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ABSTRACT

In this highly dynamic environment, data and information are rapidly changing in time. For a decision support
system, to capture continuum data and then to extract knowledge from data is in high demand. Our research work
focus on developing a systematic approach for discovering causal relations among data and dynamic updating
upon to the varying goals. Bayesian network is a powerful tool for representing knowledge and tackling the above
inquires. In this research, the entropy-based searching mechanism designed on Bayesian network is adopted to
learn the structure of a goal-specific mission. Link strength and connection strength are the measures for selecting
links to be added and subtracted. However, these two measures are the relative measures instead of absolute
thresholds. Initially, we designed a link/connection strength selecting method for possible adjacency matrices in
tabu searching. In the second phase, we used a homogeneity test to ensure the quality of the learned structure. The
results of this study will be an important stepping stone to attain the learning requirements of designing, building,
and operating effective decision support systems under dynamic environment.

1. INTRODUCTION

Decision support systems (DSS) are one of the more mature systems in knowledge management research. There is
a significant availability of framework and models that can be applied to the problem solving of enterprises. Enterprises
must focus on the management of knowledge and to develop the decision support system for gaining competitive
advantage, especially in the changing, uncertain, and complex world. The research scope is shown in Figure 1. The
inputs of the system are data and knowledge, and through a learning process the output of the system is updated
knowledge, which can be used to support decision making in action. Note that memory in the process is continuum
learning data collected from feedback which occurs when an environment react to an action. Therefore, the process is
iterative in this system, continuum learning using tabu list to implement the memory-driven mechanism.
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Figure 1. A Bayesian Network approached DSS.

A major challenge for research in related field is to integrate data and knowledge. This research offers a Bayesian
network scheme for constructing a decision support system to integrate the data and the knowledge. A Bayesian
network is a succinct and efficient tool for representing causal relations. It is a knowledge-representation tool that is
capable of efficiently managing the dependence/independence of relationships among random variables. A Bayesian
network provides a natural way to integrate existing knowledge with new data by learning the structure of the network.
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Focusing on link strength, we developed a new concept to perform an effective learning structure mechanism,
different from traditional models where the strength of the link is equal to either zero or one, the strength of the link in
this research is between zero and one and is adjustable by continuum data. This is a new concept to delineate the
stochastic dependence relationships among random variables. The proposed method is applied to benchmark
examples, i.e., the benchmark dataset: ASIA model [1], in learning the structure of a Bayesian network. As a result, the
ASIA model tended to elucidate how the mechanism works.

Three objectives are associated with this problem, i.e., 1) to construct a stochastic model that represents data and
knowledge by a Bayesian network, 2) to update the structure by evaluating the strength of the links in the Bayesian
network, and 3) imply in tabu search to perform an effective Bayesian network structure learning mechanism.

This article is organized into six sections. In the second, we give a brief literature review covering the research area.
The third section introduces notations and assumptions of model. In the fourth section, we illustrate the mechanism of
using link strength and connection strength in learning the structure of a Bayesian network based on tabu search. The
fifth section we present the experimental results of the benchmark dataset. Finally, a conclusion and perspectives will
be proposed.

2. LITERATURE REVIEW

Bayesian networks have an important role in the design and analysis of machine-learning algorithms, serving as a
promising way to approach present and future problems related to artificial intelligence and data mining [2]. Typically,
a Bayesian network B=(G,P) has two key components: a graph structure ( G ) and joint probability distribution( P ) for
a set of variables. The graphical structure illustrates the conditional independencies among the variables in a given
problem. A Bayesian network is a graphical model that encodes the joint probability distribution for a set of variables,
e, X = {Xl, X,,K ,X, } n > 2. There is a finite set of vertices or nodes ( 7 ), and there is a finite set of directed edges
or links ( £ ) between the vertices in the structure of the graph, i.e., G =(V,E) . Bayesian networks are a specific type of
graphical model with directed edges and no cycles. The directed acyclic graph (DAG) defines the structure of the
Bayesian network.

