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ABSTRACT property: data sets are now commensurable on the level

We integrate paired genomic data sets to reveal their de-Of the contingency table. The problem is now to find such
pendencies. We suggest using a dependency-maximizin§|USt3f3 in each data space that reveal maximally well the
clustering method for the task. The recently introduced dependencies between the data sets. This can be solved
methodassociative clustering (A@)nds groupings of genes With a recently developed method callassociative clus-

for which the two data sources are maximally dependent. tering (AC) [3].

The dependencies between data sources become repre- The problem setting of AC is the following: Assume
sented as a contingency table, which is optimized to revealtwo data sets witlto-occurringsamples, that is, samples
the association between data sets, bypassing the possibleoming in pairgx,y) wherex belongs to the first set and
incommensurability between the data sets. The methody to the second. In this paper bottandy are multivariate

is applied to searching for regulatory interactions in yeas real-valued genomic measurements about the same gene,
by looking for dependencies between gene expression probut in principle the type of the data sets need not be the
files and regulator binding patterns. same. The general research problem is to iochmon
propertiesin the set of pairs; statistically speaking, the

1. INTRODUCTION goal is to find statistical dependencies between the pairs.

Integration of the multiple sources of genomic data is an Additionally, when one is not able or willing to postulate
essential task in modern biology. The possible sources in-& detailed parametric modalpriori, dependency model-
clude gene expression, gene sequence, protein expressioH}d With non- or semiparametric methods (such as associa-
and protein interaction data. The data types are heterogetive clustering) is a natural way of formalizing the search
neous, which prevents the most trivial integration meth- for commonalities in co-occurring data sets. Another nice
ods. Probabilistic models [1] and kernel methods [2] have Property of the AC is that in data mining the search for
been applied to the problem earlier. dependencies between data sets is a considerably better-

However, the incommensurability of the information defined target than the common, unsupervised search for
sources may still be a problem, even when the type of theclusters and other regularities.
sources is the same. This holds for gene expression mea- The standard unsupervised clustering methods, reviewed
surements made with different array platforms, or in fact for gene expression clustering for instance in [4], aim at
for any information sources producing co-occurring mul- finding clusters where genes have similar expression pro-
tivariate real-valued data. The incommensurability makes files. The goal of AC is different: to cluster theand the
for instance the simple concatenation (for joint distribu- y separately such that the dependencies between the two
tion modeling) of the vector valued data sets suboptimal, clusterings capture as much of the statistical dependen-
since some variables from one source only may dominatecies between two sets of clusters as possible. In this sense
all the other variables. More importantly, the dominating the clustering isssociativeit finds associations between
sources may hide the associations between the sourcesamples of different spaces. The research problem will be
which are the main interest in this work. formalized in Section 2.

We propose to represent dependencies between two We apply associative clustering to genomic data sets
data sets by a contingency table formed by a set of clus-to search for regulatory interactions between gene expres-
ters for each data sources. The contingency table is crosssion during cell-cycle and transcription factor binding-pa
tabulation of the clusters of the one source against theterns. More generally, we argue that once a research goal
other, and the table cells contain the counts of the datacan be represented as a search for dependencies between
items co-occurring in the respective marginal clusters. It data sets, our approach is a well-defined middle ground
can be interpreted as a coarse summary of the dependerbetween purely hypothesis
cies between the two sets of clusters, with an important-driven research, for which hypotheses must be available,



and purely exploratory research, where the task is often  More formally, for paired daté(xy, yx)} of real vec-

ill-defined. tors (x,y) € R% x R, we search for partitionings
For r_nicroarra_y data,_the existing_dependency {Vi(“)} for x and{Vj(y)} for y. The partitions can be in-
-searching techniques, like Information Bottleneck terpreted as clusters in the same sense as in K-means; they

methods [5], have two deficiencies. First, mutual infor- are Voronoi regions parameterized by their prototype vec-
mation, the dependency measure that they maximize, isiorsm;. Thex beIongstoV;(””) if ]x — m; || < [|x — my|
defined for probability distributions which in turn need o Il , and correspondingly foy.

