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A New Genetic Approach for Structure Learning of Bayesian Networks:
Matrix Genetic Algorithm

Jaehun Lee, Wooyong Chung, Euntai Kim*, and Soohan Kim

Abstract: In this paper, a novel method for structure learning of a Bayesian network (BN) is
developed. A new genetic approach called the matrix genetic algorithm (MGA) is proposed. In this
method, an individual structure is represented as a matrix chromosome and each matrix chromosome is
encoded as concatenation of upper and lower triangular parts. The two triangular parts denote the
connection in the BN structure. Further, new genetic operators are developed to implement the MGA.
The genetic operators are closed in the set of the directed acyclic graph (DAG). Finally, the proposed
scheme is applied to real world and benchmark applications, and its effectiveness is demonstrated

through computer simulation.
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1. INTRODUCTION

A Bayesian network (BN) is a probabilistic approach
for reasoning under uncertainty, and has become a
popular knowledge representation scheme in several
fields such as data mining and knowledge discovery [1-
3]. A BN is a graphical model which denotes a joint
probabilistic distribution of given variables under their
dependence relationships. In a BN, structure is bounded
to a directed acyclic graph (DAG). Each node is connect-
ed to its parent’s nodes and each arc represents the
conditional dependency between two connected nodes.

When a database of cases is provided and a BN is to
be designed, the most important yet difficult job is to
determine the structure of the BN. For example, one
must determine how many nodes to use and which node
should be connected to which node (that is, the topology
of the BN). This task is called the structure learning of
the BN, and several methods for this have been reported
[4-11]. The most popular method among these is the K2
algorithm [11]. The K2 algorithm assumes ordering
among variables and searches for an appropriate
structure under the given ordering. But this method is
heuristic, and its performance is not guaranteed. In
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addition, if no or only partial information is available
about the causal relationship among the variables, the K2
algorithm does not work well.

Genetic Algorithms (GAs) are an alternative scheme
that can be applied to the structure learning problem.
They provide an adaptive and robust optimization
procedure, and are an effective choice for the structure
learning of the BN, because learning is highly combina-
torial in a huge search space. Several studies based on
GAs have been reported [7-9]. However, most of the
existing methods predetermine the order of BN variables
thereby restricting the search space of the BN structure.

In this paper, a new structure learning method for BN
is developed. We propose a matrix chromosome to
represent the BN structure. Each chromosome is
decomposed into two triangular parts: the first triangular
part represents the conditional dependencies among the
BN nodes in a fixed order, and the second triangular part
represents the conditional dependencies among the BN
nodes in reverse order. This allows all possible
connections among BN nodes, unlike existing methods.

The remainder of the paper is organized as follows. In
Section 2, a brief introduction to the BN and GAs is
given. In Section 3, a new algorithm for the structure
learning of the BN is proposed, and the appropriate
genetic operators are introduced. In Section 4, the
proposed method is applied to real world and benchmark
problems including a database of virtual home network
systems [14], a database of car diagnosis problems as
suggested by Norsys [15], and a database of ALARM
networks constructed by Beinlinch et al. [11]. Finally,
some conclusions are drawn in Section 5.

2. PRELIMINARY FUNDAMENTALS: BAYESIAN
NETWORKS AND GENETIC ALGORITHMS

2.1. Bayesian networks
A Bayesian network (BN) is a probabilistic framework
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Fig. 1. An example of a bayesian network.

for reasoning under uncertainty, and has gained
popularity in recent years in the artificial intelligence
community. A BN is composed of a network structure
and a set of parameters associated with the structure. The
structure of the BN is a directed acyclic graph (DAG), in
which each node represents a random variable and each
arc represents the conditional dependency (topology)
between two nodes [16].

