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Abstract 
 
In this project we investigate the application of Bayesian Network in Computational 
Molecular Biology and Bioinformatics. Basically these applications are divided into four 
categories: Gene Expression Analysis, Biological Data Integration, DNA Sequence 
Analysis and Linkage Analysis. First we investigate how to model Gene Regulatory 
pathways using Bayesian Networks. Bayesian Network is suited to this application 
because of its ability to explore more than a pair-wise relationship, to guard against over 
fitting and to handle incomplete and noisy data. Second, we study the probabilistic 
integrated methods for combining biological information from different sources based on 
Bayesian Networks. Basically in this part, we concentrate on the integrated methods for 
Gene Prediction, Protein Function Prediction and Protein-Protein Interaction. Then, we 
focus on the method to develop accurate probabilistic models of splice and binding sites 
in DNA sequences. Finally, we learn the method to find the selection of loop breakers 
automatically and perform exact multipoint likelihood calculations on general pedigrees 
for genetic linkage analysis.
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1. Introduction and Background 
The proposal of Bayesian networks dates back to early 30’s. However, the first 
application of this method for bioinformatics was found in early 90’s by Prof. Kasif and 
two students Arthur Delcher and William (Bill) Xsu at Johns Hopkins University. 
Bayesian networks as probabilistic frameworks are well-suited to bioinformatics 
applications because of their abilities to provide flexible and powerful models for 
statistical inferences as well as their abilities to learn from data. The advantages of using 
Bayesian networks over other methods such as data-driven analysis, or other model-
driven analysis are as followings. Data-driven analysis does not permit the statistical 
testing on the structure. On the other hand, model-driven analysis, such as the one that 
capture all small details, is not appropriate for bioinformatics applications because it 
requires the exact knowledge, but the data in bioinformatics are usually incomplete. Also, 
the highly abstracted models, such as Boolean networks model cannot well handle the 
data with a lot of noises. Bayesian network as a graphical model lies between the above 
models. In this paper, we survey the application of Bayesian Network in Computational 
Molecular Biology and Bioinformatics. 
 
Basically these applications are divided into four categories: Gene Expression Analysis, 
Biological Data Integration, DNA Sequence Analysis and Linkage Analysis. First we 
investigate how to model Gene Regulatory pathways using Bayesian Networks. Bayesian 
Network is suited to this application because of its ability to explore more than a pair-
wise relationship, to guard against over fitting and to handle incomplete and noisy data. 
There are three approaches in using Bayesian networks for modeling gene regulatory 
pathway. The first approach uses the basic Bayesian networks, which is static and does 
not allow a cycle. Therefore, this approach cannot capture a feedback regulation as well 
as the role (e.g. inhibitor, activator) of each gene in the network. The next approach adds 
signs and magnitudes to each edge in the graph, so it can capture the role of each gene. 
The final approach uses dynamic Bayesian networks, which is more appropriate to 
analyze gene expression data because it allows the cycle (feedback regulation), and can 
capture the interaction of genes in different time frames. 

 
Second, we study the probabilistic integrated methods for combining biological 
information from different sources based on Bayesian Networks. Basically in this part, 
we concentrate on the integrated methods for Gene Prediction, Protein Function 
Prediction and Protein-Protein Interaction. Bayesian networks as a probabilistic 
framework provide a fine choice for integrating bioinformatics data due to its 
probabilistic characteristics. For Gene Prediction application, Bayesian frameworks are 
used to integrate the data from different predictors. In the case of Protein Function 
Prediction and Protein-Protein interaction, Bayesian Networks are used to integrate the 
data from different source of information to enhance the accuracy of prediction. 
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Then, we focus on the method to develop accurate probabilistic models of splice and 
binding sites in DNA sequences. As an application of Bayesian networks, a probabilistic 
tree network together with limited parameters is adopted to model those DNA regulatory 
regions, enabling the description single long distance dependencies between non-adjacent 
bases. Meanwhile by expanding the position independent PSSM (Position Specific Score 
Matrix) to tree Bayesian Network framework for the probabilistic presentation of DNA 
motifs we can describe any model spanning the range from PSSM to the full dependency 
model. 

 
Finally, we learn the method to find the selection of loop breakers automatically and 
perform exact multipoint likelihood calculations on general pedigrees for genetic linkage 
analysis. Using Bayesian Networks tree model, an advanced algorithm is provided by 
combinational optimization, probabilistic inference, and genetics knowledge. Also the 
speed of loop breakers finding algorithm is increased apparently due to applying 
Bayesian networks as the analysis frameworks. 

