1 gene—see Figure 5. This cluster con-

summaries are frequencies of cluster size, cluster score gjjfs

two probes associated with ESR1 (hamely 1893 s at

absolute correlation with ER (as percentages) of the corggyy ESR1 in Figure 5) and four probes associated with c-

sponding metagenes.

Therefore the resulting metagene dataset with 158 sam

MYB (MYB_3, MYB_4, MYB_5 and 1474_s_at) which
gives a clear indication of the strong association in expression
between ESR1 and c-MYB.

“The full list of clusters created byletageneCreatoto-

ples and 495 covar|a.1te§ is likely to lead to good.predl'ctl. Bther with the graphical association network containing all
models for ER status; this represents a huge drop in the ini 7027 genes is available as supplemental information.
number of available covariates, 027 in this example). How- ’

ever, the main quality oMetageneCreators that it creates
meaningful groups of genes that might potentially be funBdSCUSSION
tionally related.

. . ) key feature of the clusters found byietageneCreatoris
The graphical association network induced by the y tietag

at the gene-expression sub-graphs associated with them are
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Figure 3: Number of direct neighbors of thed27 genes. N \
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likely to be connected as illustrated by Figures 4 and 5. This

means that the procedure for enriching a clutpresented in Figure 4: Genes in cluster 438 and the connection among
this paper is in many ways equivalent to exploring the neiglfrem in the graphical association network obtained from
bors of the genes iA that belong to paths of length one, twogaussian graphical models. The absolute correlation with ER
three, etc in the graphical association networks induced by §igtus of the metagene associated with this cluster6is.0

Gaussian graphical modes. Exploring gene expression as$is image was produced witBraphExplore(Wanget al,
ciation graphs using shortest-paths of varying length is vagbo4).

able and leads to meaningful results (Dobtal., 2004), but

it does not offer a sound way for ranking the genes found on
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