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Abstract It is important to detect interaction effect of
multiple genes during certain biological process. In this
paper, we proposed, from systems biology perspective, the
concept of co-regulated gene module, which consists of
genes that are regulated by the same regulator(s). Given a
time series gene expression data, a hidden Markov model-
based Bayesian model was developed to calculate the
likelihood of the observed data, assuming the co-regulated
gene modules are known. We further developed a Gibbs
sampling strategy that is integrated with reversible jump
Markov chain Monte Carlo to obtain the posterior
probabilities of the co-regulated gene modules. Simulation
study validated the proposed method. When compared
with two existing methods, the proposed approach
significantly outperformed the conventional methods.

Keywords co-regulated gene module, Bayesian, hidden
Markov model, Markov chain Monte Carlo

1 Introduction

Understanding cell responses to environmental stimuli is
one of the central tasks for systems biology. Large scale
gene expression profiling with microarray platforms is
widely used to identify the responsive genes with
significantly changed expressions in the induced process.
But the gene-based method does not consider the
interactions of multiple genes, which is generally believed
important in most of the biological functions [1-4].
Identification of gene modules rather than independent
genes can provide better understanding of the underlying
regulation mechanisms.
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Conventional methods for analyzing gene interactions
focus on investigating genes that co-express in certain
biological processes, such as hierarchical clustering [5], K-
means [6], and self-organizing maps [7]. Graph-based
approaches are widely used for the identification of co-
expression modules [8—10]. In these methods, pairs of gene
expression similarity are calculated to construct a network,
in which nodes represent genes and two genes are
connected if their similarity is above a threshold. The
module identification is carried based on the network. The
detected genes in the module tend to have high/low
expressions simultaneously.

However, the statistics obtained from stability assump-
tion that ignores the dynamic process of genes may result
in inaccurate conclusion, as genes generally express in a
highly dynamic way. Furthermore, which may be more
fundamental, the genes that work together in certain
process may not co-express with each other, thus the effort
that is focused on co-expression pattern of genes may lose
much power in detecting interactive genes, especially in
time series data analysis in which the expression level of a
certain gene could vary strongly as it may be regulated by
certain factors that could change their statuses through the
process.

To overcome these limitations, we propose in this paper
an algorithm named CrgMODE (Co-regulated gene
MOdule DEtection) to investigate the gene interactions
in a certain biological process. Co-regulated Gene Module
(CrGM) consists of genes that are regulated by the same
factor(s). We first develop a Bayesian model that partitions
the genes into different modules in which genes are
supposed to be regulated by the same factor(s), which may
be unknown. The expression process inside each module is
modeled based on hidden Markov model (HMM) in which
the regulator is represented by a hidden variable whose
status may be changing during the biological process,
while the expressions of random genes are modeled by
Gaussian mixture model (GMM). To obtain the posterior
probabilities of the modules (gene partition), we developed
a Markov chain Monte Carlo (MCMC) sampling strategy
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that integrates both Gibbs sampling and reversible jump
Markov chain Monte Carlo (RJ-MCMC), in order to
address the uncertainty in both marker partition and
module number determination.

We systematically compare the proposed approach with
two existing algorithms on simulated time series micro-
array data sets from four models. The results show that our
method outperforms the other two algorithms.

2 Methods
2.1 Co-regulated Gene Module (CrGM)

Under specific stimuli, the transcription of downstream
genes will be activated or repressed with certain patterns,
which can be possibly identified in the time series
microarray data. The variations of gene expressions
provide important information of this dynamic biological
process. Here, we propose the concept of CrGM in order to
get better understanding of interaction effect of genes in
this process. Genes in the same CrGM are regulated by the
same regulator in the process, while those in different
CrGMs are regulated by different regulators.

The relationship between genes and their regulators is
shown in Fig. 1. Regulated genes are contained in CrGMs,
and the unregulated ones are outside the modules. Each
CrGM has a hidden regulator (which could be interpreted
as the combinative effect of certain factors) and different
regulators affect their own downstream genes during the
dynamic process independently. The states of these hidden
regulators are varying during the biological process with
certain patterns. For the genes being regulated, we further
define being singly regulated and being co-regulated.
Being singly regulated means that the gene has a unique

regulator only for the gene itself. In other words, the CrGM
is composed of only one gene (Fig. 1, CrGM 2). Being co-
regulated means that several genes share the same hidden
regulator, which means the CrGM is composed of multiple
genes (Fig. 1, CrGM 1). It is obvious that being singly
regulated is a special case of being co-regulated where the
number of regulated genes is one. We use the term “co-
regulated” to denote the cases of both being singly
regulated and being co-regulated.

