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Abstract. In this paper, we apply Bayesian networks (BN) to infer gene regula-
tory network (GRN) model from gene expression data. This inference process, 
consisting of structure search and conditional probability estimation, is chal-
lenging due to the size and quality of the data that is currently available. Our 
previous studies for GRN reconstruction involving evolutionary search algo-
rithm obtained a most plausible graph structure referred as Independence-map 
(or simply I-map). However, the limitations of the data (large number of genes 
and less samples) can result in many plausible structures that equally satisfy the 
data set. In the present study, given the network structures, we estimate the 
conditional probability distribution of each variable (gene) from the data set to 
deduce a unique minimal I-map. This is achieved by using Markov Chain 
Monte Carlo (MCMC) method whereby the search space is iteratively reduced 
resulting in the required convergence within a reasonable computation time. We 
present empirical results on both, the synthetic and real-life data sets and also 
compare our approach with the plain MCMC sampling approach. The inferred 
minimal I-map on the real-life yeast data set is also presented.  

Keywords: Bayesian network, gene expression, MCMC, parameter estimation. 

1   Introduction 

Cellular processes are controlled by gene-regulatory networks (GRN). The invention 
of DNA microarrays, which measure the abundance of thousands of mRNA targets 
simultaneously, has made way for several computational methods that are currently 
used to learn the structure of gene-regulatory networks. Some of the computational 
methods such as  Boolean, multiple regression and Bayesian methods have been ex-
tensively explored and reviewed [1]. Bayesian networks [2-4] were first applied to the 
problem of inferring genetic networks from microarray expression data [5-7]. Bayes-
ian networks are interpretable and flexible models for representing probabilistic rela-
tionships between multiple interacting genes. At a qualitative level, the structure of a 
Bayesian network describes the relationships between these genes in the form of con-
ditional independence relations. At a quantitative level, relationships between the  
interacting genes are described by conditional probability distributions. The probabil-
istic nature of this approach is capable of handling both biological and technical noise 
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and makes the inference scheme robust and allows the confidence in the inferred net-
work structures to be estimated objectively. However, the application of BN learning 
to gene expression data in understanding the mechanism of GRN is particularly hard 
because the data sets are very sparse, typically containing only a few dozen samples 
but thousands of genes. In this case, our goal is to devise computational methods that 
consistently identify causal and dependence relationships between expressions of dif-
ferent genes.  

The most common approach to learning of GRN based on BN consists of two  
separate problems: structure learning and parameter estimation. The structure of the 
network (gene-gene interaction) is unknown and the gene expression data is also in-
complete. In such a case, one has to resort to structure search and the approximation 
of parameters. As the number of BN structures is astronomically large and the prob-
lem is NP-hard [8], these strategies for structure search have to be advanced and so-
phisticated. Further, since the sample size is small compared to the number of genes, 
there are many sub optimal models that can fit the data equally well [9]. The essential 
edges which are present in majority of these optimal structures are of significance and 
great importance from the point of view of GRN modeling. Having detected such 
edges (interactions) between pairs of genes from the inferred structures, important 
information from biological literature is used to substantiate the findings.  

After the inferred structure is validated for biological plausibility, estimation of pa-
rameters (i.e. conditional probability distributions (CPD)) of the given GRN is carried 
out. Estimating CPDs involve specifying P(X | pa(X)) for each of the gene (variable) 
X where the term pa(X) refers to parents of variable X in the given structure. Assum-
ing that the inferred structure G, is an Independence-map (I-map) of a probability 
distribution P, we note that I(G) ⊆ I(P) where I(G) represents independence assertions 
in graph G and I(P) is the independence assertions in the probability distribution P. 
Since G is an I-map of P, P factorizes according to joint probability distribution (JPD) 
given by equation (1). 

       P(X1,….Xn) = ∏P(Xi|pa(Xi))    (1) 

The network is a pair (G, P) where G is specified in edges and P is specified in CPDs. 
With several optimal graphs G equally representing the distribution P, I(G) becomes a 
subset of I(P) as shown in the Fig below implying that we can obtain P(X1….Xn) from 
G. Once we obtain P, it is possible to deduce a unique minimal I-map G. Removing 
any edge from the minimal G then induces conditional independencies that do not 
hold in P.  