Dealing with learning in a Bayesian network from empirical data, the data can be either complete or incomplete, and
the structure of the network can be either known or unknown. To deal with complete data, the problem of structure
learning is classified into two approaches: the constraint-satisfaction method and the scored-based method. Although
the constraint-satisfaction method is efficient, it is sensitive to failures in the independence tests. Therefore, the
scored-based method is a better tool for learning structure from data.

There are two procedures in the scored-based method by which algorithms learn Bayesian networks from data
which are, the scoring-criterion procedure and the search procedure. The scoring-criterion procedure displays how well
a DAG fits the data, and the search procedure determines a better DAG for complete data. The scoring-criterion
procedure computes a score that reflects the goodness-of-fit of the structure to the data. The most common scoring
functions are the Bayesian score and the likelihood score. The Bayesian score computes the posterior probability
distribution P(B| D) . The best structure is the one that maximizes the posterior probability. An example of a Bayesian
score is the Bayesian Dirichlet (BD) score [3]. For the likelihood score, the score of a Bayesian network B is related
to the compression that can be achieved over the data D with an optimal code induced by B . Examples of such scores
are the minimum description length (MDL) score [4], the Akaike information criterion (AIC) score, and the Bayesian
information criterion (BIC) score. The MDL scoring function from coding theory prefers a simple structure that fits the
data well. Both BIC and AIC calculate the score based on likelihood of the data and the penalty of the dimension, but
the BIC score penalizes to a greater extent than the AIC score. This means that the BIC score leads to the determination
of a simpler structure.

The structure can be measured by the scoring criteria introduced above. As for the search procedure, the goal is to
identify the network structure with high scores. Buntine [5] proposed a Bayesian approach for updating both the
parameters and the structure. He constructed an initial structure from prior probabilities associated with each possible
arc in the domain. Then, he used the posterior probabilities of these arcs for updating. Lam and Bacchus [4] applied the
minimal description length principle to account for the structure of the existing network. They focused on sequential
updating of the parameter assuming a fixed structure. Friedman and Goldszmidt [6] modified the MDL score in
conjunction with the incremental learning procedure and extended these methods to deal with incomplete data in
sequential updates. The K2 algorithm maximizes the probability of an optimal graph topology, given a dataset, by using
a Bayesian score to rank different graphs [3]. However, this algorithm is restricted by the order of the variables. The
hill-climbing (HC) algorithms start a search from an empty, full, or random graph. The HC algorithm searches for every
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possible addition, removal, or reversal of links to be the candidate graph until the score of graph no longer increases [7].
Other heuristic searching methods, such as: genetic algorithms [8], simulated annealing [9], and tabu search [10] also
are used for searching structure. By the tabu search, the ability to use history in creating such evaluations then becomes
important for devising effective methods. This is true as well in the use of candidate list strategies. Several key forms of
such strategies are highlighted in [11, 12].

3. REPRESENTATION AND ASSUMPTIONS

We use a binary relation R between the finite sets X and Y to represent knowledge. The knowledge of the model
can be represented by an adjacency matrix 4; with R, the row and column indices of which are given by X and Y.

4 :{1 (i,j)eR )

0 (i,j))eR

4; 1s also the directed acyclic graph of Bayesian network B , and the assumptions made in this research are: 1) The
data are complete and sufficient. 2) All nodes, i.e., V' ={V,,..,V, }, in the Bayesian network are fixed. This means we are
not to add or subtract nodes; rather, we only add or subtract links while updating. 3) The behavior of the structure is
consistent and the proportion of observations is the same for each population. 4) The variables and the initial adjacency
matrix are defined by domain expert. However, the completeness of the adjacency matrix is not a major issue since the
matrix will be improved along the learning process.