The dynamic process inside each CrGM is modeled
based on HMM. We use kth-order Markov chain to model
the dynamic process of the hidden regulator:

P(s(t)|s(t— 1),s(t—2),...,s(0))

- P(s(t)|s(tf l),s(tf2),...,s(tfk)>, 1)

where s(¢) is the state of the regulator at time point z.

The relationship between increments of the
expression levels of genes and the state of the
regulator in a CrGM is shown in Fig. 2. The state of
the regulator in the present is determined by its former
k states. Once the regulator state is fixed, the
increments of the expression levels of these genes are
generated by emission probabilities independently. Here
emission probability refers to the probability of the
increment of the expression level of a gene conditional
on the state of its regulator. Generally the emission
probabilities for different genes in the same CrGM could
be quite different.

For genes that are not-regulated, we assume that there is
no regulator for them or the regulator is a constant during
the process we are observing. Therefore the increment is
random and is assumed following i.i.d. GMM.

Fig. 1 Relationship between genes and their regulators. Regulated genes are contained in CrGMs and the unregulated ones are outside

the modules. Each CrGM has a hidden regulator.
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Fig. 2 Relationship between increments of genes and states of the regulator in a CrGM in a certain biological process.

2.2 Bayesian marker partition model

Suppose in a time series microarray data set, there are L
genes with expression levels at 7 + 1 time points. The
expression of gene 7 at time ¢ is represented as Gj(¢), i =
1,2,....,Land ¢ = 0,1,...,T. Let d;(¢) be the increment of the
expression level of a gene,

G,(1)
G,(t-1)
where ¢t = 1,2,...,T. Therefore, d;(¢) > 0 means that the

gene expression level increases during the period from
time point 7— 1 to time point ¢, while d;(¢#) < 0 means that

(4()d),...
d(T )) record all the increments from time point 1 to time
(D,,Ds,...D

di(1) = log @

the expression level decreases. Let D; =

point T for the ith gene and D = )’ for the
whole observed data.

As we already defined in the last section, the L genes can
be partitioned into K + 1 modules My,M,,...,My, where
M, contains genes unregulated and M; to My are CrGMs.

Let /;, i = 1,2,...,L, be the indicator for the partition of
the ith gene, and I = (I,,1,,...,I;)" represent the partition
for all the L genes. It is natural that /; has K + 1 possible
values 0,1,...,K. Let /,, be the number of genes partitioned
into the mth module, m =0,1,... K. Now we have
ZO =+ ll 4+ -+ IK = L. Let D (Dml’Dm27 ) be
the increments of the expression levels of genes that belong

to the mth module, and D,,; = (dm,-(l),dmi(Z),...,dm,-(T))
the increments for the ith gene in the mth module for time
point 1 to time point 7, m = 0,1,....K andi = 1,2,...,/,,. Let

Sy = (s,,,(l),sm (2)seeesS(T )) " be the states of the hidden

regulator in the mth module from time point 1 to time point
T, and assume s,,(¢#) has R possible values 1,2,...,R,
m=1,2,...,K. With these concepts, the problem of
detecting groups of genes that are co-regulated in the

dynamic biological process is equivalent to partitioning the
genes into different CrGMs.

Module M, consists of genes that are not regulated. As
discussed in the last section, we assume the increments of
the expression levels of genes in M, follow i.i.d. GMM
with R sub-populations. Therefore, the likelihood of the
observed increments D,, given the partition I and the
parameter ® of GMM can then be written as

p(Dol0.1) = Hﬂp(do, ;). 3)
where d;(¢) denotes the increment of expression level of
the ith gene in module M, at time point ¢ and ® =
(01,0,,...,0,) " the parameter matrix for Gaussian mixture
distribution for the ith gene in M. ®; = (@;u;,6;), where
a; = (01,0250 50R)> Hi = (Hitsfhizse-sftin), and 6; = (oy,
Oinyees0ir), is used as the parameter for generating

increment at every time point for the ith gene in M,
from the GMM that is illustrated with Eq. (4),i = 1,2,...,1,:

p(doi(0)

where 0<o;<1, j=12,.,R, and 27] =1,
i=12,..0.