 
A Bayesian network is a directed acyclic graph G (a directed graph with no cycle), in 
which every vertex defines a random variable, and every edge between two vertices 
defines the conditional dependency between two variables according to those two 
vertices. Figure 1 depicts an example of simple Bayesian Network structure. For example 
the directed edge between variables A and C shows conditional dependency of C on A, as 
determined by the direction of the edge. In addition to the graph, Bayesian Network 
includes measure of dependencies. For each variable and its parents, this measure is 
defined using a conditional probability functions or a table. These two together 
completely specify the Bayesian Network.  
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1.1. Bayesian Network Example 
 

Therefore Figure1 defines the P(A,B,C,D,E,F) to be as following: 
P(A,B,C,D,E,F)=P(A)P(B)P(C|A)P(D|A)P(E|A,B)P(F|D). 
 

A 

C D E 

B 

F 
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In general a Bayesian Network is specified as a pair of <G, Θ>. The variable G represents 
a directed acyclic graph whose vertices correspond to the random variables X1,..Xn. Θ is 
the conditional distribution of these random variables. Each parameter of  Θ is specified 
by | ( ) ( | ( ))

i ix pa x i iP x pa Xθ = , for each possible value ix  of iX . 

 
Therefore a Bayesian Network specifies a unique joint probability distribution over all 
variables as following: 
 

1
1

( ,..., ) ( | ( ))
n

n i i
i

p X X p X Pa X
=

= ∏  

   
Each Bayesian Network must be trained in order to find the most probable graph 
explaining the training data set. The parameter of the network are G and Θ. The scoring 
function is used to evaluate how probable each graph explains the training data set. Now 
the problem is to find the highest score among the graphs representing the same data set. 
The following function is an example of scoring function called Bayesian Scoring Metric: 
 
 

Score(G:D)=logP(G|D)=logP(D|G)+logP(G)+C. 
 
Where D={Y1,…Yn} is the training set. 
 
(Pease see Cooper & HersKovits 1992  [10], Heckerman et al. 1995 [9]  for more detail) 
 
This report is organized as follows. Section 2 surveys the use of Bayesian networks to 
model gene regulatory pathways. Section 3 presents Bayesian networks for data 
integrations. Section 4 investigates the analysis of DNA sequences using Bayesian 
networks. Section 5 presents the idea of applying Bayesian networks for genetic linkage 
analysis. Section 6 concludes the survey. 
 
 
 
 
 
 



4 
 

2. Applying Bayesian Networks to Model Gene Regulatory Pathways 
 
Cells contain thousands of genes, each of which is translated to one or more proteins. 
One of the most important roles of the proteins is to control the expression of genes 
(which genes are translated into proteins) through regulatory pathways. There are many 
analysis tools available for analyzing gene expression data, one of which is based on 
clustering algorithms, which groups the genes that have similar expression patterns to 
discover the co-regulated genes. However, the clustering algorithms cannot reveal the 
whole structure of the transcriptional regulatory system. A newer approach for analyzing 
gene expression patterns is based on Bayesian network. In this section, many proposed 
techniques that are used to analyze and discover the regulatory pathways based on 
Bayesian networks are presented. 
 

2.1 Characteristics of Gene Expression Data 
 
Gene expression data is unlike other applications that use Bayesian networks because 
only few data are available. However, it is known that genetic regulatory networks are 
sparse, i.e., only few genes directly affect the transcription of a given gene. Also, gene 
expression data is known to be inherently stochastic phenomenon due to the inability to 
measure all the variables. Therefore, the algorithm needed to analyze such data must be 
capable to handle noisy data.  
 
Bayesian networks are suited to analyze gene expression because they are not limited to 
only pair-wise or linear interaction between genes. Moreover, Bayesian networks are 
probabilistic in nature, so they are robust in facing the noisy data. Also they can handle 
the missing data, and guard against the over-fitting. Finally, Bayesian networks are suited 
for learning in sparse domains. 
 

2.2. General Concept for using Bayesian Network to Analyze Gene Regulatory 
Pathway 
 
Bayesian networks are applied to expression data as follows: the expression level of each 
gene is defined as a random variable. Also, other attributes, such as experimental 
conditions, temporal indicators, background variable, and exogenous cellular conditions, 
that affect the system are modeled as random variables. 