4. BAYESIAN NETWORK BASED DECISION SUPPORT SYSTEM

Two different approaches have been used to construct Bayesian network based decision support system. The first
approach is to implement the Bayesian network structure learning with tabu search. The second approach is to test the
homogeneity of the real data and the data generated from the learned Bayesian network.

4.1. THE PROPOSED STRUCTURE LEARNING MECHANISM

To implement the process of the integration of data and knowledge, we provided a systematic approach for learning
the structure of the Bayesian network. Figure 2 shows the tabu search procedure of the Bayesian network structure
learning mechanism. The tabu search is introduced to go beyond the locally optimal termination point. Learning is
starting from defining the initial structure of the Bayesian network, and then to do the parameter estimation. Before
making the next move, we evaluate the Bayesian network by scoring method. If the score is not meeting the stopping
criteria, we make a move or choose from the candidate list. The move can be either to add a link or subtract a link
depending on which move get higher score. For choosing the move for next iteration, we use two measures: link
strength and connection strength. Note that, tabu lists contain moves, which have been previously made but are
prohibited for a certain number of iterations. The searching process is iterative and to ensure convergence, we keep the
best score structure.

The variables and the initial adjacency matrix 4 are defined by domain expert. To construct a Bayesian network,
we must estimate the parameters based on the existing structure and collect complete data. This is done by using the
maximum likelihood parameter estimation in the equations below to estimate 6 . Parameter estimation is to find 6,
that maximizes the likelihood given the data D .

0,, =arg max[P(D‘@)]

P(Djp)-= lkll[P(xkO)

2
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Figure 2. Procedure of proposed structure learning mechanism.

The estimation of the maximum likelihood seeks the solution that can best explain dataset D . Here we get the initial
Bayesian network, B, ; = B(4;,0) . Here we use the Bayesian information criterion in the equation below to evaluate
networks:

BIC(B,D) = log P(D|B,9;ﬂ )— Penalty = log P(D|B,9;;L )— %Dim(B)log 4 3)

In the above formula, P(DJB,OLL)is the likelihood of the data D according to estimated parameter 6,, and structure
B . V is the sample size of the dataset, and Dim(B) is the dimension of the data. The BIC score is the sum of the log
likelihood term and the penalty term. The penalty term penalizes structures that have many links. The BIC score leads
to the determination of a simpler structure. Based on the concept of Occam’s razor, the simplest model is preferable
when all the models have the same score. Therefore, the model with higher dimensions is penalized, as follows:

Dim(B)= Z":Dtm(Vk,B)
Z “4)
Dim(Vk,B):(r,. —l)q,,where q, = Hr/.

N, ePa; (V; )

If the score does not meeting the stopping criteria, we do the structure learning. In this step, we choose a move from
candidate list. Candidate lists generate new solutions from the current solution. It narrows the examination of elements.
To choose a move, we use two measures for calculating strength of links: 1) connection strength and 2) link strength.
Connection strength is the measure for selecting one link to be added from all possible links. Connection strength of the
link x — v denotes the reduction of uncertainty in ¥ by having the information of state X . The formula of mutual
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information is used to determine the relevance of the nodes to others. Link strength is the measure for selecting one link
to be subtracted from all possible links; it is calculated by conditional mutual information. Focusing on the link x —» v,
the formula of link strength adjusts the mutual information by conditioning on the set Z of all other parents of ¥ . The
definition of connection strength and link strength are [13]:

P(x,»)

CSywy=MI(X;Y)=H(X)+H(Y)-H(X,Y)= ) P(x,y)log,| ———
(X = ) H)~ ()= 3 o ) .
P(y|x,z)

15, = ilc.rie)= 3 eal3 o, )

Based on the results of calculating the connection strength and link strength, we calculated the strength matrix by
M ; =strength of links- 4; . The result of connection strength matrix and link strength matrix are calculated in the
following matrices:

0 s, A CS,
M (CS,,)=CS,, - A, = CSa 0 A Sy ,0<CS,, <1,Vi,j
v v M M O M
CS,, CS,, A 0
(6)
0 LSI*)Z A LS]—)Y
M (LS, ,)=LS, , -4, = £S0 0 A LSy L,O<LS, ., <1,Vi,j
1y e - Ui M M O M —>
LSX%I LSX%Z A 0

Note that the elements of connection strength matrix and link strength matrix are between 0 and 1. The
‘from-zero-to-one relationship’ is transferring back to the ‘either-zero-or-one relationship’ in the next step. The
transferring process is to define a matrix ¢, that records the chosen link for moving. For adding a link, we use
connection strength with a roulette wheel selection mechanism. Consider a population Rw ={CS,,,CS,;.K ,CS,, } With
size n from connection strength matrix M;(CSyy ). Here n=k(k—1) , where £ is the number of nodes. The probability
of each link being selected is:

CSy

k(k—1)

Y.cs,
n=1

P(CS,,) = ,n=12K k(k-1) (7)

By using roulette wheel selection, we record the link to be added in the matrix ¢ . The matrix ¢; and updated adjacency
matrix A4 are as follows:

o {1 when (i, j) is the link to be added
;=

0 otherwise (8)
A; =4, +C;

We must look more carefully into the link-adding process because of the DAG constraint of a Bayesian network.
Therefore, we must conduct a topological check with adjacency matrix 4; . The matrix must pass the checking process
in order to be the suggested adjacency matrix by adding 4; . If it does not, we must choose another link by using the
roulette-wheel selection. The checking process creates a linear ordering of nodes. If the link (x,)) appears in the
graph, then x comes before » in the ordering. The graph must be a directed acyclic graph in order to pass the
checking process. But, if x comes after y in the ordering, then the graph is not a DAG.
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For subtracting a link, we use link strength as the measure. The link with smallest LS, ,, ischosen from connection
strength matrix M (LSy ,y). We recorded the link to be subtracted in the matrix C;; . The matrix C; and updated
adjacency matrix 4; are as follows:

i

_ |1 when (i, j)is the link to be subtracted
10 otherwise 9)

Ay =A4; +Cy

With two updated adjacency matrices 4; and 4;; , we conduct the parameter estimation and then get two candidate
Bayesian networks: B* =B(4;,0")and B~ =B(4;,0"). To find the best network during this iteration, we used the
Bayesian information criterion to compare the two candidate Bayesian networks. Here, we obtained BIC(B",D) and

BIC(B™,D) as follows:

BIC(B*,D)=10g PD|B" .0}, )~ + Dim(B" )iog ¥
2 (10)

*

sic(s~.D)=10g P[D]B".0;, )- % Dim(B" )logV

We compared the two BIC scores, i.e., BIC(B",D) and BIC(B~,D), and then the Bayesian network with the
higher BIC score is selected to be the updated Bayesian network B’,, as shown below:

, {B‘(Al;,e'), when BIC(B,D) > BIC(B",D) an

" |B*(47,60%), when BIC(B*,D) > BIC(B",D)

iJj
lj b

Learning is conducted iteratively. We use tabu lists to record the moves. The aspiration criteria is the size of
memory; follow the rule of first-in, first-out. Also, in each iteration, we use breeder selection to keep the best structure.
Breeder selection is helping the searching methods converge. The stopping criteria for iteratively structure learning is
to stop when the deviation is less than the threshold.

4.2. HOMOGENEITY TEST

Because the model of the original complete data is unknown, it is difficult to evaluate the validity of the structure
between an unknown structure and the learned structure. In order to compare the behavior of the learned structure to the
original model, we conducted the homogeneity test for 7/ populations. The null hypothesis and the alternative
hypothesis of the homogeneity test between dara' and data are as follows:

H, “Dy :pzb/ajzl,st ,J

H, :H is not true

(12)

The test statistical approach is the use of a chi-squared random variable, x*, which is defined by the following
equation:

L o —F. N._.
x’ =ZZ"—"), where E; = n,— (13)