To specify the BN completely with respect to the
DAG, the prior probabilities for all root nodes (nodes
with no predecessors) and conditional probabilities for
all other nodes must be determined. The joint probability
of any particular instantiation of all variables in the BN
can be calculated by

PW)=[TP(4 | pa(4)). M

where U ={4,,4,,---,A,} is a set of nodes of the BN,
n is the number of variables, and pa(4;) is the parent
set of the variable 4;. For example, the probability of
the BN shown in Fig. 1 is computed by

P(U)=P(A1)P(A2)P(A3)P(A4 | A]»Az)

2
P(As | Ay, A3)P(As | Ay)P(47 | 45). @

The process of building the BN can be separated into
two tasks: structure learning and parameter learning.
Structure learning involves determining an appropriate
structure for the BN such that the BN accommodates the
given set of samples. Parameter learning includes
computing the conditional probabilities for the given BN
structure such that the output of the BN approximates the
distribution of the given set of samples. The most
popular parameter learning method is the expectation
maximization (EM) algorithm [17]. In this paper, we
focus on the structure learning of the BN and build an
appropriate BN structure.

2.2. Genetic algorithm

A genetic algorithm (GA) is the implementation of a
biological metaphor. In the algorithm, learning is viewed
as a competition among a population of evolving
individuals. The goodness of each candidate solution is
evaluated based on its fitness and the population evolves

procedure SGA ()

initialize (Population):

evaluate (Population) ;

while not (terminal conditlon satisfied) deo
MatingPool = reproduce({Population):
MutationPool = crossover {MatingPool);
Population = mutation(MutationPool) ;
evaluate {Population) ;

end

end

Fig. 2. The pseudo code of a simple genetic algorithm.

by selection, crossover, and mutation.

The general procedure for a GA is summarized as
follows. An initial population of individuals called
chromosomes is randomly created. Then, promising
individuals are selected to reproduce offspring for the
next generation. The number of copies in a generation is
proportional to their relative fitness value. The selected
individuals undergo crossover and mutation to search for
a global optimal solution. When the new population
includes an individual that has a satisfactory fitness value,
the algorithm stops and the problem is solved. If not,
then the algorithm is repeated until a termination
condition is satisfied. The pseudo code of a simple
genetic algorithm (SGA) is shown in Fig. 2.

3. NEW STRUCTURE LEARNING OF BAYESIAN
NETWORK BASED ON GENETIC ALGORITHMS

Over the past decade, GAs have been considered as
the promising structure learning method for BN
compared to K2, since K2 is too heuristic. In this section,
a new approach for structure learning of a BN, based on
a genetic algorithm, is proposed. The proposed method
explores a wider solution space than the existing GA-
based structure learning methods.

3.1. Existing methods for BN structure learning

In this subsection, existing methods [7,10,19] for
structure learning of BNs based on GAs are briefly
summarized. The BN structure with #» variables is repre-
sented by a nxn connectivity matrix C =(c;), where

1 if iis a parent of j
Cj = . 3)
0 otherwise,

and each BN is encoded as a chromosome,
Cr1€2 " C1pC21€00 " " Cop  Cp1Cpa " " Cpy 4)

With this representation, the plain crossover and
mutation would produce illegal (non-DAG) BN
structures. In [7], to overcome this problem, the
connectivity matrix was limited to being upper triangular
as
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0 ¢, o Clu-1 Cn
0 0 ¢ - gy oy
. . o 5)
o o0 0 - 0 ¢y,
o o0 o0 - 0 0

and the connectivity matrix was encoded as a chromo-
some,

X =503+ €1Co3C04 **Cop **Crinp i Cp2nCrotn- - (0)

In other words, the ordering among the BN variables
was fixed and node 4; was allowed to have another

node A4; as a parent node only if node A; comes
before node 4; in the ordering. This scheme restricts c¢;

to 0 and narrows the search space such that the GA can
find only a suboptimal solution if the fixed ordering of
the nodes is wrong. If there is no prior knowledge about
the ordering between variables, as is usually the case, the
resulting structure will not be satisfactory.

To overcome this limitation, the ordering and
connectivity among variables are encoded separately and
optimized simultaneously in [10] and [19]. In [10], the
ordering and connectivity among the variables are
encoded as

Xo = XXyt Xy

(7

Xc = C12C13 " C1yC23Coa *  Coy * Cp 2018021 Cr-1n>

where X is an integer-coded chromosome and denotes
the ordering among the BN nodes, x; € {l,---,n} is an

integer, and x; #x; iff i#j. X, is a binary-coded

c

chromosome and denotes the upper triangular connec-
tivity matrix by

0 cr a5 = G G,
0 0 ¢ = G O
C=|: oo o,
00 0 « 0 ¢ ®)
o 0 0 - 0 0
1 if x; is a parent of x;
= {0 otherwise.