 
The goal is to find a regulatory network that best matches the training sets. This network 
must follow the Bayesian network properties. The score of such a network can be 
computed using the Bayesian Scoring metric (Cooper & Herskovits 1992), which is 
described as: 

Score(G: D) = log P(G | D) = log P(D | G) + log P(G) + C, where C is a constant 
independent of G, and P(D | G) = ∫ P (D | G, θ) P(θ | G)dθ 
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There are more than one types of scoring metrics, each of which has a penalty for over 
complexity to guard against over-fitting data. BDe (Bayesian Dirichlet equivalent) 
capture the full Bayesian posterior probability, and the prior over graphs needs to be 
specified. BIC is an asymptotic approximation based on a penalized maximum likelihood 
estimate. BIC is better and faster for the large amounts of data, but it is worse for small 
amounts of data due to the over-penalization. 

2.3. Existing Proposed Methods 
 
Currently, there are many methods proposed for analyzing gene regulatory networks 
using Bayesian network. The most basic one is that of using the general Bayesian 
networks with static structure and no information about the role, e.g. inhibitor or 
activator, of the gene. The more complicated one includes information about the role of 
the gene, and the most recent one uses the idea of dynamic Bayesian networks for time-
series data, such as feedback regulation, and includes the role for each variable for 
analyzing gene expression data. 
 

2.3.1. Using Simplest Bayesian Network to Analyze Gene Expression Data 
 

Friedman et al. [1] presented the basic idea for applying Bayesian networks to gene 
expression data. The following will describe the idea.  
 
For representing partial models from a small data set, many different networks should be 
considered, and the common characteristic features are categorized. Two classes of 
features are emphasized. The first feature is the Markov relation, which is “X given its 
Markov blanket is independent from the remaining variables”. The second one is order 
relations, which answers the question “Is X an ancestor of Y in all the networks”. The 
statistical confidence in features is estimated. The perturbed versions of the original data 
set are generated to reveal how small perturbations can affect the features. The first step 
of the algorithm to test the confidence is generating m perturbed versions of data, and 
applies the learning procedure on each data set to induce a network structure G. Then, 
each feature of interest f are calculated as a summation over each network, where f(G) is 
1 if f is a feature in G, and 0 otherwise. The experiments show that features with high 
confidence are rarely false positives. 
 
Learning Bayesian network structure is an optimization problem. The number of such 
graphs is exponential in the number of variables. Therefore, only relevant regions should 
be focused. The main idea is to identify only a small number of candidate parents for 
each gene based on local statistics. Iterative algorithm is used to adapt the candidate set. 
At each iteration n, for each variable Xi, the algorithm chooses the set Ci

n = {Y1,…,Yk} of 
variables which are the top-k candidate parents for Xi. For choosing Ci

n, the 
ScoreContributionBDe(Xi,Xj : D) is used to measure the quality of having Xj as a parent of 
Xi in the initial phase. In the later phase, ScoreContributeionBDe(Xi, {Xj} U Pan-1(Xi) : D) is 
used. Bn is the optimal network in which PaGn(Xi) ⊆ Ci

n. The network found is then used 
to guide the selection of better candidate set for the next iteration. Bn is monotonically 
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improved by requiring that PaGn-1(Xi) ⊆ Ci
n.  The algorithm continues until there is no 

change in the candidate set.  
 
In order to specify a Bayesian network model, the local probability model for each 
variable needs to be defined. Gene expression values are discretized into three categories: 
-1, 0, and 1, based on whether the expression level is significantly lower than, similar to, 
or greater than the respective control, where the control can be the average expression 
level of the gene throughout the experiments, or can be determined experimentally. The 
threshold to the ratio between measured expression and control is used to define the 
significant of the expression level. 
 
The above approaches are applied to the data of Spellman et al [8], containing 76 gene 
expression measurements of the mRNA levels of 6177 s. cerevisiae ORFs. However, the 
temporal aspect of the measurement is not considered, and the learning algorithm uses no 
prior biological knowledge or constraints. For testing the order relations, the dominance 
score of X is defined as  
∑Y, Co (X,Y) > T Co(X, Y)k, where Co(X, Y) is the confidence in X being ancestor of Y, T is 
the threshold, and the constant k is the reward for high confidence features. The more 
interesting here is that the Markov relations found is beyond the limitations of clustering 
techniques. For example, FAR1 and ASH1 (both of them are known to participate in a 
mating type switch) are in different clusters, but the link between these two is found 
using Bayesian network.  
 
The algorithm above is useful for predicting which genes regulate others, but the type of 
regulations, such as activator, inhibitor, is not revealed. 
 