We use expectation-maximization (EM) algorithm to get
0, = arg max (Ht 1p(doi(1)18;)), i =1,2,...1. Let 0=

(@1,6)2, ® o ) . We assume that the likelihood calculated

based on the maximum likelihood solution of the
parameters is a good representation for the unconditional
one which could have been calculated by integrating out
prior distributions of the parameters, in order to reduce the
computation burden. Now we have

 (doi(0)—py)?

0,) = Zalji 5] @

2
27wij

p(Dy|I) = p(Dy|®.I). %)
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Fora CrGM M,,, m = 1,2,...,K, containing /,, co-regulated
genes, the state of regulator s,(¢) follows kth-order
Markov model with R possible state values 1,2,...,R over
time. Let 7, be an R* -dimensional vector that denotes the
joint probability of all R* possible values for the original &
states. T,, is an R' by R transition matrix, where the
element in the ith row and the jth column T,,(i,/) denotes
the probability that the current state has the jth value
conditional on the fact that the vector of the last £ states has
the ith value. Let E,,; be the emission matrix for the ith
gene in M,, where the element in the jth row and the first
column E,;(j,1) and the element in the jth row and the
second column E,;(j,2) are the mean and standard
deviation parameters of the Gaussian distribution that the
ith gene in M,, follows, given the current state of the
hidden regulator has its jth value.

Let A, = {T,.@.Ep1.Epp,...E,y } denote all the
parameters for the HMM we use here. The likelihood of
the observed increment D,, m = 1,2,...,K, given the
partition I can be written as

P(Dy| A1)
= Z p(DmlaDm2>"'5Dmlm|Sm’am)p(Sm|/1m)
all S,
= (HHp( (015 ))p(smum)- (6)
all 5, \i=1¢

The summation over all state sequences could be
calculated efficiently using forward algorithm [11].

The maximum likelihood solution for 4,, A, =

argmax p(D,,|A,,,I) is obtained with Baum-Welch algo-

rithm [12]. Now we also use the likelihood calculated with
A, to represent the likelihood of the observed increments
of the expression levels of genes in M,, in order to reduce
the computational burden which could have been quite
heavy if the prior distributions of the parameters were
integrated out. We have

p(D,I) =p(D,,|A,.I). (7)

Considering the definition of CrGM, the distribution of
increments of the expression levels of genes in different
CrGMs are independent. Putting the above likelihood
functions together, we have the posterior distribution of 7,
given the observed increments D, as

K
p(11D) o< p(1) [1 p(Du D). ®)

Here we need to set the prior distribution for the marker
partition first. Different kinds of informative prior
knowledge could be integrated into the proposed Bayesian

Front. Electr. Electron. Eng. 2012, 7(4): 357-366

framework. For simplicity in comparing different methods
in this paper, we assume that the prior distributions of the
partitions of genes are independent, and for each gene,
without prior knowledge, the probability that it belongs to

the mth module is p,,, 0<p,, <1, ZZ:O pm = 1. We set
n = 1/L, m=1,2,...K, unless otherwise specified.

2.3 Gibbs sampling strategy for gene partitioning

As we usually have tens of thousands of genes that are
under investigation, it is not easy to make statistical
inference directly from Eq. (8). In order to obtain the
posterior distribution of I and detect the CrGMs, we
introduce Gibbs sampling strategy here. Given the poster-
ior distribution of I in Eq. (8), we have the following Gibbs
sampler:

p(Il = mal[—i]aD)

K ’ >
Zmr :Op(li =m ,I[,[],D>

where m = O,l,...,K and I[—i] = (Il""ﬂli—15]i+17"'blL) ' .
While the likelihoods share some common components,

we are able to do the calculation in the following way.
Let

p; = m|l_3.D) = ©)

Hm =
p(ll = O|I[,l],D)
:]KLZWMHdﬂﬂﬁ:MKDM A1)
p(Il = 071[71])1_[m ( m' ‘It = O’I[fi])
o= mp(Doll, = mI_)p(D, 1, = mT )
p@—0>a%U—0h4>(mM:0Aﬂ>’
(10)
for m = 0,1,...,K, and then we have
pll; = mll 3.D) = —""— (11)

Zm’ =0 Hon’

Now the Gibbs sampling procedure is performed as
follows:

Step 1 Generate initial value for indicator /; for i =
1,2,...,L from its prior distribution p,,, m = 0,1,....K

Step 2 Randomly choose an indicator /;, i = 1,2,...,L,
calculate its posterior probabilities p(f; = m|l|_;.D),
m = 0,1,...,K, and then update the indicator accordingly.

