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ABSTRACT

The subject of how best to present the relationships between the variables under uncertainty was crucial in recent medical

studies. In this study we compared the performance of hybrid structure learning algorithms with using different constraint

based methods in skeleton construction phase. We used four different medical Bayesian networks for the comparison. In

conclusion, we determined the most powerful combination of learning algorithms as a two phased hybrid method for building

the structure.
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1. INTRODUCTION

Bayesian networks have become an important tool for decision
making and statistical inference in many fields such as medicine
[1], biology [2], and chemistry [3]. They provide useful
representation of the joint probability distribution for a
multivariate data set. Bayesian networks use graphical model to
depict conditional independence among random variables in
the domain and encodes the joint probability distribution [4]. A
Bayesian network consists of two qualitative components: a
directed acyclic graph (D.A.G) and set of conditionally
probability values. In Bayesian Networks D.A.G is called the
structure and conditionally probability values are called the
parameters.  The main task is constructing D.A.G and
obtaining the parameters. These two operations are called as
learning. Learning Bayesian networks is a complex task which
has received a lot of attention from researchers. Structure
learning algorithms have received considerable attention due to
the complexity of the real world problems. Bayesian network
structure can be obtained manually by expert knowledge.
Without the presence of expert knowledge, structure learning
algorithms provide an automated way for constructing a D.A.G
given by a dataset. In recent years, there have been a lot of
interests about the usage of Bayesian networks (BNs) in the
medical domain. BNs are used in many areas in the medical
domain such as forecasting glucose concentration [5],
Detecting Asthma Exacerbations [6], analysis of an adverse
drug reaction [7], diagnosis of the caring procedure for
wheelchair users [8], detecting laboratory errors [9], modeling
for brain longitudinal brain morphometry [10], identification
of a strategic brain network [11]. Bayesian network structure
learning algorithms are compared according to quality of the

networks for emergency medical service [12]. The ability of
BNs to model uncertainty and causal relationships among
variables makes them an attractive tool in a number of medical
applications. They represent causal interventions and make
inferences graphically. The main advantage of using BNs to
model relations in medical studies includes generating
inferences with causal relationships and the conditional
probabilities. Properly designed BNs can provide a valid model
when any subset of the modeled variables is present. This paper
explains the importance of automated structure learning
algorithms in Bayesian networks for medical studies.

2. MATERIAL AND METHODS
2.1. Learning Bayesian Networks

Bayesian Networks are graphical models for reasoning
under uncertainty. A Bayesian network composes of nodes and
arcs. The nodes represent the random variables and the arcs
represent the causal effects between the nodes. The joint
distribution of the random variables are shown as a
factorization of the conditional distributions

P(X, Xy, X,) = ﬁ P(x / Pa(x))

Where Pa(X;) is the parent of random variable x;. The
factorization of the joint distribution enables to encode the
direct relations between the variables.

Learning the structure of a Bayesian network can be stated
D= {Xl ’ X2 """ Xn}

D.A.G that best matches D. This process is achieved by using a

as follows: given a dataset obtaining the

scoring metric f which is aimed to maximize. Generally local
search algorithms are implemented for learning the structure.
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Hybrid approaches use both conditionally independence tests
and local search algorithms. During the last years two phased
algorithms are implemented such as Sparse Candidate, Max-
Min Hill-Climbing.

There are mainly three approaches for structure learning:
constraint-based methods, score-based methods and hybrid
methods. Constraint-based methods include finding a D.A.G
with using conditionally independency tests [13]. These
methods try to construct a structure which reflects the
relations between the variables by performing statistical
hypothesis tests. Score-based methods use a scoring metric and
a search method for obtaining the best structure. Generally
heuristic optimization techniques are used for searching
operation such as genetic algorithm [14], hill climbing [15],
etc. In score-based methods the aim is to find a network which
maximizes the scoring metric given a dataset.

Hybrid algorithms are based on combining both the
constraint-based and score-based algorithms. Basically hybrid
algorithms consist of two phases: restriction and maximization
[16]. In restriction phase the related variables are determined
for each variable in the network. Generally a constraint-based
algorithm is implemented for the first step. In maximization
phase, a score-based algorithm is implemented upon the
constructed structure. The computational cost of the maximize
phase is reduced by the constraint-based algorithm.