Further, it was rigorously proven in [10] that there is
no BN structure that cannot be represented by this dual
encoding, and that this dual encoding explores the entire
solution space of BN structures.

3.2. Matrix genetic algorithm for BN structure learning
In [10], the entire solution space was searched for the
fittest BN structure. However, the limitation of this is
that when crossover is applied to connectivity chromo-
somes, the resulting offspring BNs may completely or at
least seriously differ from the parent BNs because they
have different ordering chromosomes. Thus, it is very
likely that superior features of the parents are not

inherited in the offspring, degrading the performance of
evolution.

Thus, to overcome this problem, we propose a new
genetic method called the Matrix Genetic Algorithm
(MGA) for structure learning of the BN. Unlike existing
methods, the ordering between nodes is fixed, but the
connectivity matrix is not confined to being triangular.
Instead, the BN structure is encoded as a matrix
chromosome composed of upper and lower triangular
matrices. We also introduce new genetic crossover and
mutation operators tailored for the MGA.

3.2.1 Encoding
We encode each BN structure with wvariables as
follows:

X=X,X,
] ©)
=C2C3 O3t Oy Cpt1n 21631632 T Cup-1»
where
0 ‘. O3 Cln-1  Cin
€21 0 €23 Con-1 Cop
c-| : . . . . .l
Cn-11 Cp-12 " Cpoip2 0 Cn-1n
Cnl Cn2 o Crn-2 Crn-1 0 (10)
1 if x; is a parent of x;
C:: =
ij .
0 otherwise,

Xy = €013 CpCaz+Cop Cys

X} = C91631C30Cq1 7 a3 Cpp -

It should be noted that, unlike existing methods
[7,10,19], the connectivity of the BN structure is encoded
not as an upper triangular matrix but as a full matrix with
zeros on the diagonal. Thus, this encoding intuitively
encompasses all the possible BN structures but could
include the cycle, which is a violation of the acyclic

property of the BN.

3.2.2 Crossover

Here, we introduce a new crossover operator for the
proposed MGA. First, the crossover operation is applied
to the site between the wupper and lower sub-
chromosomes (triangular matrices). The crossover at the
site between the upper and lower sub-chromosomes may
violate the acyclic property of the BN and, if so, we
repair the offspring simply by removing their cycles.
More specifically, let us consider the following two BN
structures:

X, :Xuth’ an
Xz = XllzXlz’
where

_ 1 11 1 1
Xul = C2C13 7 CpCa3 7 Cop  Cpin
1

'“Cnn—l’

_1.1.1 1 1 1
X =31631C30€C41 " Cy3 Oy
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_ 2.2 2 2 2 2
Xuz =203 C1yCa3 7 Cop  Cymlns

2 2.2 02 2 2 2 (12)
X}, =€21631632€0) " Ch3 Cop ** Cpp -
After the first crossover operation, the resulting offspr-
ing chromosomes become

X =X,X or X" X,
1 b u 2

c r r (13)

X, =X,X or X X,
2 h uy 1
where

r —
Xuk =263 CpC23C24 7 Cop " Cl-yns

r = e e
sz = 2163163817 Ca3 7 CriCpa " Cp(n-1» (14)

if a cycle occurs inside the network

otherwise.