2.3.2. Adding Edge Annotation to Analyze Molecule Role  
 
Hartemink et al.[2] proposed a similar model with an additional ability to predict the 
magnitude of the regulation. The demonstration of the utility of Bayesian networks was 
performed by analyzing the regulatory network for the control genes for galactose 
metabolism in S. cerevisiae. Whole-genome expression data for each of the 52 
observations was collected using Affemetrix Ye6100 GeneChips. The values were 
normalized, and the output was a matrix of normalized log expression values. Then, the 
rows of each of the genes of interest are extracted and are performed binary 
discretizations using a maximum-likelihood separation technique.   
 
Examples of regulatory networks that are represented as Bayesian networks are 
illustrated in figure 2.1.  
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Figure 2.1. Two Bayesian networks representing a portion of the Galactose system  
Note: A box suffixed with “m” represents mRNA levels, and a text suffixed with “p” 
represents protein levels (in this model, they are latent variables whose values cannot be 
measured directly) 

 
Figure 2.2. Scores for all possible model s of the tree variable in figure 2.1 
Note: Latent variables are omitted 
 
From figure 2.2, the score of M2 is higher than M1, which is consistent with the current 
accepted hypothesis that GAL4 is expressed constitutively and its activity is inhibited by 
Gal80. 
 
Bayesian network models from Hartemink et al. [2] extend the basic models by adding 
the ability to annotate edges. There are four types of edges from X to Y:  

i) unannotated edge, which is the default case  
ii) positive edge, which means that higher values of X causes the distribution of Y 
to be higher 
iii) negative edge, which means that higher values of X causes the distribution of 
Y to be lower 
iv) positive/negative edge, which indicates that Y depends on X, but the true 
relationship is unknown 
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Figure 2.3. Scores for M1 and M2 under all possible values of the annotated edges 
 
From figure 2.3, it can be concluded that if the constraints cannot be satisfied by the data, 
the scores are as bad as those of incorrect structures. 
 
The above two approaches use only static Bayesian networks. Therefore, the upstream 
and downstream information, i.e. some gene may have to wait for other factors/genes to 
activate it, and this gene after activation may trigger other genes, as well as feedback 
regulations (cyclic) cannot be analyzed. 
 

2.3.2. Using Dynamic Bayesian Networks to Analyze Gene Expression Data 
 
Murphy and Mian [3] and Friedman et al. [6] suggested the use of dynamic Bayesian 
networks (DBN) for analyzing gene expression data.  

 
Figure 2.4. Dynamic Bayesian Network in two different time frames 

 
Yu et al.[4] implement DBN in biological data. They compare different discretization 
methods, scoring metrics, and search methods with the network retrieved from the 
simulator. For the discretization, hard discretization, which allows a given expression 
level to belong to only one category, and soft discretization, which allows a given 
expression level to belong to two or more categories, are compared. From the experiment, 
the 3-category hard discretization works best, so it is not always the case that finer 
discretization results in better network recovery. BDe and BIC scoring metrics are 
compared, and the graph from BDe is better because BIC is known to over-penalize of 
model complexity.  
 
CPT-like (Conditional probability table), called influence table, table is used to predict 
the sign of regulation, i.e., the occurrence numbers in tables, for each pair of connected 
nodes in the highest-score graph, suggest relationships between nodes.  
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Table 2.1. An example of influence score table 

 
Note: L, M, and H stand for low, medium, and high respectively. In reality, the table has 
more dimensions. Here only one parent per child is illustrated for simplicity. 
 The following formulas are used to calculate the influence score: 

i) LL_HL = (LL-HL)/(LL+HL) and HH_LH = (HH-LH)/(HH+LH) 
ii) LL_LH = (LL-LH)/(LL+LH) and HH_HL = (HH-HL)/(HH+HL) 

 
If LL-HL and HH-LH is greater than 0, and LL-LH and HH-HL are greater than 0, then 
the parent is considered an activator and gets the + sign. If both of them are less than 0, 
the parent is considered an inhibitor and gets the – sign. The final sign and magnitude of 
the influence is calculated as follows: first set the influence score to 0. If both LL_HL 
and HH_LH are greater than 0, add the magnitude (LL_HL*HH_LH)/2 to the influence 
score 0. If both of them are less than 0, subtract (LL_HL*HH_LH)/2 to the influence 
score 0. Otherwise, do nothing. Then perform similar operation for LL_LH and HH_HL. 
Finally, add both values from both sets and sum them to get the final influence score. 