2.2, Structure Learning Methods

The quality of the network can differ with the
implementation of different constraint-based and score-based
algorithms in two phases during the learning process. We have
selected five different constraint-based methods for the
restriction phase and two different scored-based methods for
the maximization phase. The description of the algorithms is
presented here

® Grow Shrink (GS) algorithm utilizes the Markov blankets of
the nodes by using Grow-Shrink Markov blanket algorithm
[17]. This approach constructs Bayesian networks by first
identifying each node Markov blankets, then connecting
nodes in a maximally consistent way. The Markov blanket of
a node composes of the parents, children and the common
parents of the children.

® Fast Incremental Association Markov Blanket (Fast-TAMB)
algorithm is a two phased constraint-based algorithm which
employs a heuristic to quickly recover the Markov blankets
of the nodes [18]. In first phase, the Markov blanket of each
node is obtained by adding variables as long as the
conditionally independence tests are reliable. In second
phase, irrelevant nodes are eliminated with the shrinkage
process.

® Max-min parents and children (MMPC) algorithm is based
on discovering Markov blankets with two phase scheme. In

first phase the related nodes are collected in the candidate
Markov blanket set which is called CPC (candidate parents
and children) by use of a heuristic function. CPC includes
the nodes which are mostly related. In second phase for each
variable the unrelated ones are excluded from CPC
according to d-separation rule.

® Hill-climbing (HC) algorithm is one of the most popular
score-based algorithm which implements greedy search hill-
climbing local search optimization over all DAG structures.
This algorithm uses both greedy hill-climbing method and
scoring function such as maximizing the likelihood of the
network given a dataset. Hill-climbing algorithm guarantees
to construct a minimal I-map of the joint distribution under
certain conditions.

® Tabu search (TABU) algorithm is another scored-based
algorithm that uses tabu search strategy as an heuristic
method and scoring function. Tabu search algorithm starts
with a random solution and recursively select a new solution
from the neighborhood of the previous one that maximally
increases the scoring function [19]. The main feature of tabu
search is usage of tabu list for preventing to visit forbidden
solutions of D.A.G space.

In this paper we use GS, FAST.IAMB and MMPC algorithms
for the restriction phase and we use HC and TABU
algorithms for the maximization phase. The comparisons
between the algorithms are performed with using four well-
known networks. The BDeu score was used is for searching
process.

3. RESULTS AND DISCUSSION

We used different structure learning algorithms for
learning BNs in order to build several models. In this study we
focus on hybrid structure learning methods which performs
automated learning with two selection phase. In first phase the
skeleton of the networks is built up on the conditionally
independency relations. In second phase, a searching procedure
employs to obtain the most accurate network. We investigated
the effect of the algorithm in first phase to the quality of
Bayesian network. We used four well-known networks about
the medical field as the following: Child [20], Asia [21],
Diabetes [22] and Hepar [23].

To compare the performance of the algorithms between
networks, we employed the algorithms for 50 times for cach
network and obtained the BDeu scores. In Table 1 and Table 2,
the mean and standard deviation of the scores are presented for
cach network and learning algorithm. According to results,
when we use MMPC algorithm in restriction phase, we obtain
the best score values for most of the networks. Also the best
combination of hybrid algorithm composes of HC and MMPC
algorithm.
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Table 1. Attributes of golden standard Bayesian Networks

10

Network Nodes Arcs  Parameters Average Markov Blanket Size
ASIA 8 8 18 2,50
CHILD 20 25 230 3,00
DIABETES 413 602 429409 3,97
HEPAR 70 1236 1453 3,51

Table 2. Mean and standart deviation of BDeu scores for hill-climbing and other algorithms

HC+MMPC

HC+GS HC+FAST. JAMB
HEPAR -33777,4908 + 227,3119 -33704,8544 + 220,4410
ASIA -2479,98222 + 43,0049 -2478,72208 + 47,5862
CHILD -14508,1458 + 278,0005 -13990,0436 *+ 330,3088

DIABETES -633836,442 £ 3955,3194  -597265,962 + 3145,1210

-33623,9036 T 219,5227
_2474,83054 * 48,5156

-13173,45 + 174,3032
-552422,278 £ 2049,1065

Table 3. Mean and standart deviation of BDeu scores for tabu search and other algorithms

TABU+MMPC

TABU+GS TABU+FAST. IAMB
HEPAR -33808,8772 + 203,8954 -33739,0816 * 200,2601
ASIA -2488,60534 + 49,4126 -2483,11394 * 60,6399
CHILD -14449,7664 + 251,5065 -13947,055 £ 273,9663
DIABETES  -633354,532 1 3466,2016 -597541,664 + 3177,3995