0
Ci =9 &
Cjj

That is, X,

simply removing the inner cycle in the chromosome
X, X,,. In this crossover, there are two possible

is the alteration of X, obtained by

options for each offspring. For example, for X7, the
or X, X,

chromosomes are selected according to the following
probabilities.

options are X, X}, and either of the two

For X7,
n-1 n
IR
P(Xf =X, X )=—""L0
)IDITAES 3 3l
i=1 j= H—ln . i=2 j=I1 (153)
2:2:052
PO =X, )=
2 6+ 220
i=1 j=i+l i=2 j=1
and for X3,
n-1 n )
POYE =X, XD =5
ZZCU DI
i=2 j=1 niiiljl+l (ISb)
55
PGS =X, X)) =
PRIEDIDIS
i=2 j=1 i=l j=itl

The logic for this choice is that a triangle with more
connections as a dominant half is selected and the other
triangle with fewer connections after repair is connected
such that the inner cycle is removed. The choice,
however, is not deterministic but probabilistic as in

equation (15). For example, for X[, the sub-chromo-

some X, is selected for the first half of the chromo-

some (the upper triangular part) with a probability from
equation (15) and if so, X A is modified (or repaired)

into Xl’2 by (14) and X, and X 1r2 are concatenated

into a single chromosome.

The second crossover operation is applied to the inside
of the upper and lower sub-chromosomes. Consider the
two BN structures in equation (11) and let us index the
subchromosomes as

i i
Xu,-_ul Uy = Uyp-1) »

§ (16)
Ly’ Where i=1,2
2

X, =4 -

for convenience of explanation. If the second crossover
occurs between the ith and i+1th genes in the first
half sub-chromosome and the second crossover occurs
between the jth and j+1th genes in the second half

sub-chromosome, then the second crossover is defined as

X X X;C,
(17)
_ r
Xy =X X
where
11 1 2 2 2
Xuf SUpUy U Uy Uiy Uppeyy >
2
11 2 2
le. =Ll - lj Ll ---ln(”,l) ,
2 2 21 1 ’ 1 (18)
Xug SUp Uy U U Upp U1y s
2
2;2 1 1
ng =L lj+l Livo Loy
2
and X lrc, X:c is the repaired result of X ., X . using
1 2 1 2

equation (14) such that there are no cycles in the
corresponding chromosome.

3.2.3 Mutation

In this subsection, we develop a new mutation
operator for the proposed MGA. As in the crossover
operations, we select a triangle with more connections as
a dominant half and mutate the other triangle with fewer
connections randomly such that there is no cycle in the
resulting chromosome. More specifically, if X =X, X,

is mutated, the new chromosome is

n-1 n n i-1
XX 0 DD > D
X" = ! i=l j=i+l ’ i=2 j=1 ! (19)
XX otherwise,
where Xlrm and X;m are random but repaired by (14)
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such that there is no cycle in X, X, or X' X,

Therefore,
r —_ r r “ee r r r e r e r
Xum = C12C13 " C1yC23Cq " Coy  Clu—tyn>

X,rm = C)1C31C30Ch1 " Cl3 O '“CZ(n—l)’
)]0 if a cycle occurs inside the network
v {O orl otherwise.

(20)

3.2.4 Fitness function

To evaluate the given chromosome (the BN structure),

we use the following theorem which was reported in [11].

Theorem 1: Let U be a set of n discrete variables
where a variable 4; in U has r; possible value assign-
ments: (v;,---,v; ). Let D be a database of m cases

where each case contains a value assignment for each
variable in U. Let B; denote a belief network structure
containing just the variables in U. Each variable 4; in
B, has a set of parents which are represented with a list
of variables pa(4;). Let w; denotes the ;th unique

instantiation of pa(4;) relative to D. Suppose there are

g; such unique instantiations of pa(4;). Define Ny

to be the number of cases in D in which variable 4;

has the value v, and pa(4;) is instantiated as w;.

Let N; = ZN,.jk. If the cases occur independently and
k=1
the probability density function, f(B, |By), is uniform,

then it follows that
n_ 4 (r-—l)! T
P(B,,D)=P(B, _—t
(B,,D) = P( )HH(Ny+¢—1)!k=1

i=1 j=1

Ny! (@D

O

Since P(B;,D)=P(B,)P(D|B,) and P(B,) is

uniformly distributed, the fittest BN structure B, is
determined by maximizing

n_ 4 _1)[ 7i

P(D|B,)= HH%H Ny ! (22)
gl :

i=l j=1 k=1
4. SIMULATION

In this section, the proposed method is applied to three
real world problems and its performance is compared
with those of existing methods. The three problems
considered are the home network system [14, 20], the car
diagnosis problem [15], and the ALARM network [21].