 
Figure 2.5. An example of the graph with influence score and sign 

Note: feedback regulation from gene 7 to gene 0 
 

Ong et al.[7] also proposed the use of DBN for modeling regulatory pathway in E. Coli. 
Background knowledge, called operon, about the organism’s genome is used to construct 
the initial structure of DBN. Experiments were performed using gene expression data 
focused on tryptophan metabolism, which is a well-studied regulatory pathway. 
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3. Bayesian Frameworks for Biological Data Integration 
 

After the development of high-throughout techniques for Bioinformatics sciences, we 
face a huge amount of information from the different sources. Several methods have been 
proposed to integrate the information from those different sources to enhance the 
accuracy of the result. Bayesian network [9] as a probabilistic framework seems a fine 
choice for integrating bioinformatics data. Here we investigate the application of 
Bayesian Networks for Data integration in Gene Prediction, Predication of protein-
protein Interaction and Prediction of Proteins Functions. 
 

3.1 Gene Prediction 
 
Gene prediction and gene discovery is one the most time consuming problems in 
bioinformatics sciences. As the size of gene bank grows, the problem becomes more 
complicated. In this study [11], a Bayesian framework is used to combine the systems 
available for gene prediction in order to improve the accuracy. The Hidden Morkov 
Model is used as a special case of Bayesian network to combine the prediction systems. 
 
Genomic sequences are the sequence of four DNA nucleotides A, C, G and T. A gene is 
subsequence of either DNA strands that is translated to proteins. It is believed that the 
human genome is 3 billion bases long and it has thirty thousands genes identified so far. 
There are several systems such as Glimmer, Genmark, Genscan, Genie, etc. [11] for gene 
prediction. The goal in this study is to improve the accuracy of prediction by combining 
these systems using a Bayesian framework. 
 
There are some techniques proposed for combining the gene prediction systems which 
are based on combination of experts using logical rules (e.g. AND-OR combination) or 
majority voting. The improvement of the prediction using these methods compared to 
each individual system is 3-5 % which is not satisfactory.  
 
Bayesian Networks can provide a frame work for combining the prediction systems. 
The main advantage of using Bayesian network is the ability to learn the weight of 
individual system from the data rather than defining by user. There is a number of 
Bayesian Network structures can be used for this problem. The simplest structure is a 
naïve Bayesian classifier. Naïve Bayes modeling approach assumes the independence of 
individual experts, given a known combined prediction. Therefore, this structure can not 
address the correlation of individual predictors nor the dependency between the adjacent 
nucleotides in the sequence. In order to model the correlation between individual, a full 
Bayes model can be used. However, this model can not address the dependency between 
adjacent nucleotides in the sequence. Hidden Markov models as a special case of 
Bayesian Network architecture consider the dependencies between adjacent samples in a 
sequence. The output HMM architecture is first used but this architecture which is a 
sequential extension of the naïve Bayes model can not address the correlation of 
individual experts at the same position in a sequence. In order to address this problem, 
Input HMM is proposed which is able to capture the dependencies between individual 
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experts as well as the dependencies between adjacent true predictions. In other word the 
true prediction variable in position t depends on all experts-prediction in this position as 
well as the true prediction in position t-1. 
 
In order to compare the systems performance, 2.9 Mb long sequences of nucleotides is 
used [11]. The goal is to annotate the sequence into exon and intron using different 
combination of predictors. Logical combination (AND and OR), naïve Bayes Classifier, 
Static full Bayes, output HMM and input HMM are used for comparison. To compare the 
performance of different methods “Sensitivity” and “Specificity” are used in conjunction 
with over predicted and missed exons measurement. The results show that Bayesian 
network has promising performance for exon prediction over other combination methods. 
 

3.2 Predicating protein-protein Interaction  
 
Protein-Protein interaction is one the fundamental aspects of biological processes. The 
interaction could be direct or indirect which means that the proteins are in the same 
complex. Due to the large number of possible interaction and the small number of actual 
interaction, even the reliable methods can produce a lot of false result. To address this 
problem, we should investigate protein-protein interaction form different sources. The 
Bayesian approach is one way to integrate the information form different sources [13].  
 
The idea is to determine the reliability of each source first then integrate the different 
sources according to the statistical reliability. There are several advantages of using the 
Bayesian Network over other approaches such as logical integration, Neural Network, 
Decision trees and support vector machines [13]; a) the data does not need to be similar. 
For example the combination of Numerical and categorical data is possible is this 
approach. b) It makes a common framework for different data type without 
oversimplification. c) The missing data can be accommodated. d) Each information 
source is treated according to its statistical reliability.  
 