to be estimated from samples. The separate estimation

stage with its own optimality criteria will introduce ereor ~ 2.1. Measuring and maximizing dependency

to l}h? modg:ls. The Errors are nl_egltl)?lbfle for asymplt?]:u- If the joint probability distributiorp;; of two cluster sets
cally large data sets but non-negligible for many real-lite ;o oq \yith; and; was given, mutual information could

sets. We will solve the problem by directly defining a de- be used to measure the dependency between them. How-
pendency measure for data instead of distributions. It is ever, if only the co-occurrence frequencies computed
justified by combinatorial and Bayesian arguments. FOT ¢ o finite data set are available, mutual information
asymptotically large data sets the dependency measure bes, ., e from this empirical distribution would be a bi-
comes mutual information, and can therefore be viewed ased estimate.

as a principled alternative to mutual information for finite Co-occurrences of data in two sets of clusters can be

data sets. , interpreted as aontingency tableFor finite data in con-
The second shortcoming has been that the models argj,qancy tablesBayes factordave classically been used
not applicable to symmetric dependency clusteringpof as dependency measures (see, e.g., [7,8]). They operate

tinuousdata. While a trivial extension of the existing by comparing a model of dependent margins to another
continuous-data methods may seem sufficient, a concepinq el for independent margins, and are asymptotically
tual change is actually required. Existing finite-data for- equivalent to mutual information.

mulations eithe_r maximize th_e I_ikelihoqm(y|x) of one The novelty in AC is that the Bayes factor dmti-

data set, say, givenx, or maximize the symmetric joint ;e ginstead of only being used to measure dependency
likelihood forp(x, y). Neither of these approaches is de- i, 5 fixed table. Similarly to the classical case, also in
pendgnpy modgllng: Conditional models are _asymmetnc, AC the Bayes factor compares two alternative models for
while joint density models represent all variationd@nd ¢ ¢ross-tabulation data: one describing a table where the
y instead of common variation, and therefore do not even 5 4ing are dependent and the other a table with indepen-
asymptotically reduce to mutual information. A solution o margins. However, in AC the clusters in each data

implemented in associative clustering is to use a ypothe-gnace now correspond the categorical variables defining
sis comparison approach which translates to a Bayes faCyg rows and columns of the contingency table. The clus-

tor cost function. . ters, in turn, are defined by the Voronoi regions param-
_From the biological perspective, the advantages of clusgterized by the prototypes vectors. In the optimization,
tering by maximizing dependency between two sources ofhe prototypes are tuned to make the dependent model de-
genomic information are at least two-fold. First, the new scripe the contingency table data better than the indepen-
problem setting makes it possible to formulate new kinds gent model, which can be interpreted as maximizing the
of hypotheses about the dependency of the sources, Nofjependency between the clusters.
possible with conventional one-source clusterings. Sec- | associative clustering, the frequencies over the cells
ond, mining for regularities in the common properties of 4f 5 contingency table are assumed to be multinomially
two data sets is a more constrained problem that mining yistributed. The modeM; of independent clusteras-
for any kinds of regularities within either of them. Hence, g, mes that the multinomial parameters over cells are outer
assuming the sets are chosen cleverly, the results are POroducts of posterior parameters at the margifig: =
tentially better targeted. Our hypothesis is that theré wil 8;0;. The modelMp of dependent clusterignores the
be less false positives in the discovered regulatory intera  srictyre of the cells as a two-dimensional table and sam-
tions when expression and transcription factor binding are ples cell-wise frequencies directly from a table-wide riault

combined in a dependency maximizing way, compared t0 nomjal distributiors;;. Dirichlet priors are set for both the
one-source clusterings. The previous studies support th'%argin and the table-wide multinomials.

hypothesis, see for example [6]. We will study the inter- AC is optimized by maximizing the following Bayes
actions in Section 5. factor
sF = P17} Mp) 1
2. ASSOCIATIVE CLUSTERING — p({ni; Y My) @)

Given two feature setsx andy, for one set of objects, with respect to the margin clusters parameterized by pro-
the associative clustering [3] clusters each feature get se totypesm® € R% m®) e R%. This results in a con-
arately, in such a way that (i) the clusterings capture astingency table where the margin clusters are maximally
much as possible of the dependencies between pairs oflependent, thatis, the table is as far from the product of in-
data samplesx,y), and (ii) the clusters contain similar dependent margins as possible. Note that the counts (clus-
data points. ter memberships) are determined by the parameters of the



Voronoi regions in Eq. (1) in the sense of normal vector unlikely a cross cluster igjiven that the margins are inde-
quantization explained in the beginning of the section.  pendentFor this purpose several (1000 or more) data sets
The multinomial parameters can be marginalized out, of the same size as the observed one are generated from

and the Bayes factor takes the form [9] the marginals of the contingency table (i.e., under the null
hypothesis of independence). The cross clusters with the
BE [L; T(ni + n®) observed amount of data more extreme than that observed