Step 3 Repeat Step 2 until convergence or a pre-defined
maximum number of iterations.

Here we assume the number of CrGMs is known (K) and
use it in the Gibbs sampling procedure. However, in real
data analysis, K is generally unknown. The handling of the
uncertainty of K will be discussed in the following section,
together with the integration of Gibbs sampling and RJ-
MCMC.
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2.4 Sampling the number of modules

RJ-MCMC procedure [13] is introduced here to address
the uncertainty of K in the application of the proposed
method in analyzing real time series gene expression data.
The following procedure illustrates the way that RJ-
MCMC is integrated with Gibbs sampling to give the
posterior distribution of CrGMs.

Step 1 Set K as a positive integer, e.g., K = 1.

Step 2 Implement the Gibbs sampling procedure for
nL iterations with the current value of K. Record
P = p(D)[Th—op(Dy|I).

Step 3 K is increased (K’ « K + 1) with probability p;
or decreased (K’ < K —1) with probability p,, where we
have p;=0, p; =0, and p; + p, = 1. There are two special
cases: when K equals to 1, we do not decrease K; when
there are empty modules, the increase of K is not
conducted.

Step 4 Implement the Gibbs sampling procedure for
m,L iterations with the current value of K. Record
P" = p(D)T—op(Dy|1).

Step 5 The new parameter value K’ is accepted with
probability a(K « K') = min { I,PPp d

} if K is increas-
’ . P, [
ed,ora(K<K'") = mm{l, Pi
Pp,

Step 6 Repeat Steps 2 to 5.

The above procedure is used to get a Markov chain that
gives the posterior distribution of the CrGMs in which the
number of modules (K) follows its stationary distribution.
In this paper we use p; = p, = 0.5, n; =10, and n, = 5.

} if K is decreased.

2.5 Statistical significance of CrGMs

Starting from modeling the posterior distributions of co-
regulated gene modules and random genes with its time
series expression level data, the maximum-likelihood
solutions are obtained with HMM and GMM, respectively.
Then, we are able to partition the markers into different
modules (including the module that consists of all the
random genes). To obtain the posterior probability of this
partition, we develop an MCMC sampling method that
integrates both Gibbs sampling and RJ-MCMC. While RJ-
MCMC addresses the uncertainty in the number of CrGMs
K, we record the samples obtained from Gibbs sampling,
when RJ-MCMC reaches its stationary distribution after a
sufficient number of burn-in iterations. This framework is
basically developed from Bayesian perspective and the
sampled posterior probability is quite informative for
further statistical inference, e.g., researchers may focus
more on genes from CrGMs that have higher posterior
probabilities to study their interactions and regulation
relationships. However, it may be also useful to obtain the
statistical significance for the CrGMs under the frequentist
hypothesis testing framework.

For a detected CrGM, the null hypothesis H,, is that the
genes in this module are not co-regulated and the
alternative hypothesis H; is that the genes are co-regulated.
We propose here a permutation test procedure in which the
posterior probabilities of CrGMs are used as test statistic so
that we can give the experiment-wised significant level
(EWSL) for the detected CrGMs. The procedure is
summarized as follows:

Step 1 Implement the sampling procedure to the
observed time series microarray data. Record all detected
CrGMs, their module sizes (the number of genes included
in the module), and their posterior probabilities. Also
record the parameter setting used here.

Step 2 Generate a permuted data set by shuffling the
time labels of each gene from the observed time series
microarray data.

Step 3 Apply the sampling procedure to the permuted
data, with the same parameter setting as used in the original
data. Record the maximum posterior probability of the
detected CrGMs for each module size. Record zero if there
is no CrGM detected for a certain module size.

Step 4 Repeat Steps 2 and 3 N times and record N
maximum posterior probabilities for each module size.