The training data set that we use to find the parameters of the Bayesian Networks must be 
independent from the data sources. It also must be sufficiently large and without any 
systematic bias. Let’s label the protein pairs that do not interact as “negative” and 
otherwise “positives”. The goal here is to predict weather two proteins are in the same 
complex rather than if they have the direct physical contact. To consider the reliability of 
the different information sources, the data set can be expressed in the term of likelihood 
ratio. In order to consider a pair of proteins as positive, its combined likelihood must be 
greater than a certain threshold. As a mater of fact, the Bayesian Network is used to 
represent the combined likelihood of the pairs witch is the probability that two proteins 
are in the same complex given the different sources.  
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3.3 Prediction of Proteins Functions 
 
The classical methods for protein function prediction are mostly based on finding the 
homologies between a protein and others in protein database such as FASTA and PSI-
BLAST and then predict the function based on sequence homologies. Other methods use 
the idea that if two proteins are together in anther genome, they are likely to have the 
same function. Since the proposal of these classical methods for protein function 
prediction, high-throughput techniques have been developed that produce the different 
sources of information. In order to predict the protein functions accurately, we must 
integrate these sources of information such as protein interaction, gene expression data, 
protein complex data, etc. 
 
 An effort have been started to develop a probabilistic model to combine these different 
source of information based on Bayesian Network [12]. The model should be flexible 
such that other information can be easily incorporated. The probabilistic integrated 
approach for functional predication of proteins has some advantages over other methods. 
First it considers all available sources of information with different reliability which is 
included with different probability in the model. Second the subsequent probability that a 
function has the function of interest can be assigned. 
 
One of the models which has been used is called MRF (Markov Random Field) [12]. This 
model uses the global information on the entire interaction network and gives a 
probability that a protein has a function of interest rather than absence or presence of that 
function. A lot of methods use the individual features to predict the protein function such 
as the protein’s isoelectric point, its absolute mRNA expression, etc. The MRF based 
method combines the information from the different sources such as gene expression 
patterns, genetic interaction and features of individual proteins. Let’s briefly look at MRF 
model based on protein physical interaction. The idea is to determine the probability that 
an unknown protein has a given function of interest using the protein physical interaction. 
This probability can be expressed as following:  
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This method is applied to predict the function of unknown proteins in Yeast. The result 
shows that considering the genetic interaction with physical interaction enhances the 
performance of the model considerably compared to using just physical interaction. In the 
case of considering all the information sources (Physical Interaction, Genetic 
Interactions, the gene expressions, protein complex data and domain information), the   
specificity and sensitivity of the integrated approach shows a substantial increase. 
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4. Bayesian Network Applications in DNA Sequence Analysis  
 
DNA sequence analysis has become an integral part of understanding the mechanisms of 
transcriptional regulation. To dealing with the size and complexity of biological sequence 
database, the automated systems for sequence modeling and analysis are surely needed. 
Among the most important parts of these systems is the modeling of special functional 
regions in DNA sequences, such as the splice junctions which signal the beginning and 
end of transcription in human DNA and the binding sites of the transaction factors which 
modulate the expression of genes by binding to specific positions in nearby genomic 
regions. In this paper, we focus our survey on recent researches of applying Bayesian 
Networks as accurate probabilistic models for the splice and binding sites in DNA 
sequences. 
 

4.1. Modeling Splice Sites in DNA sequences 
 
Deyou et al [15] used Bayesian Networks to provide an efficient method to model 
biological data especially the splice sites in DNA sequences. The main idea is to adopt a 
probabilistic tree network together with limited parameters instead of a first-order model 
as the analysis framework. This method is more accurate than the first-order model since 
it enables the description single long distance dependencies between non-adjacent bases 
without increasing the number of parameters. 
 
The first-order Markov chain model can be presented as follows in Figure 4.1. To model 
a DNA sequence of length N, a discrete random variable Xi is associated with each 
position i in a sequence. Each random variable Xi takes values from the set {A, C, G, T}. 
Assuming that the joint probability distribution is based on the assumption that, the 
probability distribution of bases in position i depends only on the previous base in 
position i-1. Thus in first Markov chain model there is the following conditional 
independence: p(X1, X2,… Xn) = p(X1)p(X2|X1)…p(Xn|Xn-1). 
 
 
 
 
 
By extending the first–order Markov chain model, probabilistic tree networks can be 
created as following: allowing the position i to depend on any position j which also 
means that the variable in position j will be referred to as the parent of variable in 
position i if the probability of variable n depends on variable j. For instance, Figure 4.2 
describes a typical probabilistic tree network structure, in which every node is associated 
with a random variable Xi and there is a directed edge between nodes at position i to 
position j if the value of the variable Xi in position i is depended on that of variable Xj in 
position j. For example, X3 X1 and X1 is the parent of X3. Thus there is different 
conditional independence according to this more generalized model than the first-order 

 X1  X2  X3  Xn 

Figure 4.1: First-order Markov chain 
model 
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Markov model. For example, in the tree networks of Figure 4.2, the joint probability 
distribution on all the variables can be computed as a product:  
p(X0,X1,X2, X3,X4, X5, X6 ,X7,X8) = p(X0)p(X1|X0) p(X2|X0) p(X3|X1) p(X4|X1)p(X5|X2) 
p(X6|X2) p(X7|X6) p(X8|X6). 
 