- [T, T(ns. +nl) Hj L(n.; +n®)’ (2) by chance with probability 0.01 or less (Bonferroni cor-
rected with the number of cross clusters), are defined to
wheren;. = Zj ni; andn.; = > n;; express the mar-  besignificantly dependent cross clusters
gins. The hyperparametet§?”, n(*), andn(¥) arise from Next, the two criteria, dependency and reproducibility,
Dirichlet priors. We have set all three hyperparameters to Will be combined by evaluating how likely it is for each
unity, which makes thBF equivalent to the hypergeomet- 9€ne pair to occur within the same significantly depen-
ric probability classically used as a dependency measuredent cross cluster in bootstrap (this is analogous to [13]).
of contingency tables. It can be shown that for large data This similarity matrix will finally be summarized by hier-
set sizesV the logarithmic Bayes factor approaches mu- archical clustering.

tual information/ (I, J) between the categorical variables ~ Summarizing, the final AC gene clusters are the boot-
I andJ having cluster indices as their values. strapped, most dependent cross clusters.
2.2. Optimization of AC 2.4. Interpretingthe crossclusters

In associative clustering the Bayes factor (2) is maximized We evaluate which cross clusters are exceptional by their
with respect to the Voronoi prototypt{Sn(”)L {m(y)}, expression or TF binding profile. For determining the ex-
Because the optimization problem would be combinato- ceptionality of the observed cross cluster, for each of them
rial for hard clusters, the clusters are smoothed enabling10,000 random sets of genes were first sampled, each of
the use of gradient methods. Additionally, the denomina- the same size as the cluster under study. The within-cluster
tor of the Bayes factor is given extra weight by introduc- average profiles were then computed for the observed clus-
ing constants\(*) that improve the optimization [10]. A ter as well as for the simulated ones. A part of the ob-
choice of A\() > 1 in general favors solutions with uni- served average profile was denoted as extreme if it was
form margin distributions, i.e. with equal cluster sizes.  lower or higher in value than all the simulations.
Summarizing, the optimization of AC proceeds as fol-
lows: (i) Prototypegm(*)} and{m(¥)} are independently 3. REFERENCE METHODS
initialized by ChOOSing the best of three K-means runs ini- First of a”, we are interested in Comparing AC to the con-
tialized randomly. (i) We choosa) = 1.2. (ii)) o, ventional clustering. The main reason here is that it is a
are chosen by running the algorithm for half of the data way to estimate whether there are any reproducibly depen-
and testing on the rest. (iv) THen(")} and{m®)} are  dent subsets in the data. If there are not, the conventional
optimized with a standard conjugate gradients algorithm, cjystering should perform equally well in the dependency
usinglog BF’ as the target function [9]. The reported re- maximization task. The reference method should be as
sults are from cross-validation runs. similar to AC as possible in other respects. In this work
Note that smoothing is for optimization only: Results the baseline method will be independent K-means cluster-
are evaluated witlBF, which translates to having crisp ings in both data spaces, since both AC and K-means are
clusters. prototype-based clustering methods for continuous data
; like AC.
2:3. Bootstrapping AC The main reference method is the information bottle-
In AC we do not test any hypotheses , cf. [7], but maxi- neck (IB) [5, 14]. Although IB works on nominal-valued
mize the Bayes factor to explicitly find dependencies. Sincedata, whereas in our setting is the data is continuous, it
the maximization finds a point estimate for the maximal can be modified for the task. We discretize the continuous
dependency of the contingency table, it leaves the uncer-data first by K-means, which results in a new algorithm
tainty of the solution open. called here K-IB. For discrete data, the closest altereativ
A widely used “light-weight” method to take into ac- to AC among information bottleneck methods is the sym-
count the uncertainty in clustering is bootstrap [11, 12]. metric two-way IB [14]. Our sequential implementation
As in [13], we use bootstrap to produce several perturbedis based on [15].
clusterings. We wish to find cross clusters (contingency  Note that the final partitions from K-IB are very flex-
table cells) that signify dependencies between the daga setible (they are not constrained to be continuous in the data

and are reproducible. spaces), and therefore the method is expected to model
Reproducibility of the found dependencies will be es- the dependencies of the margin variables well. As a nat-
timated from the bootstrap clusterings as follows. ural drawback, interpretation of the clusters may be dif-