Unlike other methods [10, 11], we are modelling the gene expression to be continu-
ous rather than discrete. Further, due to high dimensional data, exact computation of the 
CPDs is infeasible and computationally expensive. Hence, the joint distribution can  
 

 

Fig. 1. Independence Assertions 
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be approximated by stochastic simulation commonly referred as `sampling. Using 
Monte Carlo algorithms based on random sampling, we can fit a distribution to the 
data and retain the samples. However, random sampling from the GRN may not be 
the best strategy since the state space is enormous with large number of samples 
needed to approximate the probabilities reasonably well. One way for picking the 
most representative samples and increase efficiency is to create a 'Markov Chain' in 
which each sample is selected using the previous sample resulting in the well known 
Monte Carlo Markov Chain (MCMC) methods and its variants [12-15].  

In this paper, we propose a new approach to approximate the conditional probability 
distributions of complex GRN models with the use of a MCMC method. The proposed 
approach is essentially based on two novel ideas. The first is an efficient computation 
of CPDs based on the ordered ranking of Markov Blankets (MB). We choose MB for 
ranking, because our earlier work using MB scoring metric to search for a structure 
produced promising results. The genes with high scoring MBs tend to be more accurate 
allowing much faster convergence compared with a stationary distribution of the 
Markov chain. The second novelty is progressively reducing the space by clamping 
those variables whose samples have converged to a fixed distribution thereby allowing 
convergence over a narrower region. Empirical results are presented to illustrate the 
superiority of the approach over direct MCMC and random sampling. Studies are per-
formed using not only the synthetic data sets (which allow variation of parameters) but 
also the real life  Saccharomyces cerevisiae (yeast) [16] microarray dataset. The rest of 
the paper is structured as follows. In Section 2, a brief overview of Bayesian learning 
and MCMC sampling is given. Section 3 elaborates on the system and methods of the 
proposed method. Section 4 provides experiments and results. Finally, section 5 has 
concluding remarks on the paper and some future work. 

2   Background 

In this section, we briefly elaborate on the probability distribution and sampling for 
GRN with a focus on Gibbs sampling which is a type of Markov Chain Monte Carlo 
(MCMC) sampling.  

2.1   Probability Distribution and Sampling 

a) Probability distribution: A GRN based on Bayesian network specifies a probability 
distribution through a directed acyclic graph (structure) and a collection of conditional 
probability distribution (parameters) for each gene Xi in the graph G. The graph G 
captures conditional independence relationships in its edges. A gene (node) is condi-
tionally independent of all other genes (nodes) in network given its Markov Blanket 
(parents, children, and children’s parents). The probabilities summarize a potentially 
infinite set of circumstances that are not explicit in the model but rather appear im-
plicitly in the probability. If each gene (variable) is influenced by at most k others and 
we have n random genes (variables), then we only need to specify n*2k probabilities 
instead of 2n. Succinctly, conditional probability distribution shows the probability 
distributions over all values of gene X given the values of its parent genes. Condi-
tional probability distribution of X=x given Y=y is given by equation 2. 
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If genes x and y are independent, then P(x | y) = p(x) since p(x, y) = p(x) p(y). The 
equation 2 above is repeated to condition X on all parent genes of X. The parents of 
gene Xi are all those genes that directly influence gene Xi from the set of genes X1, 
…,Xi-1. Since large GRN models will have more parameters, the exact computation is, 
therefore intractable and in such cases simulation (sampling) technique becomes suit-
able for approximating conditional distribution. The structure G, necessary for sam-
pling, is obtained by applying a structure search over the entire space of all possible 
structures. Hence, given structure G with genes X={X1, X2....Xn}, we can draw a sam-
ple from the joint probability distribution as follows:  

(i) Instantiate randomly all except  one of the genes, Xi  
(ii) Compute the probability distribution over the states of Xi, i.e. P(Xi|X1…Xi-

1,Xi+1,…Xn) 
(iii) From the probability distribution, randomly select a state of Xi  

If all genes in the network except the gene Xi are instantiated, then due to the factori-
zation of the joint probability distribution, the full conditional for a given gene in the 
DAG involves only a subset of genes participating in its Markov blanket (i.e. the set 
of parents, children and other parents of the children for the gene). 