 
To find the splice sites of DNA sequences, the method for learning uses a classical result 
of the previous study of Chow and Liu (1968), which includes the following procedure: 
First, compute the mutual information M(i,j) =

,

( , ) log ( , ) / ( ) ( )
x y

p x y p x y p x p y∑  as the 

parameter value of the conditional dependency and assign it to the conditional 
distribution. Then construct a weighted Bayesian Network G with a weight W(i.j) = 
M(i,j) assigned to each directed edge (i,j). Next, find the maximum spanning tree T which 
is an acyclic sub-graph contains all the nodes of graph G with the maximum sum of the 
edge weights included in T efficiently using certain classic algorithm (Cormen et al.1990), 
and orient that tree by selecting the variable X0 as the root of the tree. Finally, by 
recording the empirical frequencies observed in the data, compute the conditional 
probability of p(Xi,Xj) of every pair of Xi and Xj thus approximate the conditional 
probabilities.  
 
Learning the oriented tree networks model by the above method, the probability that a 
particular sequence was generated by some model M can be compute easily by 
multiplying the appropriate conditional probabilities. For example, according to the tree 
model in Figure 4.2, we can score the sequence (x0, x1, x2, x3, x4, x5, x6, x7, x8 ) by 
multiplying the conditional probabilities p(x 0, x 1, x 2, x 3, x 4, x5, x 6, x 7, x 8) = p(x 0)p(x 1| 
x 0) p(x 2| x 0) p(x 3| x 1) p(x 4| x 1)p(x 5| x 2) p(x 6| x 2) p(x 7| x 6) p(x 8| x 6). Since the small 
number of parameters of a learning system can enhance its guarantee of not being over-
fitting, this tree networks provides a more flexible and reliable model for DAN sequence 
analysis.  
 

4.2. Modeling Transcription Factor Binding Sites in DNA sequences 
 
Transcription factors modulate the expression of genes by binding to specific positions in 
DNA sequences. To identify the binding sites, we have two tasks. One is to predict 
potential binding sites of a known transaction factor on a genomic scale, and the other is 

Figure 4.2: Tree model 

 X1  X2 

 X0 

 X3  X4  X5  X6 

 X7  X8 
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to discover a sequence motif as well as its putative sites in a collection of relatively long 
intergenic sequences that are suspected to being bound by the same factor. 
  
Yoseph et al [16] applied Bayesian Networks in modeling binding sites by expanding the 
probabilistic presentation of DNA motifs from a position independent PSSM (Position 
Specific Score Matrix) to a Bayesian Network framework which improves the former in 
both characterizing motifs and prediction their genomic locations.  
 
The PSSM model assumes that the nucleotide at one position is independent of other 
nucleotides at all other positions, i.e. the distribution of sequence X = X1,X2, …, Xn is 
P(X) =Πi P(Xi). To capture local dependencies between positions Bayesian Network G is 
used to create the new model of P(X) =Πi P(Xi| Pai

G) where Pai
G is the parents of Xi in G. 

In fact, the Bayesian Network model allows any model spanning the range from PSSM to 
the full dependency model. See the following examples in Figure 4.3, where T is a 
random variable which describes the type of the binding. 
 

 

 
Figure 4.3.: Examples of different Bayesian network models for a motif with 5 positions. 

(a) PSSM, (b) tree, (c) non-tree, (d) mixture of PSSMs, and (e) mixture of trees. 
 
When learning these Bayesian Network models, a set of aligned binding sites of the 
transcription factor is taken as the input training dataset, and the empirical probability 
that measures the frequency of events in this training dataset is considered as the 
probabilistic distribution. Then the maximum likelihood parameters for P(Xi| Pai

G) are 
selected as the parameter to maximize the log-likelihood function in models where we do 
not have a hidden variable T. For the models where we have a hidden variable T an 
iterative procedure of Expectation Maximization is performed to find the maximum of 
the likelihood function.  
 
