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Bayesian multiple and co-clustering methods: Application
to fMRI data

Tomoxkrt Tokupal'®  Junicuro Yosumorol  Yu Szt Kosuke Yosama??!  Smiceru Tokr3
Go OkapA®  MasaHiRo TAKAMURAS  TETsUYA YAMAMOTO®S  SHINPEI Y OSHIMURA®Y
Yasumasa Okamoro®  SHIGETO YAMAWAKIS  NORIAKI YaHATA®  Keny Doval

Abstract: We propose a novel approach for the dimension reduction of high dimensional data to make the data avail-
able for conventional statistical evaluations. Our method is based on nonparametric multiple Gaussian clustering, in
which we assume that in each cluster block, the instances follow an independent and identically (i.i.d.) univariate
Gaussian distribution. We show theoretically that our model can fit multivariate Gaussian distributions with exchange-
able features. We further show how the clusters derived with this specific model can be uSedtizety reduce the
dimension of data taking into account associations between attributes. Finally, we demonstrate our approach in an
application to resting state functional magnetic resonance imaging (fMRI) data , which implies subtypes of depression
may be characterized by the treatmeffieet of antidepressant drug SSRI.

duction by means of co-clustering and multiple-clustering (more
general class of co-clustering), which are an extension of non-
With the advent of sophisticated data acquisition technolo- parametric Gaussian models for feature space. Co-clustering is
gies and associated research questions, high-dimensional data specific class of clustering which simultaneously models par-
are widely available in scientific research. In the field of neu- titions in both subjects and features, with the assumption of
roscience, high-dimensional brain imaging data such as mag-a subject-cluster (clusters of subjects) structure common to all
netic resonance imaging (MRI) and positron emission tomogra- feature-clusters (clusters of features) [7]. On the other hand,
phy (PET) are now increasingly used for a better understanding ofmultiple clustering relaxes this assumption, allowing for the
the brain. In these data, typically, voxelise analyses such as  subject-clusters within one feature-cluster to be independent from
the two-samplé-test are used to find associations between pheno- subject-clusters in other feature clusters (see Figure 1 for these
types of subjects (e.g., major depressive disorder) and brain areadifferences). Specifically, in our approach, we consider a model
(see e.g. [10]). Such univariate approaches might overlook setghat assumes that the entries in each cluster block follow an i.i.d.
of voxels whose co-activation patterrfférs between two pheno-  univariate Gaussian distribution. This is a special case of the clus-
types of subjects. However, application of multivariate analyses tering method laid out in [4].
is challenging to such data, since the number of features (voxels)
is usually much larger than the number of samples (subjects).
One possible solution for this problem is to reduce the dimen-
sion of features so that the number of features is smaller than
that of the samples: In biology, typically, a factor analytical ap-
proach such as Principal Component Analysis (PCA) is applied
[7]. However, interpretation of the derived principal components
is difficult [13]. Moreover, since PCA focuses only on the vari- .
ability of the data, there is a potential for the true data structure Feluserd " Folistr2 - Folster Feluserd - Fluster 2 s
(such as a cluster structure) to become distorted [6].

In this report, we consider a novel approach of dimension re- Fig. 1 lllustration of co-clustering and multiple clustering for subject-
times-feature data (the left and right panels, respectively). S.cluster
and F.cluster denote subject- and feature-cluster, respectively. In
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1 Okinawa Institutedf Science and Technology Graduate University, Japan the right panel, subject-clusters are dependent on the corresponding
2 Kyoto University, Japan feature-cluster (the digit in parenthesis denotes the feature-cluster
3 Hiroshima University, Japan number); subjects are arrangedffirently in each feature-cluster.