P(Xi|X1…Xi-1,Xi+1,…XN) = P(Xi|MB(Xi))   (3) 

Here, MB(Xi) is the Markov Blanket of gene Xi. Since gene Xi is independent of rest of 
the genes in the network (except its Markov blanket), it is necessary to consider only 
the partial conditional conditioning on the Markov blanket. 
Furthermore, 

P(Xi|MB(Xi)) = P(Xi|Pa(Xi)) ∏P(Yi|Pa(Yi))   (4) 

Here, Yi, i = 1, ….k are the children of gene Xi.  

b) Sampling: The sampling using Monte Carlo methods involves drawing n samples 
from the GRN with the instantiated genes fixed at their values as explained above. 
From these samples, the probability distributions are estimated based on frequency of 
occurrence of genes. Since our model involves continuous expression values, we plot 
these samples as a histogram and then smooth the histogram to give the probability 
density function of the genes. The instantiation of the genes is done using the distribu-
tion available from the data set. However, due to typically large number of genes in a 
GRN, random sampling methods are not suitable because they can be slow and the 
posterior distribution estimated cannot be reliable. Markov Chain Monte Carlo 
(MCMC) approach is suitable in such cases for approximating the difficult high di-
mensional distributions. From amongst the many MCMC methods available, we 
chose Gibbs sampler which results in obtaining samples asymptotically from the  
posterior distribution and can provide convergence in reasonable computation time. 
The Gibbs sampler is discussed in detail in the next section.  
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2.2   Markov Chains and Gibbs Sampling 

A MCMC method such as Gibbs sampler which is applied for sampling probability 
distributions is based on constructing a Markov chain. Next, we briefly present the 
concept of Markov chain followed by the Gibbs sampling technique. 

a) Markov Chain: The Markov chain includes the probability of transitioning the vari-
ables from their current state s to the next state s’ based on the transition probability 
q(s → s'). If the state distribution πt(s) describes the probability of genes being in state 
s at the t-th step of the Markov chain, then the stationary (equilibrium, invariant) dis-
tribution π*(s) will occur when πt=πt+1, i.e. 

's∀   ( ') ( ) ( ')
s

s s q s sπ π= →∑    (5) 

We note that the stationary distribution also satisfies the detailed balance equation (6) 
given below. 

, 's s∀   ( ) ( ') ( ') ( ' )s q s s s q s sπ π→ = →   (6) 

No matter what the initial state distribution is, a Markov chain converges to π*(s) if it 
fulfils the following conditions: unique, aperiodicity and irreducibility. The condition 
of aperiodicity ensures that the chain can not get trapped in cycles or the state transi-
tion graph is connected. The irreducibility condition ensures that for any state, there is 
positive probability to visit all other states. An aperiodic and irreducible Markov 
chain is called ergodic [17] and ensures that every state much be reachable from every 
other and there can be no strictly periodic cycles. 

Using Gibbs sampling, we aim to design a Markov chain whose stationary distribu-
tion is the target (desired) distribution such that gene Xi quickly converges to the sta-
tionary distribution irrespective of the initial distribution. From this, we then run the 
chain to produce a sample; throwing away the initial (burn-in) samples as these is 
likely to be influenced by the initial distribution. The sampling method for the target 
distribution π* on χv constructs a Markov chain S0, S1, . . . , Sk, . . .with π*(s) as equi-
librium distribution. Since the distribution π*(s) is a unique equilibrium, and the 
Markov chain is ergodic, we have  

s∀   * *

1

1
( ) lim ( ) lim ( )

m n
i

n v
n n

i m

s s S
n

π π χ
+

→∞ →∞ = +
= = ∑    (7) 