For each problem, a fixed set of GA parameters was
used including a population size (P,,) of 50, a

crossover rate (p,) of 0.65 and a mutation rate (p,,)

ize

of 0.05. The three methods were then compared in terms
of the effectiveness of the structure. The same simulation

was then repeated while varying the GA parameters and
checking whether the comparison results were consistent.
Two population sizes (50 and 100), three crossover rates
(0.4, 0.65, and 0.9), and two mutation rates (0.05 and
0.15) were used. For each set of GA parameters, 10
independent runs were made with each run stopped when
5,000 BN structures were evaluated.

In all runs, the maximum number of parents of each
node (in-degree of BN structure) was restricted to five
for simplicity. Without this restriction, the number of
possible configurations of the parent set would increase
exponentially with the number of parents [22].

4.1. Home network system

A home network system is a typical test bed of the
ubiquitous computing and sensor network, and is
expected to upgrade the quality of living over the next
decade. In a home network system, the key issue is
context-aware computing. Context-aware computing is
jargon coined by computer scientists and it is aimed at
providing users in a smart home with human friendly
services by (1) gathering information about the users
from various sensors distributed in a smart home and (2)
recognizing the intention of the users.

In the implementation of context-aware computing in
a smart home, it is assumed that home appliances and
devices are equipped with wired/wireless sensors, and
information about the circumstances under which the
appliances operate are gathered. It is known that the
contexts of user activities can be presumed from the state
of the environment in [20], but there is no well known
tool for developing the context-aware applications.

In this example, the BN is applied to the context-
aware computing. We developed a virtual home in which
a single user lives and home appliances are equipped
with wired/wireless sensors. His (or her) intention or
action is presumed by the BN. A web-based virtual
action simulator was developed in FLASH and a
database for a context-aware system was built to train the
BN [14]. Fig. 3 shows the BN structure of the context-
aware system.

Forty-two random variables were used to implement
the context awareness of the BN. Twenty-one variables
represent the state of the home appliances such as the TV,
lights in the living room, the refrigerator, among others.
The other twenty-one variables represent the activities of
a single user such as whether he/she is studying, sleeping,
or dressing. Using the proposed method, the BN is

Watching ;
[ i ] [ Shower ] Studying

O Sensor Data (___JHuman Action

Fig. 3. An example of the BN structure for a home
network system.
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Fig. 4. Performance of the existing and proposed
methods (home network system).

trained such that the action of the user is presumed from
measurements of the sensors distributed in the context-
aware home.

Fig. 4 shows the structure learning result of a specific
run under the standard set of GA parameters (population
size = 50, crossover rate = 0.65, mutation rate = 0.05).
The short-dashed, long-dashed, and solid lines denote the
performances of the methods used in [7,10], and the
MGA, respectively. In the figure, a lower vertical value
indicates better performance since the negative logarithm
of the probability is plotted.

As the vertical value approaches zero, the probability
approaches one meaning that BN accommodates all the
cases in the database. From Fig, 4, it can be seen that the
proposed method converges quickly and outperforms the
existing methods [7,10]. The reasons for the superiority
of the proposed method could be (1) no prior knowledge
of the causal relation for the given network is assumed
and, as stated in Section 3, (2) the proposed MGA passes
the superior genes from generation to generation more
efficiently than the method in [10].

Table 1 compares results from the methods in [7,10],
and the proposed method in terms of equation (22). The
proposed MGA outperforms the existing methods not
only on average, but also in the best and worst cases.

Tables 2, 3, and 4 show the performances of the

Table 1. The comparison of the proposed and existing
methods (home network system).

methods in [7,10], and the proposed method in terms of
equation (22), respectively, while varying the GA
parameters. The set of GA parameters used in the
simulation are listed in the first column. From the tables,
it can be seen that all the three methods perform their

Table 2. The performances of the method in [7] with
various parameters (home network system).

GA parameters A\];:rsatge V\z;;i(?rrsltc -
om0 =005 Py =50 | ot
=09, =005 Py =50 |
p.=04,p, =0.15P, =50 442503730%521 34313321.9637
Pe=0.65,py =0.15, Fze =50 4436836264.54 442183(5)461.624215
=08, =015y =30 |
Pe =065, =005, =30 | 736
P =065, =005 R =100 | o

Table 3. The performances of the method in [10] with
various parameters (home network system).