Step 5 For each CrGM (suppose its size is s) detected
from the observed time series microarray data, calculate
the number of times that the N maximum posterior
probabilities for module size s obtained from permuted
data sets are greater than or equal to the posterior
probability of this CrGM and divide this number by N to
obtain a p-value for this CrGM.

3 Results

3.1 Time series microarray models

To test the performance of the proposed CrgMODE, we
design four time series microarray models with different
characteristics, as illustrated in Table 1. All the four models
have 2 CrGMs containing 5 and 10 genes, respectively.
The orders of Markov chains of the hidden regulators of
Model 1 and Model 2 are both 1, and the numbers of genes
of the two models are 20 and 100, respectively. The orders
of Markov chains of the hidden regulators of Model 3 and
Model 4 are both 2, and the numbers of genes of the two
models are 20 and 100, respectively.

Based on the above models, we generate increments of
the expression levels of regulated genes following HMM
and unregulated ones following GMM. The transition
matrices of these four models are shown in Table 2. We set
the value of the regulator state 1, 2 and 3. The regulator
changes to one of the three states following the
corresponding transition matrix. When the state of the
regulator is fixed, the value of the increment of the
expression level of one gene in a CrGM is generated by a
Gaussian distribution for which the mean is in Table 3 and
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Table 1 Four time series microarray models with different characteristics

model order number of genes number of CrGMs number of genes in CrGM 1 number of genes in CrGM 2
Model 1 1 20 2 5 10

Model 2 1 100 2 5 10

Model 3 2 20 2 5 10

Model 4 2 100 2 5 10

Table 2 Transition matrices

model CrGM order transition matrix
Model 1/2 CrGM 1 1 ro 1 0 T
0.05 0.05 0.9
L 0.9 0.05 0.05]
CrGM 2 1 [0.05 09 0.057
/3 1/3 1/3
L 0.9 0.05 0.05]
Model 3 / 4 CrGM 1 2 [09 0.05 0.05]
/3 1/3 1/3
0.05 0.05 0.9
/3 1/3 1/3
0.05 09 0.05
/3 1/3 1/3
09 0.05 0.05
1/3 1/3 1/3
10.05 0.05 0.9 |
CrGM 2 2 [1/3 1/3 1/3]]
0.05 09 0.05
1/3 1/3 1/3
0.05 0.05 0.9
1/3 1/3 1/3
09 0.05 0.05
1/3 1/3 1/3
0.05 09 0.05
L 1/3 1/3 1/3 ]

the standard deviation is 0.05. For all random genes, in
increments of their expression levels follow Gaussian
distribution for which the mean parameter is 0 and the
standard deviation is 0.75.

With these models, we are able to generate increments
for simulation studies, in which positive and negative real
numbers represent the activated and repressed transcription
of downstream genes, respectively. Then we obtain the
simulated gene expression data according to Eq. (2).

3.2 Performance of the proposed CrgMODE

We generate one data set for each of the four models where
there are 1000 time points for each gene and the genes in
CrGMs are the last ones, and implement CrgMODE on the
four data sets. The results of the posterior probability that

each gene belongs to each module are shown in Fig. 3. For
each of the four data sets, we run 100L iterations of the
Gibbs sampling procedure, in which the first half is taken
as burn-in, and the second half is used to obtain the
posterior probabilities of CrGMs, by recording detected
CrGMs once in every L iterations. After we get the
posterior probabilities for all the detected CrGMs from
Gibbs sampling procedure, we choose those with posterior
probability larger than 0.8 and p-value smaller than 0.05 as
the identified CrGMs. The p-values of CrGMs are
calculated as follows:

We generate 100 permuted data sets for each simulated
data set by shuffling the time labels of each gene. For each
permuted data set, we also run the Gibbs sampling
procedure (100L iterations) with the same parameter
setting as used in the original observed (simulated) data
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state value 1 2 3
CrGM 1 Gene 1 —04 0.8 0
Gene 2 0.8 0.4 0
Gene 3 0.4 -0.4 -0.8
Gene 4 0 -04 0.8
Gene 5 0.8 0.6 -0.8
CrGM 2 Gene 1 14 0.2 —14
Gene 2 0.6 1.2 0.6
Gene 3 1.2 -1 ~1.4
Gene 4 -1 -1.2 -0.2
Gene 5 -0.2 -0.6 1.2
Gene 6 -0.2 -1 -14
Gene 7 -1 -1.4 1
Gene 8 ~1.4 0.6 -0.2
Gene 9 -1 0.6 -0.6
Gene 10 -1.2 0.2 1.2
10—+ L e e S e o e e L B s s m |
S S T e S +H At
z o8k * Module 1 i z 08k i
% ’ + Module 2 E '
_g 0.6+ + Module 3 | % 0.6k |
= =
2 04t . g 041 i
3 3
W [ 7]
g 02t 1 g 02} |
4 L S A - R SR SR S S
U{] 1 1 1 1 1 1 1 1 1 1 1 L 1 L Un 1 L 1 L 1 1 1 1 1 L 1 1 1 1 1
6 7 8 9 10 1112 13 14 15 16 17 18 19 20 84 86 87 88 89 90 91 92 93 94 95 96 97 98 99 100
Genes Genes
(a) (b)
10— —4—4+—4+—4——T—T—7—7—T1—T1—T1 10—+ +—+———+
_ + 4 _ + 4+ + + +
Z 08f . Z 081 -
= =
[} =3
ﬁ 0.6 b -§ 0.6F .
f=" o,
2 04F 1 g 04F 1
I 2
g 02F B g 02 H
+ + + + + + + 4 + o+
0‘0 1 1 1 L L 1 1 1 1 1 L L 1 1 0.0 1 L 1 1 1 L 1 1 1 1 L 1 L 1 1
6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 13 86 &7 88 89 90 91 92 93 94 95 96 97 98 99 100
Genes Genes
(c) (d)

Fig. 3 Posterior probabilities of genes that belong to certain modules. For each time series microarray models, the posterior probabilities
of genes that belong to CrGMs are plotted. Posterior probabilities of all the other genes are all zero. For all the four models, counting
backward in the gene list, the Ist to the 10th genes are in the same CrGM and the 11th to the 15th genes are in the same CrGM. (a) Model

1; (b) Model 2; (c) Model 3; (d) Model 4.

set and record the maximum posterior probability for each
module size. Finally, for each CrGM (suppose its size is s),
we calculate the proportion that the recorded maximum
probabilities for module size s are greater than or equal to
the posterior probability of the candidate module to obtain
its p-value (not shown here).

We can see that although random genes could be
partitioned into CrGMs, it is quite often that they will be
kicked out of CrGMs in the following sampling procedure
with the detection of new true co-regulated genes in the same
CrGM. As a result, all the true CrGMs are identified (with
posterior probability larger than 0.8 and p-value smaller than
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0.05) and these identified CrGMs contain and only contain
all the genes that belong to them as designed in the models.
No random genes are identified in any CrGM.

3.3 Comparison with existing methods

To further illustrate the performance of the proposed
method, we also implement the popular partitioning K-
means [14] and the co-expression-based module identifi-
cation algorithm WGCNA [15-17] to identify modules
from the four models.

For the K-means analysis, the number of clusters is set to
3 to match the actual number of modules (K + 1). As K-
means is not able to determine directly which cluster
contains mainly co-regulated genes in the same CrGM and
which contains random genes, it is not easy to choose
clusters as detected co-regulated ones for comparison.
Here we select two clusters out of the three that give the
highest ACC as co-regulated ones to be used in the
comparison with other methods.

WGCNA was proposed by Horvath et al. to detect
modules of co-expressed genes [15-17]. To implement
WGCNA, one should first construct a weighted gene co-
expression network based on pair-wised Pearson correla-
tions between the expression profiles and then use
hierarchical clustering to detect modules [16]. We use the
code provided by Horvath et al. to implement WGCNA
[15-17]. When implementing hierarchical clustering, we
set the height parameter where the tree should be cut as 0.6
and the number of genes a module should at least contain
as 2. The co-expression modules are treated as the detected
modules.