Here, N, ; is the number of observations among the » samples that fall into category j .The result is to reject H, if
2r2 x;( 11— - Otherwise, if not to reject H,, , the result states that the proportion of observations in category j is the

same for each population.
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5. A NUMERICAL EXAMPLE

The ASIA model [1], a benchmark Bayesian network, is a lung cancer model of 8 nodes and 8 links. Although the
ASIA model belongs to the medical related domain, the relations and probability property between variables in ASTA
model are the same in the industry domain where we can also implement this mechanism to support decision making.
The ASIA model shows a combination of diseases represented in a Bayesian network: tuberculosis (Node 3), lung
cancer (Node 4), and bronchitis (Node 5), together with the presentation of dyspnea (Node 8) and X-ray (Node 7). A
recent visit to Asia (Node 1) increases the risk of tuberculosis, while smoking (Node 2) is known to be a risk factor for
both lung cancer and bronchitis. And Node 6 is the OR logic node of cancer or tuberculosis. In this model, each node
has two states.

Target BIC score s 1211 891 Target BIC score s 1211891 Target BIC score i 1211891 Target BIC score s -1211.891
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Figure 3. Plots of BIC score per iteration.

Table 1. Homogeneity test result of experiment.

Trials BIC(B’) Iterations | Result of Homogeneity Test

1 -1215.17 30 2% =8.5399 < 20514 = 23.6848 , Not reject H,,
2 -1210.91 9 2% =16.9303< 2514 =23.6848 , Not reject H,
3 -1215.50 4 2% =16.7254 < 32515 = 22.3620 , Not reject H,
4 -1215.50 7 22 =17.0935< 2515 = 24.9958 , Not reject H,
5 -1214.59 26 22 =12.6328 < 30514 = 23.6848 , Not reject H,,
6 -1214.59 10 22 =13.4950 < 30515 = 24.9958 , Not reject H,,
7 -1213.93 12 %% =12.9777 < 3 05.14 = 23.6848 , Not reject H,,
8 -1211.52 23 22 =8.6177 < 20513 = 22.3620 , Not reject H,,

9 -1213.93 6 %% =22.3298 < x20s.16 = 26.2962 , Not reject H,
10 -1211.52 8 22 =10.3579 < 3 0515 = 24.9958 , Not reject H,,
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The target BIC score of our experiment is BIC(T) =-1211.89 . The tabu list aspiration criterion is the size of seven [8]
and the learning stopping criteria is the deviation of five. The results of learning are shown in Figure 3. The use of tabu
search avoids being trapped at local optimum, i.e, the scores plot of trial 1, 5, and 8 in Figure 3. From the efficiency of
the learning process, the learning procedure converged in an average of 13.5 iterations. The homogeneity test results
(Table 1) show that H, is not rejected in any of the 10 trials. This result states that the proportions of observations in
categories are the same for two structures. As a result, we may not reject that the behavior of learned structure is the
same as original model.

6. CONCLUSION

In this research, we used link strength and connection strength to describe the link of a Bayesian network. This
research provided a stochastic model that can be used to integrate data and knowledge by a Bayesian network. Also, the
structure and the parameters can be updated by a series iterative tabu search procedures that avoid being trapped at
local optimum. The experimental results of the benchmark datasets (the ASIA model) show that the Bayesian network
based decision support system demonstrated homogeneous behavior of learned structure. The experimental results also
display that the proposed approach is able to search for the Bayesian network structure in an effective way.

The application of Bayesian network based decision support system in healthcare-related fields should be
considered in the future. Despite the limitations and the need to improve the algorithm, the results of this research can
be used to establish a decision support system for preventing disease and promoting healthier lifestyles. In the
healthcare-related field, there are huge quantities of available data that are highly dimensional and uncertain. Regarding
the issue of large and highly-dimensional datasets in real-world applications, future researchers should consider the use
of divide-and-conquer techniques to deal with the magnitude and complexity of the situation.
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