GA parameters A\E/:g;ge V\iﬁi)arzf -
=0 =008 P, =30 | S
=09, =008.P =30 |55 Tt
=0 =015, Py =30 |
pe =085,y =015, R =30 |
=09, =015, P =30 |- B
P =068y =008 P =30 | T
p.=0.65,p,, =0.05P,;., =100 22518.89 | 3728110.08

Table 4. The performances of the proposed MGA with
various parameters (home network system).

L Larrafiaga Lee et al. Proposed Average Variance
Trial time et al. [7] [10] MGA GA parameters Best Worst
1 2389526 | 17626.14 4460.89 b —0dp —005.P —50 |_4465.89 201.64
2 2811736 | 21105.52 448127 e = 0% Pm = 000 Fsize 4458.11 449421
3 21809.5 2048232 4458.11 b =095 —005.5, —50 |_#4924 2300.22
4 1961923 | 20547.76 445811 e = 0% Pm = 005 Bize 4458.11 4580.46
5 21850.03 | 22245.77 4458.11 = 0dp —0.15.P —50 |_48404 | 12787485
6 21608.97 | 1916047 4458.11 e = 0% Pm = 009 Bize 445811 5382.57
7 18404.05 | 22117.03 4458.11 466435 | 14633.46
0. —0.15.P, =
8 21460.08 21836.7 4482.56 Pe =065, Py =015, Fyize =50 1— 1 207 4839.75
9 2370279 | 21367.96 445811 =095 —0.15., —50 | 466435 | 14633.46
10 2460622 | 20128.63 445811 e = 5% Pm = 019 Usize 446092 | 4839.75
ave, 2250735 | 20661.83 4463.15 P =0.65, py, = 0.05, P, =50 [—3463.15 98.67
var. 74704524 | 2055700.7 98.67 : 445811 448127
Best 18404.05 17626.14 4458.11 456857 | 1024849
—0.65,p, =0.05P, =100
worst 28117.36 | 22245.77 448127 Pe Pm size 4458.11 4762.35
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best when the genetic probabilities are moderate and the
population size is small. For other sets of GA parameters,
the MGA demonstrates very consistent performance
while the other two methods are highly affected by
parameter changes. Therefore, the proposed MGA is
more robust than existing methods under various experi-
mental conditions and shows consistently outstanding
results with different GA parameters.

4.2. Car diagnosis problem

The car diagnosis problem introduced by Norsys is
considered in [15]. In this problem, the reason why a car
does not move is presumed based on spark plugs,
headlights, main fuse, among others. All nodes of the
network are discrete variables. Some of them can take on
three discrete states, while others can take on two states.
A database of two thousand cases was utilized to train
the BN. The database was generated using the Netica
tool [15]. Fig. 5 shows the structure of the car diagnosis
problem depicted by Netica from which sample cases
were collected.

Fig. 6 shows the structure learning result of a specific
run under the standard set of GA parameters (population
size = 50, crossover rate = 0.65, mutation rate = 0.05).
The short-dashed, long-dashed, and solid lines denote the
performances of the methods in [7,10], and the MGA,
respectively. As in Fig. 4, the vertical axis denotes the
negative logarithm of the probability and a lower value

Hain fusn whu-n | nll-mm |
g o9 0
o 1o 1] Fealy 230]
wergold 200 1
Charging system
v/'
[ itribater | | Yollawe st plus |
T o 36 Jmn Tiram 411
B weak 170
ity P =8 i i =8
w

Aar Nilter
lean 90
dirty 10

MF aystem

[ aan
Fauity 160

tarter Mater Starter sptem -
[Ty == Diy 5.0 e
Faulty 0.50 Tauity 30.4

Clr (rlnh

TR tarstarts

reflects better performance.

The proposed method clearly outperforms the existing
methods during evolution, as shown in Fig. 6. Table 5
compares the results using the methods in [7,10], and the
proposed MGA in terms of (22). The proposed method

Table 5. The comparison of the proposed and existing
methods (car diagnosis problem).