-33656,2388 + 192,6134
-2485,90774 + 49,0692

-13115,5542 £ 161,6034
-552641,59 + 2066,4695

Table 4. Wilcoxon test results for Asian network

Significance

ASIA
Algorithms Difference of Mean Ranks

HC+FAST.IAMB - HC+GS -0,49
HC+MMPC - HC+GS 0,39
HC+MMPC - HC+FAST.IAMB 0,88
TABU-+FAST.IAMB - TABU+GS -0,34
TABU+MMPC - TABU+GS 0,36
TABU+MMPC - TABU+FAST.IAMB 0,7

0,03
0,01
0,00
0,69
0,00
0,01

Table 5. Wilcoxon test results for Child network

Significance

CHILD
Algorithms Difference of Mean Ranks
HC+FAST.IAMB - HC+GS 0,88
HC+MMPC - HC+GS 2,59
HC+MMPC - HC+FAST.JAMB 1,71
TABU+FAST.IAMB - TABU+GS 0,9
TABU+MMPC - TABU+GS 2,69
TABU+MMPC - TABU+FAST.IAMB 1,79

0,00
0,00
0,00
0,00
0,00
0,00
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Table 6. Wilcoxon test results for Diabetes network

DIABETES
Algorithms Difference of Mean Ranks Significance
HC+FAST.IAMB - HC+GS 1,00 0,00
HC+MMPC - HC+GS 2,00 0,00
HC+MMPC - HC+FAST.JAMB 1,00 0,00
TABU+FAST.IAMB - TABU+GS 1,00 0,00
TABU+MMPC - TABU+GS 2,00 0,00
TABU+MMPC - TABU+FAST.IAMB 1,00 0,00
Table 7. Wilcoxon test results for Hepar network
HEPAR
Algorithms Difference of Mean Ranks Significance

HC+FAST.IAMB - HC+GS
HC+MMPC - HC+GS

HC+MMPC - HC+FAST.IAMB
TABU+FAST.IAMB - TABU+GS
TABU+MMPC - TABU+GS
TABU+MMPC - TABU+FAST.IAMB

1,06 0,00
2,55 0,00
1,49 0,00
1,34 0,00
2,76 0,00
1,42 0,00

Mean of Shd Values (ASIA)

Mean of Shd Values (DIABETES)

Fig. 1. Mean values of structural hamming values for Asia

network.

HC+GS

HC+FASTIAMB  HC+MMPC

Mean of Shd Values (CHILD)

TABU+GS

300,007

100,00

200,00

TABU+FAST.  TABU+MMPC 0,00~
IAMB

HC+GS ~ HC+FAST.IAMB  HC+MMPC TABU+GS ~ TABU+FAST.  TABU+MMPC
IAMB

Fig. 3. Mean values of structural hamming values for

Diabetes network.

30,00
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Fig. 2. Mean values of structural hamming values for Child

network.
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Fig. 4. Mean values of structural hamming values for Hepar
network
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We compared the differences between the pairs of hybrid
algorithms with implementing Wilcoxon test. A summary of
the analysis is shown in Table 3. Differences of the mean ranks
between the pairs of hybrid algorithms and significance values
are presented for the inference. According to results, for each
network when we use MMPC algorithm for the restriction
phase, we obtain the best qualified Bayesian network structure.
Because there is a significance difference between the hybrid
algorithms in case of mean ranks. The mean ranks of the hybrid
algorithms which are implemented with MMPC are higher than
the algorithms scores.

In order to compare the networks structures once we have
computed structural hamming distances (SHD) for ecach
learning algorithms and Bayesian networks. According to line
graphs, SHD values mostly show greater performance in
Bayesian networks when MMPC and GS algorithm is used.
Also, the best combination of the algorithms is the score based
methods and MMPC and GS algorithm.

4. CONCLUSION

In this study we investigated the effects of the selection of
constraint-based algorithms in restriction phase based on two
phased hybrid algorithms. We compared four different well-
known Bayesian networks about medical domain for exploring
the quality of networks. Descriptive statistics were computed
and Wilcoxon tests were implemented for evaluating the
results. From the experiments, we concluded that when we
use MMPC and GS algorithm in the restriction phase, we
obtain the most qualified Bayesian network structure for most
of the networks. In medical studies when the Bayesian network
structure is built, it is suggested to use MMPC algorithm for
the first phase in hybrid learning algorithms. For the future
work, different constraint-based algorithms can be used for
improving the performance of hybrid algorithms.
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