First, we define what we mean by a significantly de- ficult. This is due the final margin clusters consisting of
pendent cross cluster within a given AC-clustering. The many atomic Voronoi regions, which cannot be summa-
optimized AC model provides a way of estimating how rized easily as needed for example in the determination of



v} Y ; make up macromolecular complexes before binding to the

: regulatory regions of DNA. Since TFs are manufactured
by expressing the relevant genes, they are the key com-
ponents of gene interaction networks. We focus on the
dependencies between the TFs and gene expression, that
is, on the gene regulatory network.

One possibility to study regulatory interactions is by
measuring genome-wide expression with microarrays in
X X time series experiments. In time series experiments the
AC K-means goal is to infer causality in the gene regulatory network
based on the sequential changes in expression levels. How-
Figure 1. Associative clustering applied on artificial data ever, since the interaction network between the genes is
demonstrating how the dependent subsets of the data becomplicated, discerning the direct change of expression
come modelled more accurately in AC. Here both margin in a time series from noise and the mass of second-order
spaces, denoted By andY, are 1-dimensional, and the effects can be very difficult, if not impossible. At least a
figure shows a scatterplot of the data (dots on the planecomprehensive, very expensive high resolution time-serie
whereX andY are the axes). Cluster borders in tke  experimentwith numerous replications would be required.
space are shown with the vertical lines and cluster bOfderSA|ternative approaches are thus worth exp|0|’ing to com-
in the Y-space with horizontal lines. The resulting grid plement these experiments.
of so-called cross clusters then corresponds to the con- Microarray-based chromatin immunoprecipitation
tingency table; the number of dots within each grid cell (chpy allows measuring the binding strength of the tran-
gives the amount of data in a contingency table cell. The scription factor proteins on any gene’s promoter region

AC cells are sparse in the bulk of independent data in the[16]_ This reveals which TFs are able to bind the spe-
middle and denser on the sides whereXhendY are de-  (jfic gene’s promoter and are thus potential regulators.

pendent. K-means, in contrast, focuses on modeling theg, ¢ many TFs bind numerous gene promoter regions and

bulk of the data in the middle. are still not operational regulators. Thus the number of
false positives, i.e. the number of false regulator retfetio

the extremity of the TF binding or expression. The em- between TFs and genes, can be very high. Inferring the

pirical results support both the good performance of K-IB regulatory relationships based on the binding information
and the non-localness of the resulting clusters. alone requires the use of strict statistical criteria, Whic

turn results in high false negative rate, i.e. the number of
4. DEMONSTRATION WITH ARTIFICIAL DATA real regulatory relations missed may be high. This phe-

One key property of associative clustering is its ability to "omMenon has been noted for example in [6].
focus the resources only on the relevant parts of the data e make an assumption that the effects common to
spaces. Figure 1 demonstrates this with as simple artificialpoth TF binding and gene expression are more likely to be
data sets as possible. true functional regulatory interactions than those presen
The clusters focus on modeling those regions of the only in either of the data sets. We combine the functional
margin data spaces, that is, those subsets of data, wher@formation (gene expression) and the potential regula-
the Co-occurring pairS( andy are dependent_ This is tor information (TF blndlng) with associative CIustering.
clearly visible as the concentration of the cluster borders Note that the potential incommensurability problems are
on the extremes of both margin spaces in Figure 1. by-passed by handling the dependencies on contingency

level.
5. CASE STUDY: DEPENDENCIES BETWEEN

The following additional assumptions motivate the ap-
GENE EXPRESSION AND TRANSCRIPTION oo it it 3
FACTOR BINDING plication of AC: First, it is assumed that the genes are co

expressed in groups that are unknown, cf. [17, 18]. Sec-
One of the most common model organisms used in biol- 0nd, it is sensible to assume that a common set of tran-
ogy is the baker's yeas§accharomyces cerevisia@he scription factors binds to the co-expressed genes. Other-
main reasons for its popularity are the generalizability of wise groupwise expressionwould be very unlikely. This is
its genetic regulation to other eukaryotes an its easy ex-0of course an oversimplification, but it has some biological
perimental handling. justification. To be more realistic, we do not assume that
Gene expression regulation represents a crucial ma-all the genes are regulated in such a manner: instead we
chinery in cell’s functionality. It operates on several-lev assume that onlgubsetof genes behave this way, only
els, of which perhaps the most important is transcriptional & subsebf transcription factors need to be the same, and
control. A set of regulatory proteins callé@nscription ~ CO-expression needs to take place onlg isubsebf time
factors (TFs)bind to DNA in the gene regulatory (pro- points.
moter) region and can either enhance or suppress the gene’s Associative clustering, when applied to expression and
expression, and are the core component in transcriptionalTF binding data, makes precisely these assumptions, and
regulation. In most cases TFs interact with each other towe now aim to find subsets of genes whose expression is