4 Otemon Gakuin University, Japan
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Tokyo University, Japan . e T
a) tom)éki.tolzjdal(g)bloistﬂp In both models, features with specific similar distribution pat-

voxel, a volume element in three dimensional space terns are allocated to the same feature-cluster. Further, using the
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derived feature- and subject-clusters in this model, we charac- ws ~ Betaf|1,a), s=1,2,...
terize each subject with the mean value of a Gaussian distribu- o=l

tion fitted to the instances in each cluster block. Through this Ty = Wy l_l(l_ ws), v=12,...
process of characterization of the data, the feature dimension is s=1
largely reduced, making it possible to apply a number of conven-
tional statistical methods. In this report, we show that for brain o
imaging d_ata, our method of dlmenS|or.1 r'eductlon bgsed on the o = U, 1—[(1_ W), =12 . k=12, ..
co-clustering model allows for easy statistical evaluation of brain =

activation, originally measured for thousands of voxels. Asacon-  z .~ Mul(|p,),
sequence, we identify subgroups of depressive subjects, which

are characterized by treatmerfteet of the antidepressant drug "WNerem = (tw.7m2...), 1, = (1o 1120- ), Yi = (Yj1. Yjz..),
SSRI (Selective Serotonin Reuptake Inhibitors). ar!dZU,i = (Z”*ill_’ Zizs---)- Beta(|f51, b) is a.Beta. d'St_“bl_Jt'O_n with
prior sample sizes (&). Mul(:|p) is a multinomial distribution of

2. Clustering model one sample size and probabilify We set the hyperparameters

As has been seen in Figure 1, the co-clustering model can beandﬁ (concentration parameters in Dirichlet process) to 1.
considered as a special case of the multiple-clustering. Hence, For our mode_l,'we conS|_der a_mort? restrictive structurgggr
for model description, we focus mainly on the multiple cluster- and)_:”’k than orlg_lnally defined in [4]._We assgme thaf _Is a
ing model, for which several variants have so far been proposedrnultlple of the unit vectofl and thatt, is a multiple of the iden-

(see review in [7]). Among these, we focus on the nonparamet- t?ty m?tnxhl. With thgse restrictions, the (t:)onjugate gnor d|st.r|bu.-
ric Bayesian model for Gaussian distributions [4]. Specifically, tions for the Gaussian parameters can be reduced to a univariate

our model assumes that univariate Gaussian distribution fits eachd'St“bUt'on as follows:

cluster block, while the model in [4] considers general covariance

structure. In a nutshell, our model is much simpler than that of %, = o2,1

[4]. However, in case of hlgh-(?hmensmnal case such as fMRI O'U__,E Ga(~|o-52/2,yoo-52/2)
data, our model has a computational advantage.

14

Y; ~ Mul(-lr)
Beta(|1,8), | =1,2,...,v=12,...

c
2

14

”v,k = /lv,kl

21 Model Aoy ~ Gauss(o. y107).

For i.i.d. d-dimensional random vectobs,, ..., X,, we con-  where Ga(-|ab) denotes the Gamma distribution with shape and
sider ad x V feature-partition matrixy in which Y;, = 1 if the rate parametersa(b). In the present paper, we se? = 1074,
jth feature belongs to theth feature-cluster. Similarly, we con- vo = 1,71 = 10%, andAy = 1074 so that the prior distributions are
sider aV x n x K subject-partition (3rd-order) tensdrin which nearly non-informative (though they may be set arbitrarily).
Z,jx = 1if theith subject belongs to thkth subject-cluster in For the co-clustering model, we restrict that subject-cluster is
the vth feature-cluster (\andK are suficiently large). Further,  common to all feature-clusters. Thus, the model in (1) is simply
we denote the parameters for each cluster blodd @sé,x. We replaced by the following equation:

assume that the observation vector in a cluster block follows an v n
i.i.d. Gaussian distribution. Heno,x can be decomposed into a P(X|Y,Z,0) = l—[ 1_[ Gauss(Zil, - Zok()-

mean vectop,, and a covariance matr®, . With this notation, v=1 i=1
the conditional probability oK = (X1,..., Xyt onY, Z, andé,x whereZ is an x K matrix in whichzZ, = 1 if the ith subject
is given by belongs to thekth subject-cluster. The remainders of equations

regarding its priors are changed accordingly.