L. Larrafiaga Lee et al. Proposed
Trialtime |~/ [7g] [10] MOA
1 19687.91 15686.31 8954.81
2 18628.41 17093.18 8954.81
3 19864.35 17040.01 8954.81
4 18601.86 17311.46 8954.81
5 17214.43 15844.87 8954.81
6 19547.03 14520.13 8954.81
7 19462.29 19270.1 8954.81
8 20566.02 16871.59 8954.81
9 18916.31 16536.65 8954.81
10 16188.72 14707.35 8954.81
avg. 18867.73 16488.17 8954.81
var. 1711766.9 1926464.7 0
Best 16188.72 14520.13 8954.81
worst 20566.02 19270.1 8954.81

Table 6. The performances of the method in [7] with
various parameters (car diagnosis problem).

GA parameters A\];rsatge V{?&iioarzfe
P =04, py =0.05,Fy;, =50 12%131668..646 52300440289461:
P =095 =005, B =50 T
P =04 =015 Ry =30 | an
Pe =065, pyy = 0.15, Fze = 50 5?5?3122 33322174888.4;54
p.=0.9,p, =0.15,F;, =50 2392426965.556 6;233289;9
Pe =065, pyy =0.05, e = 50 izfg;g 12701516766.8'29
e =0:65,py =0.05.Buee =100 |28t OIS

Fitee 20L |

Fig. 5. The structure of the car d1agn051s problem
network.

Fig. 6. Performance of the existing and proposed
methods (car diagnosis problem).

Table 7. The performances of the method in [10] with
various parameters (car diagnosis problem).

GA parameters A\};eer;ge V\?\;i;r:fe
Pe =04,y =005, Pipy =50 | o SO0
om0, =005 =50 i
=0 =015 Py =50 | e T
Pe=0.65,p,, =0.15,P,;, =50 2252742822',715 282978540486.i39
e e 7 513
P 20657 =005, R =50 |3 o
p. =0.65, p,, =0.05,F;,, =100 1186600469;?62 3(2)‘11347‘889;2
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Table 8. The performances of the proposed MGA with
various parameters (car diagnosis problem).

GA parameters A\];e;;ge V{?&iioarzfe

Pe =04 py =0.05,Fz, =50 332321 895?1-81

Pe =0.9,pyy =005, Fzp =50 232321 895(4)1‘81

Pe=04,p,, =0.15,P;, =50 ggéfjﬁi 593689088.'7792

Pe=065,pp =015, Poy =30 ot
Pe=0.9,py =015, Bz =50 33535 593689088.'7792

Pe =065, py, =0.05, Bz, =50 232321 895?1.81
P =065,pyy =005, R, =100 |—8en s

Fig. 8. Performance of the existing and proposed

outperforms the existing methods not only on average,
but also in the best and worst cases.

Table 6, 7, and 8 show the learning results of the car
diagnosis problem for a variety of GA parameters. The
simulation parameters are same as the previous section.

Existing methods show the best performance when the
genetic probabilities are low and the population size is
small. For the proposed method, the effect of parameter
variation is very small, and its performance is good and
consistent compared to existing methods.

4.3. ALARM network

ALARM (A Logical Alarm Reduction Mechanism) is
a medical diagnostic system for patient monitoring. It is
a complex belief network with eight diagnoses, sixteen
findings, and thirteen intermediate variables [21]. A
database of two thousand cases was utilized to train the
BN. As in the previous example, the database is
generated using the Netica tool [15]. Fig. 7 shows the
structure of the ALARM network depicted by Netica
from which sample cases were collected.

Fig. 8 shows the learning result of the first run for the
ALARM network problem. As in the previous examples,
a lower vertical value means better performance as the
negative logarithm of the probability is plotted. As

i Hupowolemis |
Mrue 200w -]
 Filee_ 5.