Where n is the number of iterations. The state of the chain obtained after a large num-
ber of steps is then used as a sample and its quality improves with the increase in the 
number of iterations. When a dynamic equilibrium is reached, the long-term fraction 
of time spent in each state is exactly its posterior probability for the given conditions. 
As number of iteration tends towards infinity, all statistically important regions of 
state space will be visited.  
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b) Gibbs sampling: To perform a MCMC simulation on GRN where the target distri-
bution is the joint probability distribution, we design a Markov chain where each state 
is a full joint instantiation of the distribution (i.e. values are assigned to all variables). 
Hence, a transition is a move from one joint instantiation to another. The target sam-
pling distribution π*(x) of the GRN is the posterior joint distribution P(x | e) where x 
is the set of unknown variables and e is the set of evidence variables. It is typically the 
unknown we want to evaluate. Although sampling methods such as logic sampling 
[18], rejection sampling [19] and importance sampling [20] are available to sample 
P(x|e),  in the absence of evidence e or with the probability of evidence  being small 
(i.e. if P(e) ~=0), these algorithms result in  many wasted samples. The Gibbs sam-
pling overcomes these limitations as it specifically uses conditional distribution P(s’ | 
s) to define state transition rules. 

In Fig 2, an example of Markov Chain for a 4 gene GRN is shown. We have spe-
cifically fixed the Gene B and D values and Gene A and C are varied to produce 4 
states.  
 

Gene A

Gene B

Gene D

Gene C

Gene A

Gene B

Gene D

Gene C

Gene A

Gene B

Gene D

Gene C

Gene A

Gene B

Gene D

Gene C

 

Fig. 2. Example Markov Chain for a toy 4-gene network. The genes B and D are instantiated as 
true while the genes A and C are false.  

The working of the Gibbs sampling algorithm is shown by the flow chart in Fig. 3. 
Consider a GRN with n unknown variables X1, X2,….Xn which appears as input to the 
algorithm. We now recall that a gene Xi is independent of rest of the network given 
the variables in the Markov blanket (MB) of Xi, i.e. 

P(Xi | X2,…Xn) = P(Xi | MB (Xi))    (8)  

The Markov condition that a variable is independent of all other variables (except its 
neighbors) reduces significant computational overhead especially for large scale prob-
lems. Calculating P (Xi | MB (Xi)) can be done using equation (4) and equation (5). 
The initial states of all the variables can be chosen randomly or these can be chosen 
from the original small sample dataset. If the current state is X1 = x1, X2 = x2, . . . , Xn = 
xn, then we can sample a new value x’1 for X1 from P(X1|X2 = x2, . . . , Xn = xn). In simi-
lar manner, we can sample the remaining new values for X2, X3 …Xn until we have a 
new state X1 = x’1, X2 = x’2, . . . ,Xn = x’n. The initial samples are influenced by the  
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Fig. 3. Gibbs Sampling 

initial distribution. At every step, we weigh our selection towards the most probable 
sample using the transition probability so that the samples follow the most common 
states accurately. Moreover, as the process is ergodic (i.e. it is possible to reach every 
state), it will ensure convergence to the correct distribution if sufficient number of it-
erations are carried out.  

However, the application of Gibbs sampling for GRN estimation is somewhat lim-
ited due to the high dimensional data where number of genes is significantly higher 
than the samples. This means that the variance in the values taken by the variable is 
high, and can increase dramatically for thousands of genes and may prohibit produc-
ing independent uniform samples during sampling. The proposed new methodology 
for based on novel Gibbs sampling for the GRN estimation problem can overcome 
this limitation. 