For each of the four models, we generate 100
independent data sets, each of which contains 1000 time
points. Then, we implement CrgMODE, K-means, and
WGCNA on each data set. K-means and WGCNA are also
implemented on the increment space, where increments are
obtained with Eq. (2) first to replace the original expression
data. Taking genes in CrGM as the positive ones, and
genes unregulated as the negative ones, we calculate the
expressions for specificity (SP), sensitivity (SE), accuracy
(ACC), and Fscore as follows:

sp—_ N
TN + FP
sE—_ 1T
TP + FN
TP + TN
ACC = + ,
TP+ TN + FP+ FN 12
TP (12)
PR=———,
TP + FP
RE — TP
TP+ FN’
PR x RE
F. =2 X ——
score X PR+ RE’

where TP, TN, FP, and FN represent true-positives, true-
negatives, false-positives, and false-negatives, respec-
tively. PR and RE are short for precision and recall,
respectively.

After implementing CrgMODE, K-means, and WGCNA
on the data sets in each model, we get the mean of SP, SE,
ACC, and Fscore.

Figure 4 shows the comparison of the four statistics of
the three methods. The means of SP, SE, ACC, and Fscore
obtained by CrgMODE are all higher than or equal to that
of K-means and WGCNA. The observation that K-means
tends to have higher SP but lower SE, implying that K-
means is not quite capable in clustering co-regulated gene
into the same group. WGCNA has higher SE than K-
means, which is quite subtle, but still significantly lower
than the proposed method. This may be due to the fact that
WGCNA has no power in capturing dynamic relationships
in gene regulations.

4 Discussion

The posterior probability of the indicator vector is
proportional to the product of prior probability and the
likelihood of observed data, where the likelihood of each
CrGM are obtained from HMM and the likelihood of
random genes are calculated based on GMM. The
uncertainty of the number of CrGMs is addressed through
RJ-MCMC procedure and the posterior probabilities of
CrGMs are obtained by Gibbs sampling. A permutation-
based procedure is developed to give the experiment-wised
significance level for each detected CrGM. The compar-
ison between the proposed approach and two existing
methods shows the advantage of CrgMODE in detecting
genes that are co-regulated.

The proposed approach focuses on the interaction
between gene expressions in dynamic biological process.
This interaction effect could be linear correlations based on
which some existing methods are developed. However, the
introduction of the concept of co-regulation, together with
the application of Bayesian model, gives CrgMODE the
fundamental advantage in detecting genes that express in
some more complex nonlinear ways. It should also be
noticed that with modeling CrGMs in a Bayesian frame-
work, CrgMODE works on the multiple genes that are co-
regulated simultaneously, rather than investigating only
pair-wised relationships one by one. The deriving of higher
order information could also be a possible reason that the
proposed method may be able to get more insights
compared with conventional methods.

The proposed method describes the time series gene
expression data as an HMM model, and an MCMC-based
method is developed in order to obtain the posterior
probabilities. Besides the consideration of interaction
effects and the idea of partitioning genes into modules
whose concepts are well defined, the most significant



Wanwan TANG et al. Co-regulated gene module detection for time series gene expression data 365

ACC

Model 2 Model 3
(a)

Model 1 Model 4

specificity

Model 1 Model 2  Model 3 Model 4
(©)
I CreMODE
- K-means
I K-means with increment data
[ wGeNA

- WGCNA with increment data

sensitivity

Model 2 Model 3
(b)

Model 1 Model 4

Fscore

Model 2
(d)

Model 1 Model 3 Model 4

Fig. 4 Comparison of CrgMODE, K-means, and WGCNA.

advantage of the proposed method may be due to the fact
that it uses the time series information that existing
methods hardly use. While the information in dynamic
biological process is important to certain biological
functions, it is reasonable that we could get more insights
by properly analyzing this information.

A natural advantage of Bayesian methods is its
flexibility in integrating prior knowledge, which could be
done in both parametric way and non-parametric way. The
prior probabilities of indicators for certain genes could be
used to reflect existing biological knowledge or results
from other independent works, e.g., network-based
analyzing results [4]. Comparing with the use of likelihood
calculated based on maximum likelihood solution of

parameter, e.g., ® and 1, the integration over parameter
spaces with proper prior distributions could reflect more
understanding of the problem and be more robust. This will
be one direction of our future work.

Although CrgMODE is proposed for the analyzing of
time series gene expression data, it is quite natural to
extend this approach to the application on other types of
large scale time series data. While the module-based
methods have already showed their success in detecting
interactions from population-based data [18], it will be
quite interesting to extend CrgMODE to the 3-dimensional
situation (samples, markers, and time points).
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