Since the estimation of these parameters from the data in closed
form is intractable, we rely on variational inferences. The varia-
tional method allows for approximation of the maximum a poste-
riori (MAP) estimate for each parameter in an iterative way. Fi-
nally, we estimate the posterior membership probabilities of each
feature and subject (i.e., in terms fand Z), which leads to a
multiple clustering solution (see [4] for details).

n

\
PIXIY,Z,0) =] |

v=1 i=

Gauss(Zilty k(.iy> Zokw)» (1)
1

where® denotes8,x}; =, is the vector composed ofj (j =
1,....d) such thatY;, = 1; Gauss(u,X) a multivariate Gaus- 2.2 Factor-analytical representation of model

sian distribution with meap and covariance matri; k(v, i) the Although our multiple clustering model is simply built based
subject-cluster index in theth feature-cluster to which thith on an ensemble of univariate Gaussian distributions, it has some
subject belongs (i.eZ,x = 1). interesting properties for its model representation. As a general

To estimate the number of feature-clusters and the number ofproperty of mixture models, our model can flexibly fitfdrent
subject-clusters (conditional on a particular feature-cluster), we types of underlying generative distributions of the data. In par-
further assume the following nonparametric prior distributions for ticular, in the present section, we explore factor-analytical repre-
Y andZ (via Dirichlet process). sentation of the model. To clarify, we focus on a single vector
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&, for a specific pair of, i) and for simplicity denote it a& =

(E1,...,Zq) (i.e., we focus on a particular feature-cluster, while S —-—— e "
considiering mixture structures in subjects). Hewitt-Savage’s the- 52 Eﬁg = '
orem (generalization of the deFinetti theorem [3]) states that a e —_— °°
finite set of infinite random sequencé&s, ..., Ey, is exchange- ‘g “ zz ;_. o
able, if and only if S . 05
V5 —
d 40 1
=) — = =) = =. 45
PE)=PE- o) = [ H PElHm(@), ot
B 55
wherem is a probability measure ap on ac-field [5]. Our 7 - Qﬁ: ’
model includes a special case of this theorem wH@) = Connect-cluster
Gauss(-|¢(1 — p)c) and¢ ~ Gauss(g,pc) with0 < p < 1 and Fig.2 Heatmap othe reduced data. Subject-clusters are sorted by the pro-
¢ > 0, resulting in portion of remission (that is based on HRSD scores); the lines in
' the heatmap show boundaries of the subject-clusters ; the subject-
P(E) = Gauss(Ewl,c(pllT +@-p))). 2 clusters are indexed asiS..., S7; connect-clusters are sorted by

their correlations with the proportion of remission.
This form is a typical instance whe®,, ..., =y are exchange-

able, implying that our model fits data such that variables within

the same feature-cluster are exchangeable Gaussian. Further- S ISR L A Dl e ‘
more, the combination of Egs. (2) and (1) implies tKafollows RN O T 1t R St A
15 e o e s
a multivariate Gaussian distribution '&f 53 2l e 1
+ 254 ] 0
y -E—J s4 - .“ i h ‘ ] " I. B
—_ > 35 k Hip ;‘ it i -2
PXilY) = [ | Gauss(@o,1,c(0,11" + (1 - pu)1)) SBR  Wlh l N
v=1 ashl i -4
= GaussKilu, WW' +P), ) .
57 55 - T - o T -6
Where 1000 2U‘DD‘ BLIIDD 4000 'SDDD 6000 ‘70‘DEI BDD‘D QIDDD
U= (/lo,llTv---v/lo,VlT)T . N Connectivity . N
Fig. 3 Heatmap othe original data. The subject- and connectivity-clusters
\/Clpll 0 0 are sorted as in Figure 2.
W = 0 0
0 0 +Cvovl 2.3 Dimension reduction: characterization of feature-
a(l-p)l 0 0 clluster ~ .
v - 0 0 3) Making use of the exchangeability, we can characterize a sub-
0 0 ov(l-py)l ject by assigning the mean value of the corresponding cluster uni-
variate Gaussian distribution, mapping thed matrix X to anxV

whereu isad x 1 vector;W ad x V matrix; ¥ ad x d matrix.
Equivalently,X;, conditional on the feature-cluster matixis

given usingV-dimensional latent variable: f 1 Xij = Siup) With Si o) = (k)i 4)
Xi|Y = WZi + U+ €,

matrix S,

whereu(j) denotes the index of the feature-cluster to which the
whereZ; ~ Gauss(-|0l) ande; ~ Gauss(-|0). jth feature belongs. Alternatively, we can characterize a subject