maximally dependent on their transcription factor bind-
ing profiles. These sets then act as hypotheses for co-
regulation of gene expression, and additionally the poten-
tial regulators can be inferred from them.

= =

=i

KMEANS

TF binding space

SUM OF VARIANCES
SUM OF VARIANCES

5.1. Timeseriesgeneexpression and TF binding

KMEANS

Expression space

AC 1B RAND AC 1B RAND

We use the expression data originally pub-
lished in two different papers [19, 20]
(ht tp: // genonme- ww. st anf ord. edu/ cel | cycl e/l i nks. ht m )

and measured during yeast cell cycle. The data consiste
of 77 timepoints in total. The transcription factor binding
data used here is the updated (2003) version of [16] for
106 transcription factors. In this case study the missing
values were imputed with the k-nearest neighbor method
(k = 10) [21] and logarithms were taken from both of
the data sets. Including only the genes present in both
data sets resulted in a total of 5618 genes. The amount

of clusters were 30 in the expression space and 20 in thecharacterize the differences between the analysis focus-

d:igure 2. Cross cluster dispersion for all methods in
cell-cycle experiments, demonstrating that AC produces
clusters that are almost as compact as K-means clusters,
whereas IB produces significantly more dispersed clus-
ters. RAND is a kind of an upper limit for cluster disper-
sion, obtained by randomly assigning samples to clusters.

TF-binding space.
5.1.1. Numerical results
We first used this data to validate the performance of AC

in the two tasks it addresses: maximizing the dependencyg
and keeping the clusters homogeneous. These were meg.

sured in 10-fold crossvalidation runs with pre-validated
for AC and pre-validated number of K-means clusters for
K-IB. Pre-validation was analogous for both methods: the

data was divided into two equally sized parts, and several

parameter values were tried from three different random
initializations. Of these the parameter value giving the

best AC cost was chosen. The final cross-validation runs

were also started from three different random initializa-
tions.

The differences in dependency modeling between all
the methods were statistically significant for this data pai
(10-fold cross-validation, paired t-test; d.f. 59k 0.001).
Natural logarithmic Bayes factor for AC was 32.27, for IB
-13.17, and for K-means -92.30, implying that AC found
a very strong dependency between the data sets.

The measure of cluster homogeneity, or actually dis-
persion, was the sum of the componentwise variances. Fo
this data pair AC produced significantly (10-fold cross-
validation, paired t-test; d.f.=9; < 0.001) less dispersed
cross clusters and margin clusters than IB. Figure 2 visu-
alizes the cross cluster dispersion for all methods.

5.1.2. Biological results
We sought for biological findings from the bootstrapped

ing on cyclic behavior presented in [19] and the analysis
based on similarities and dependencies defined by AC. In
our initial data set we could find 642 cell cycle associated
enes. The total number of genes in the reliable clusters
as 307 of which 107 were cell cycle gene (Fisher exact
est; p-value< 2.2e¢ — 16). Closer study showed that the
cell-cycle genes were statistically significantly enridiie

6 out of 16 of AC clusters (Fisher exact test; Bonferroni
corrected p-value: 0.05). This hints that AC finds a part

of cell cycle machinery revealed also by other analyses,
but additionally suggesting regulators for it, and also-pro
duces completely new groups of genes being expressed
and regulated similarly during cell cycle. We describe
below a representative sample of four clusters, including
both cell cycle associated and new clusters.

The first, most notable cluster is a large set of about
one hundred genes that all code for ribosomal proteins.
These genes are known to be expressed often very homo-
geneously, and they can also often be found in usual clus-
ter analyses, cf. [23,24]. The salience of this cluster ts no
unique to the AC method and it is not cell cycle specific,
Ibut it emphasizes that also previously known co-regulated
sets of genes are readily detected.