Besides the above parameters learning, the structure learning of these Bayesian Networks 
are performed by finding a model which has the maximum BDeu score[17] as for models 
having no hidden variable T or which has the Cheeseman-Stutz approximation of the 
BDeu score as for models having hidden variable T.  
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5. Bayesian Networks Applications in Genetic Linkage Analysis 
 
Genetic linkage analysis has become a useful statistical tool for mapping disease genes 
and locating their position on the chromosome according to their functionality. The 
pedigree likelihood computation and the automatic selection of loop breakers are two 
important aspects in this area. Since a large number of possible highly polymorphic 
markers as well as a variety of disease models need to take into account, both of these 
procedures pose great computational challenges to researches nowadays. In this section 
we focus on applications of Bayesian Networks in these two areas. 
 

5.1. Exact Genetic Linkage Computations 
 
The exact computation of the pedigree likelihood is an important part when mapping 
disease genes and constructing genetic maps. M.Fishelson et al. [18] achieve a unified 
treatment to the classified two approaches of the genetic linkage computation (Elston and 
Stewart, 1971; Kruglyak et al., 1995, 1996 and Lander et al., 1987) bye using Bayesian 
networks as the pedigree representation. Figure 5.1 shows an example of their framework. 
In that framework, random variables Gi,jp and Gi,jm represent the alleles of locus j in 
individual i’s paternal and maternal haplotypes which means Gi,jp came from i’s father 
and Gi,jm  came from i’s father, meanwhile random variable Pi,j denotes the phenotype of 
individual i, and variables Si,jp and Si,jm denote the selectio n of the meiosis which causes 
the i’s genetic makeup at locus j. So the general population allele probabilities can be 
presented as P(Gi,jp) and P(Gi,jm), the penetrance models as P(Pi,j| Gi,jp, Gi,jm), transmission  
models as P(Gi,jp | Ga,jp, Ga,jm, Si,jp) and P(Gi,jm | Gb,jp, Gb,jm, Si,jm) with a and b being parents 
of i, and recombination models as P(Si,jp | Si,j-1, θj-1p) and P(Si,jm | Si,j-1m, θj-1) with P(Si,jp) = 
P(Si,jm)= 0.5. 

 
Figure 5.1.: A fragment of a Bayesian network representation of the transmission model and the 

penetrance model in a 3-loci analysis.(Adapted from Friedman et al., 2000.) 
 
Based on the above Bayesian networks, variable elimination with or without conditioning 
is used to calculate the likelihood of the pedigree data. By trimming redundant variables, 
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merging related variables and range reduction of values valid for each variable given the 
data, M.Fishelson et al. show that the processing performed on this kind of Bayesian 
network  usually achieve a essential reduction in the time and memory required by the 
processing.  
 

5.2. Automatic Selection of Loop Breakers 
 
The loop breaker selection (LBS) problem is to find loop breakers in a pedigree so as to 
break each loop when estimating the recombination fraction θ according to the genotype 
and phenotype information about the pedigree, i.e. to compute L(P|θ) =ΣgP(r has 
genotype g|θ, P\r)  where P\r denotes all individuals in pedigree except r. Elston and 
Stewart[19] have proved that such computation can be more efficiently performed in 
loopless pedigrees than in looped pedigrees, thus selecting loop breakers and converting a 
looped pedigree into loopless pedigree by cloning the selected individual in the pedigrees. 
Figure 5.2, 5.3 and 5.4 show an example of marriage pedigree, its according Bayesian 
Network graph and the cloning processing at a loop breaker. 
 

    
 

  
 
In Bayesian networks if any vertex v is within a loop formed by paths of a v and b  v 
where v has two parents, because once the value of v is known, a and b become 
dependent and a virtual edge connects them. However, in marriage graphs only the 
individual but not the marriage vertices can be selected as loop breakers, so in the 
according Bayesian networks, such vertex v will not be taken into consideration, thus 
Bayesian networks models can be adopted.  
 
Based on the above model, Ann Becker et al. [20] developed a fast algorithm for the LBS 
problem by means of generalized cloning which shows a significant improvement in 
processing time of genetic linkage computations. 
 
 

Figure  5.2. A first-
cousin marriage with 
three offspring 

Figure  5.3.  Marriage 
graph for first-cousin 
marriage pedigree 
 

Fig. 5.4. First-cousin 
marriage with loop 
broken by cloning 
cloning. 
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6. Conclusion 
 
In this study, we surveyed the application of Bayesian Network in Bioinformatics. The 
goal was not to propose new methods but to show the pros and cons of Bayesian 
Networks as probabilistic frameworks in biological applications. We have found that 
Bayesian Networks are appropriate for biological application because of their stochastic 
nature which makes them applicable for noisy data. They also provide a common 
framework to combine different data structure and each source of data based on its 
reliability. 
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