3   Methodology   

The proposed MCMC sampling scheme is shown in the Fig. 4 below. In our earlier 
work, we employed a guided GA [21] search strategy where we had obtained a set of 
10 dissimilar high scoring network structures closely representing the probability dis-
tribution using the gene expression data. With the aid of proposed methodology, we 
will now calculate the Bayesian posterior probability distribution of all the variables 
(genes) of the ten gene network structures. From the samples drawn from a network 
structures, we can obtain the posteriors after convergence, and then determine the 
state sequence and probability estimates of the model in a straight forward manner. 
Although the inferred high scoring network structures are disjoint (i.e. cannot be 
combined into one network structure), they can all be combined independently to the 
underlying probability distribution. Hence, all these network structures are sampled to 
estimate the probability distribution accurately. The important feature of our approach 
is the use of high scoring initial networks and a rank ordering on the network genes 
using Markov blankets. The convergence is obtained by running several Markov 
chains in parallel. Let us briefly discuss the major ‘components’ of the proposed 
method as they occur in Fig. 4. 
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Fig. 4. Proposed methodology 

3.1   Rank Ordering of the Variables 

As explained before, an ordinary Gibbs sampler (MCMC) chooses genes at random 
and then samples a new value from the estimated posterior of the neighbouring vari-
ables (i.e Markov Blanket variables). Friedman and Koller [9] argued that sampling 
from the space of (total) orders on variables rather than directly sampling DAGs was 
more efficient than application of ordinary MCMC directly in random manner. In our 
previous work [22], evaluating a network structure was based on the summing of 
scores of the individuals genes in Markov Blankets. Since the Gibbs sampler also 
samples the new value of a gene based on the MB variables, we will order the rank of 
the Markov Blankets based on their scores.  

3.2   Gibbs Sampler 

Before we proceed with the Gibbs sampling scheme, we need to specify a uniform 
prior distributions for all the genes in the domain. Rather than a random initial state of 
the network, we apply a  standard prior which is a multivariate Dirichlet distribution 
[9]. This distribution is assigned to initial state distribution and also to the state transi-
tion distribution of the Markov chain. The initial distribution of the variables in the 
network (from which the initial state is sampled) is assigned using the density function 
estimated after smoothening of the histogram of normalized gene expression data. 
Sampling is straightforward as there is no evidence in the network and is done by sam-
pling each variable in the specified rank order. For nodes without parents, sampling is 
done from their initial distributions while for nodes with parents, we sample from the 
conditional distribution of their MBs. Similarly, n independent and identically distrib-
uted samples are drawn from the target distribution P(x). Since the samples drawn are 
continuous (through the normal range of -3 and +3) rather than discrete, the sampling 
precision is restricted to two decimal places to reduce the space of complexity. The 
samples collected are plotted using a histogram with n bins as shown in Fig. 4 above. 
The probability density function P(x) of a continuous variable (gene expression) x is 
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approximated by smoothening of the histogram of samples as shown in the Fig. Simi-
larly, the conditional probability distribution of all variables is estimated.  

3.3   Burn-In and Convergence 

The process of achieving stationary probability distribution is called as convergence 
while the initial phase of convergence is called the ‘burn-in’ phase. In the proposed 
method, the convergence is improved by running several parallel Markov chains each 
using a different network structure representing the probability distribution as the 
starting point. The idea of running multiple chain using different Bayesian network 
structures is mainly to obtain samples from the entire sample space of the probability 
distribution underlying all the structures. The chains are merged together at a certain 
stage of the iterations and made into a single chain.  

During the process of multiple chain runs, samples are exchanged between the 
chains and the overall samples of a number of variables in the top of the specified 
order are monitored for autocorrelation and stationary distribution. A sample variation 
factor is introduced to determine the fraction of samples that go out of range. When 
the sample values do not go above a variation factor after significant number of itera-
tions, we assume the samples have converged. From there onwards, the variable is 
clamped to the stationary value. This allows the sampling to be carried out on the 
variables that are in the lower in the rank order of the variables. In our experiments 
we find that the rank ordering of variables, multiple Markov chain runs and clamping 
also improves the mixing of samples for the unknown variables improves the mixing 
of samples more efficiently than an ordinary MCMC approach. 