This model has the following restrictions: 1) features within by assigning the feature-cluster entry mean of this subject:
the same feature-cluster share the same mean; 2) the covari-

ance of features within the same feature-cluster is represented f : X.j = Siu() With Siuy = D Xije/lo(i)l, ®)

asc(pll' + (1 - p)I); 3) features belonging to fierent feature- Fei)

clusters are uncorrelated. Restrictions 2) and 3) imply that this where|v(j)| is the cluster size of the feature-clust€j). Unlike

model has thefect of a factor analyzer similar to the probabilis- Egs. (4), the dimension reduction method in Egs. (5) retains the

tic PCA [8] which is modeled as (using our notation) subject variability in each feature-cluster. These mappings can
P(X;) = GaussKilu, WW + ), substantially reduce data size and enable further statistical analy-

5 sis. We see an example in the following section.
where¥ = o“l.

More specifically, our model has th&ect of sparse PCAbe- 3. Application to real data
cause of zero elements in the off-diagonal blocR&/df Egs. (3).
In particular, our model maké# sparse in such a way that a sin-
gle latent variable represents a specific set of features.

In this section, by means of the co-clustering method, we an-
alyze resting state functional MRI (rsfMRI) data, which has re-
cently become a common source of investigation in the study of
Note that the sflix v denotes that the corresponding parameters are spe- prain activity related to mental disorders. Our objective is to iden-
cific to theuth feature-cluster; we sort features according to their mem- . . . . .

tify subtypes of depressive subjects in an unsupervised manner.

bership of the feature-clusters, but the order of features within the same
feature-cluster is arbitrary. The sample size of our data is 125, in which 66 were obtained

*2
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4. Conclusion

In this report, we introduced a specific class of multiple clus-
tering model based on nonparametric Bayesian mixture models
which assumes conditional independence of features within a
cluster block, while considering a co-clustering model as a spe-
cial case of the multiple clustering model. Using this model, we
proposed a method to reduce data dimension without distorting
correlated feature structures.

Theoretically, it was shown that this model can have fiece
Fig. 4 Correlations between HRSD scores after 6 weeks of the dosage ofOf (Sparse) factor analyzer, capturing a specific type of correla-

SSRI, and mean values of each connect-cluster; An asterisk * denotestions between features. In neurological data, we can assume that
that the corresponding correlation is significant at levebof 0.05 . L .
this type of co-activation of neurons is often the case, but they are

_ _ _ ~ overlooked or not modeled by other clustering methods. More-
from healthy subjects (control) and 59 from major depressive dis- oyer, our model evaluates partitions of samples and attributes si-

order subjects (depression). For the depressive subjects, the brai%ultaneously, which enablegective fitting of a given multiple
scan of rsfMRI was taken before the start of the treatment by clustering structure.
the antidepressant drug SSRI (Selective Serotonin Reuptake In- |, an application to brain imaging data, our model provided a

hibitors). Feat.u.res of this dataset are compos.e.d by 9730 func-means to find subtypes of depressive subjects and simultaneously
tional connectivity (FC) between 140 pre-specified brain areas. reqyce data dimensions. Using the reduced dimension, it was im-

Correlation

0.4

78 9 10 11 12 13 14 15

1 2 3 4 5 &

Connect-cluster

As pre-processing of data, we standardized each feature (FClyjieq that some brain regions are relevant to the treatrféette
using the mean and the standard deviation of the control sub-¢ antidepressant drug SSRI.

jects, which yielded the data of the depressive subjects with size
59x 9739.

First, we applied the co-clustering method to this data. Due
to computational cost$ and later inference fiiculties, we re-
stricted the maximum number of feature-clusters to 15 (in our
context, we call them connect-clusters). The results of dimension
reduction by means of the co-clustering method are displayed in
Figure 2 (compare these results with those of the original data dis-
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