Lruitare
iTrer Sad)] ¢
| Falee 35, fum

-

PolmEmboiv:
Tre 1.
Falzz 99,1

methods (ALARM network).
Table 9. The comparison of the proposed and existing
methods (ALARM network).
L Larrafiaga Lee et al. Proposed
Trial time ot al [% [10] MpG A
1 84963.27 62540.11 18946.06
2 80986.9 79860.14 18946.06
3 82846.11 67474.26 18946.06
4 81709.27 75552.21 18946.06
5 84640.98 84972.31 18946.06
6 84479.74 74377.18 18946.06
7 79468.78 82558.87 18946.06
8 84059.88 70288.06 18946.06
9 86332.95 66382.3 18946.06
10 88639.38 68647.62 18964.73
avg. 83812.73 73265.31 18947.93
var. 7153099.99 | 55501237.33 34.86
Best 79468.78 62540.11 18946.06
worst 88639.38 8497231 18964.73

before, in the case of the ALARM network, the proposed
method shows good performance after tens of
generations, as shown in Fig. 8. Table 9 compares the
results from the methods in [7,10], and the proposed
method in terms of (22). As seen in the previous two
examples, the proposed method outperforms the existing
methods not only on average, but also in the best and
worst cases.

Table 10, 11, and 12 shows the learning results of the
ALARM network problem for a variety of GA
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Fig. 7. The structure of the ALARM network.
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parameters. Both the conventional and proposed methods
show their best performances when the genetic
probabilities are moderate and the population size is
small. The proposed method shows good and consistent
results compared with the other methods.

Table 10. The performances of the method in [7] with
various parameters (ALARM network).

GA parameters A\];eer;ge Vs;ioi:fe
=0 =005 P =0 |~ g
P =09, p,, =0.05,F;, =50 Eiﬁgijﬁé 189762070379.24%
p.=04,p, =0.15F,, =50 112135653753. ,352 46153157087734&)85
p.=0.65, p,, =0.15,F,;., =50 11215531111§?54 86123967642738‘.285
P =09,p, =0.15,F;,, =50 11214 1314 916%18 61173723961213..257
e =065,y =005 B =50 | eres0 %

pe =065, =005 =100 [T L

Table 11. The performances of the method in [10] with
various parameters (ALARM network).

Average Variance
GA parameters Best Worst
73120 55469600
=0.4 =0.05,P;,, =
Pe =04, p,, =0.05,P;, =50 61100 82200
75720 149209600
=0.9,p, =0.05P,, =50
De Pm size 59300 94300
74220 143509600
=04,p, =0.15P, , =50
Pe >Pm s Lsize 55400 87700
83220 133897600
=0. =0.15,P;,, =
Pe =0.65, py =0.15, Bz, =50 63700 99300
73620 51005600
=0.9,p,, =0.15,P, , =50
Pe Pm size 65900 82800
73265.31 |55501237.33
.=0.65,p,, =0.05,P,;,, =50
Pe DPm size 62540.11 84972.31
76239.48 [138651798.4
- 0. =0.05,P, =100
pe=0.65,p,, =0.05,F;., =10 59301.32 | 91010.84

Table 12. The performances of the proposed MGA with
various parameters (ALARM network).

GA parameters A\]/;r;ge V\Z;ioi::e

Pe =04 py =0.05,Fpp =50 iggigég 119102332.1629

Pe =09, py =0.05,Fyz, =50 1233232 13(7)?'06.25

po=0py =015 Ry =50 | TR

Pe =065y = 0.15,Rp, =50 | —eiaomn e or
Pe=0.9,p,, =0.15,F,, =50 119950969i.553 11294959388.'5854

Pe =065, p, =0.05, ., =50 1233232 1839463.673
P =065,py, =0.05,R, =100 o

5. CONCLUSIONS

In this paper, a new approach for structure learning of
BN named was proposed, called MGA. In the proposed
method, an individual is represented as a matrix
chromosome and wuses both the upper and lower
triangular parts of the matrix. Further, new crossover and
mutation operations were introduced to implement
evolution of the matrix encoding. The MGA has an
effective way of passing the good features of the parents
to their offspring compared with previous methods, and
thereby improves the performance of BN structure
learning.

The proposed method was applied to three real world
and benchmark problems. The simulation results
demonstrated superior performance of the suggested
method compared to previous methods for all three
problems.
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