4   Experiments and Results 

The validation of new techniques by comparing with other GRN reconstruction meth-
ods becomes difficult and painstaking due to non-availability of suitable benchmark 
dataset. Furthermore, most methods work with discrete data or perform experiments 
on small toy networks which also makes comparisons difficult. For this reason, in this 
section we validate the methods performance by investigations of synthetic datasets. 
Incorporating realistic relationships in synthetic data is now well established and 
widely used for GRN models [23]. The general idea is to obtain a synthetic network 
from which synthetic time course data is generated. In order to conduct tests using 
synthetic data set [23], several datasets are created by varying network generator pa-
rameters. To the responses of artificial GRN, generated according to topological and 
kinetic properties of real GRN, biological noise and technical noise is added before 
calculating final artificial expression ratios. The presented method is compared with a 
plain MCMC method which does not incorporate the improvements. 

(i) Experiment 1 
For the work reported in this paper, three 40 gene synthetic networks were arbitrarily 
generated with sample size of 100. From the set of reconstructed networks using the 
guided GA [21, 24] approach, we choose the first 10 high scoring networks. The 
probability distribution is then estimated using the proposed MCMC method. For 
each of the 10 structures of the networks, samples from the probability distribution 
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were obtained with MCMC, after discarding those from the burn-in phase. All simu-
lations were repeated three times for different training data generated from synthetic 
networks. The results of experiments are summarized in Fig. 5. First we carry out 
single MCMC simulation runs instead of proposed multiple parallel MCMC runs. 

From the estimated probabilities, a set of all edges whose posterior probability ex-
ceeds a given threshold θ Є [0, 1] is taken for comparison with actual network. For a 
given threshold θ, we count the number of true positive (TP), false positive (FP), true 
negative (TN), and false negative (FN) edges. We then compute the sensitivity = TP/ 
(TP + FN), the specificity = TN/(TN + FP), and the complementary specificity = (1 − 
specificity) = FP/(TN + FP). Rather than selecting an arbitrary value for the threshold 
θ, we repeat this scoring procedure for several different values of θ Є [0, 1] and plot 
the ensuing sensitivity scores against the corresponding complementary specificity 
scores. This gives the receiver operator characteristics (ROC) curves of Fig. 5(a). 
The diagonal dashed line indicates the expected ROC curve for a random predictor. 
The ROC curve of Fig 5(a), top left, shows that we can recover more than 80% of the 
true edges at approximately zero FP rate. We note that the ROC curve corresponds to 
the network structure obtained based on the estimated probability distribution and not 
based on the network reconstructed by our earlier GGA causal modeling method. The 
MCMC trace plot between the objective function verses cycle number for 1000 cycles 
for the synthetic network of 40 genes is shown in Fig 5(b). For this plot, the joint 
probability distribution is considered as the evaluation criterion after every run. The 
plot shows good mixing with a very low burn-in period. The same synthetic dataset is 
repeated on a plain MCMC simulation which does not incorporate the presented im-
provements. The trace plot of the plain MCMC simulation is shown in Fig 5(c) for 
1000 cycles. It is clearly evident that mixing is poor and has a longer burn-in period. 
Also the simulation is oscillating around sub-optimal values of the objective function 
while the proposed method quickly reaches the higher values of the objective function 
confirming that proposed method is better than the simple MCMC. The proposed 
method is repeated for 500 gene synthetic network dataset and its trace plot is shown 
in Fig 5(d). This shows the method is easily scalable for thousands of gene as is the 
case of gene expression data at a comparatively feasible computational time. 

With sufficient improvements identified using single MCMC runs of the presented 
method over the plain MCMC method, we proceed to parallel MCMC runs as pre-
sented in section 3.3. We obtained 3 different network structures for the same syn-
thetic dataset using the GGA [21] search method and applied the network structures in 
a parallel MCMC runs with exchange of samples. Fig 5(e) shows the trace plot of 3 
parallel MCMC runs where each chain corresponds to an individual network. From 
the results, it was found that the auto-correlation between the samples produced from 
the 3 chains was far apart during the initial 1000 samples after which the correlation 
increased at 2000 cycles which is an indication of convergence. The parallel runs un-
covered the entire probability distribution. 