The second cluster of 25 genes (15 associated to cell
cycle in [19]) contains many genes (about two thirds) of
unknown molecular function. Even the biological process
they contribute to may be unknown. The known genes
map to such GO categories as “nuclear organisation and
biogenesis” and the most reliable transcription factor as-

W

AC clusters. The clusters with average distance smallersociated to genes in this cluster was YAP5p/YIR018Wp.

than 60 (times in the same dependent cross cluster out o

100) and with more than 2 genes were chosen. This re-

sulted in a total of 16 clusters with 307 genes.

Gene ontology classes were enriched statistically sig-
nificantly in 13 of the 16 clusters (GO::TermFinder [22];
Fisher's exact test, Bonferroni correcteds 0.05), prov-
ing that the clusters are biologically meaningful.

fThis transcription factor is known to be activated by the
main regulators (SBF and MBF [25]) of the START of
the cell cycle, a time just before DNA replication. This
clearly refers to cell cycle regulation and to organization
of the nucleus prior to replication. The known genes in
this cluster therefore seem to form a knowledge base from
which biological experiments can be designed in order to

Next, AC results were contrasted to the work presentedsolve the function of the unknown genes in the same clus-

in the literature by studing the distribution of cell cycke a
sociated genes defined in [19] into AC clusters. This will

ter.
The third cluster (Fig. 3) contains a significantly high



number (25/33) of genes involved in cell cycle regulation, pected) and unexpected findings were made: known reg-
and, more specifically, at the stage of entry into the mi- ularities, outliers, and hints about unexpected regudsrit
totic cell cycle (9/33). The main regulator identified inghi  The distribution of the known cell-cycle genes revealed
module is SIP4p/YJLO89Wp which is possibly involvedin  that AC had captured the statistically significant portion
the transcriptional activation regulated by SNF1p/YDRWPZ of them into clusters, but not all. This is certainly due to
This latter signaling factor is required for transcription different analysis techniques, but also possibly due tb fac
in response to glucose limitation. Interestingly, a DNA- that not all the transcription factors regulating the genes
binding domain of SIP4p/YJLO89Wp is similar to that of during the cell cycle are among public TF data.
GAL4p/YPL248Cp transcription factor, involved in galac- Several research directions concerning AC are possi-
tose response, another route in energy metabolism. Takemble in the future. Most importantly, its applicability to
together, this cluster contains some clear referencedlto ce heterogeneous data will be tested. This is important since,
cycle regulation on one hand and energy metabolism onwhile the parameterization and optimization of the clus-
the other, and proposes a set of genes that can bridge anters in vector-valued data is straightforward, it requires
connect these two biological processes. Thereby AC of- some consideration for example with sequence data. Still,
fers the possibility to hypothesize on a relation between the principle of dependency maximizing clustering itself
biological functions, also offering some clues on what geneis naturally applicable whenever it is sensible to form grou
could be involved. of data items. In addition, the amount clusters and their
The fourth cluster contains 9 genes of unknown molec- parameterization should be investigated further.
ular function or associated biological process, and withou Dependency-searching methods may potentially over-
a known association to cell cycle. The transcription fac- fit the data, which is well-known for canonical correla-
tor ACE2p/YLR131Cp is associated to this cluster and is tion analysis and can be avoided by regularization. Anal-
known to activate expression of early G1-specific genes, ogously, also AC can be regularized. We have developed
localizes to daughter cell nuclei after cytokinesis andghe two regularization methods for an earlier method corre-
delays G1 progression in the daughters. Based on thissponding AC with one fixed margin. “Entropy regulariza-
data, the 9 genes can be predicted to act during the Gltion” was used here because it is easier to apply in prac-
phase of the cell-cycle, thus specifying what kind of tar- tice and has not been shown to be worse than the alterna-
geted experiments are needed to establish their function. tive [10]. In the present case bootstrap also helped. An-
other related question is which kinds of priors to use for
6. CONCLUSION the distributional parameters. The simple constant Dirich

We h d tlv developed it | let priors used in this work may be too informative.
D oo Y P SVEOREE SSSO0CIETVE CHS™  we expect that exploratory models of the type intro-

tering (AC) method [3] for the integration of the possibly duced here are viable as complementary methods for gath-

mcomme_nsurable data sources. AC. sgarches for the qeéring the necessary prior knowledge for the more specific
pendencies between data sets consisting of co-occurrmqnodels
samples data sets, by maximizing the dependency of two '
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