Although the experiments on synthetic data are successful, the time series of 100 
gene expression measurements is significantly larger than what is usually available 
from real world wet lab experiments; hence we also test the approach using real yeast 
dataset [16]. 
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Fig. 5. Simulation results: (a) ROC plot of sensitivity versus (1-specificity) for a synthetic data-
set MCMC simulation. (b) Trace plot of proposed MCMC method on synthetic network of 40 
genes (c) Trace plot of plain MCMC method on synthetic network of 40 genes (d) Trace plot on 
synthetic network of 500 genes (e) Trace Plot of Parallel MCMC runs on 3 different network 
structures. 

(ii) Experiment 2 
The real dataset is much more complex than the synthetic data. To demonstrate the 
performance of the MCMC approach and also as a practical application of the method 
on a real biological dataset, we consider the yeast dataset [16] containing 800 genes 
and 77 samples comprising of a comprehensive catalogue of cell cycle-regulated 
genes in the yeast Saccharomyces cerevisiae. The dataset includes three long time 
course expression values representing three different ways of synchronizing the nor-
mal cell cycle, and five shorter time courses representing the altered environmental 
conditions. These results were combined with those by Cho et al.,[25] to produce a 
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more comprehensive collection of data. The test samples were synchronized so that 
all the cells would be at the same stage in their cell cycle. Using this data set, gene 
networks have already been reconstructed (Friedman et al., 2001). We also note that 
the Spellman dataset has classified the 800 genes in different phases of cell cycle such 
as G1, G2, S and M/G1 and G2/M.  Using the MCMC based probability inference; 
the minimal I-map of the inferred yeast network is obtained. It is shown in Fig. 6  
below.  

Fig. 6. Yeast Gene Regulatory network Minimal I-map 

From the reconstructed network shown in Fig. 6, we note the following interactions 
taking place which is in confirmation with the available literature [26]. 

1. MBF (a complex of MBP1 and SWI6) and SBF (a complex of SWI4 and SWI6) 
controls the late G1 genes (e.g. CLN2 and NDD1).  

2. MCM1, together with FKH1 or FKH2, recruits the NDD1 protein in late G2 and 
controls the transcription of G2/M genes. 

3. SWI5 and ACE2 regulate genes at M/G1.  
4. MCM1 regulates SIC1 and ACE2. 

5   Conclusion 

A new Markov chain Monte Carlo approach using Gibbs sampling is presented for 
estimating the conditional probability distribution underlying gene regulatory network 
structures. The approach is novel as it performs the rank ordering of genes based on 
the Markov Blanket scoring metric, applies parallel Markov chains using different 
high scoring starting network structures and clamps genes which are higher in the 
order for faster and efficient convergence. Rather than initializing the Markov chains 
with randomly chosen networks, our previously reported guided GA is used to gener-
ate the high scoring initial networks and the probability distribution. Both synthetic 
and real world yeast cell data sets have been applied in the investigations. The ex-
periment on synthetic data set that the proposed technique performs significant better 
than the standard MCMC algorithm for estimating probability distributions of the 
genes in the network. From the yeast cell cycle data experiment, we observe that the 

STE1
2

STE6
FAR1 

KAr3 

FUS1 

STE2 

BAR1 

CIK1 

SNF2

CTS1

CLN3

SWI4 SWI6 MBP1

CLN2 CLB2

MCM
1

FKH1

NDD1

SWI5

ACE2

SIC1 
CLB5

TEM1

SRL2

CDC1
6

BCK2

CDH1

CDC1
4



 MCMC Based Bayesian Inference for Modeling Gene Networks 305 

minimal network derived using real life yeast dataset has more accurate reconstruc-
tion of regulatory interactions. However, due to the nature of the microarray data set, 
the resulting minimal GRN is not unique. With integration of other related data such 
as sequence analysis in the form of prior probability, it would be worth investigating 
to recover unique minimal network which represents the underlying structure of gene 
expression. This is currently under investigations. 
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