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Abstract—In order to use Bayesian network for a 
complex world, this paper proposes a framework to 
simplify the network structure. The framework consists of 
“elimination”, “segmentation” and “aggregation”. To 
verify the framework, this paper discusses the prediction 
problem on consumer's preferences for the future 
products. The numerical experimentation shows how the 
framework could be applied and how it resolved the 
limitation of Bayesian network for the complex world.
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I. INTRODUCTION

As consumer’s life values are diversified, requirement 
analysis for products plays an important role for developing 
markets. To avoid the waste of product development, it is 
necessary to analyze consumer’s preferences with their 
attributes and value senses. From this viewpoints, we have 
reported on causal relationship based on information technique 
[1][2][3]. One of our studies concerns on Bayesian network 
based on the data of respondent attributes, preference on value 
senses and purchase demand level.  

As Bayesian network expresses causal relationship by 
digraph structure and carries out probabilistic inference, it 
works for finding the difference of some parameters at the 
same time [4]. For example, the technique was used for the 
recommendation system [5] and thermal comfort analysis [2]. 
As the number of parameters increases, Bayesian network 
requires volumes of data for precise inference. Then, it 
becomes difficult to collect sufficient volumes of data from the 
view of time and cost. Therefore, Bayesian network has 
generally simulated in the limited data and the constructed 
model was also small parameters [6].  

To overcome such tradeoff problem with a lot of 
parameters for modeling in case of the limited samples, this 
paper proposes a framework to simplify the network structure. 
The framework consists of “elimination”, “segmentation” and 
“aggregation”. To verify the framework, this paper discusses 
the prediction problem on consumer's preferences for the future 
products introduced in [1]. The numerical experimentation 

shows how the framework could be applied and how it resolves 
the limitation of Bayesian network. 

This paper is organized as follows: In the second chapter, 
we review the outline and problems of Bayesian network. In 
the third chapter, we propose a framework to simplify the 
network structure. In the fourth chapter, we show how the 
framework could be applied and examine how it resolved the 
limitation of Bayesian network. We conclude remarks in the 
fifth chapter. 

II. BAYESIAN NETWORK

A. Overview of Bayesian network 
Bayesian network [4] expresses relationships between 

nodes by conditional probability and directed acyclic graph. 
Each node is connected with others by direct link and the link 
from node X to node Y indicates that node Y has received the 
direct effect from node X. In other words, there is causal 
relationship in the direction of the link. The source node in this 
link is called “parent” and the target node from the parent node 
is called “child” as shown in Fig. 1 [5]. 

 Bayesian network works for carrying out probabilistic 
inference by setting “evidence”. The “evidence” assumes that 
an event happens with probability. Once evidence is assigned 
for a set of node, the probabilities which other events happen 
are calculated based on the condition that an event happens. 
Prior probability is a probability before setting evidence and 
posterior probability is a probability after setting evidence. 
Probabilistic inference analyzes relationship between prior 
probability and posterior probability. Flexible evidence 
assignment enables the sensitivity analysis in decision making 
as shown in Fig. 1. 

Gender

Male:      0.5
Female:   0.5 

Occupation

Desk Job:       0.5
Homemaker:   0.5 

Important Value

Health:      0.6
Security:    0.3
Ecology:    0.1

Parent Node

Child Node
0.0
1.0
0.0

Prior Pr Evidence

Prior PrPrior Pr Posterior Pr Posterior Pr
0.8
0.2
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Figure 1. Example model of BN 

Proceedings of the 2009 IEEE International Conference on Systems, Man, and Cybernetics
San Antonio, TX, USA - October 2009

978-1-4244-2794-9/09/$25.00 ©2009 IEEE
4843



B. Problem of Bayesian network 
In Bayesian network, joint probability is used when the 

probabilities are calculated. Joint probability is defined as 
following formula (1): 

(1) 

As the number of nodes increases, the number of inference 
error also increases under the condition of the same sample size. 
In probabilistic inference, as the number of nodes and its 
parameters increases, the required sample size also increases 
for validating precise inference [5]. Thus, there is a tradeoff 
problem for verifying the events that require a lot of parameters 
for modeling in case of the limited samples. 

 This paper assumes that we are in the limited samples. 
Then keeping the relationship among nodes, we simplify the 
network structure. 

III. PROPOSITION OF THE FRAMEWORK TO SIMPLIFY 
NETWORK STRUCTURE

A. Overview of  framework 
The framework for simplifying network structure consists 

of three ways as follows: 

   (i) Elimination, 
   (ii) Segmentation, 
   (iii) Aggregation. 

 Fig. 2 illustrates an example of simplifying network 
structure. In elimination, the edge nodes 6, 7 and 8 which have 
no outbound link are removed from the network. In 
segmentation, the intermediate nodes 2, 4, and 5 divide the 
network into two networks. Aggregation groups nodes as 
follows: (1) the nodes 2 and 3 into node 2’, (2) the nodes 4, 6 
and 7 into node 3’ and (3) the nodes 5 and 8 into node 4’.  The 
detail of algorithm will be shown in section .B.

B. Detail of algorithm for structure simplification 
(i) Elimination 

 In elimination, a part of nodes in a network, called target 
nodes, are removed for simplifying network structure as shown 
in Fig. 3 where node 6, 7 and 8 are target nodes. 

[Algorithm of elimination] 
Step1 Eliminate a target node. 
Step2 Adjust a link. (If a target node lies on the top layer or 

the bottom layer in the network, a link from a target 
node is removed. If a target node lies on the middle 
layer in the network, a link connects the source node for 
a target node and the terminal node for a target node.) 

Step3 Repeat Step1 and 2 until all target nodes are eliminated. 
(ii) Segmentation 

 In segmentation, part of nodes divide the network into 
some networks for simplifying network structure as shown in 
Fig. 4. 

Bayesian network has characteristic called dependency 
separation [5]. Primarily, the nodes in Bayesian network have 
dependence. However, the nodes which satisfy dependency 
separation are independent. Dependency separation establishes 
particular nodes in three network structures. Dependency 
separation corresponds to stochastic independence as shown in 
Fig. 5. 

Figurre 2.   Overview of simplifying network structure 
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Figure 4.   Segmentation 
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Only the nodes which satisfy dependency separation can be 
segmented. 

 [Algorithm of segmentation] 
Step1 Check the target nodes of segmentation on structural 

viewpoint. (Only the nodes which satisfy topology 
order* besides parent-child relationship can be 
segmented) 

Step2 Check whether the target nodes belong to middle layer 
or not. 

Step3 Check whether the target nodes satisfy dependency 
separation. 

Step4 Segment in the target nodes. (Segmented nodes remain 
in each network.) 

*Topology order required that the ancestral nodes always 
lie on the upper layer than the descendant nodes [5]. 

(iii) Aggregation 
Aggregation merges part of nodes for simplifying network 

structure as shown in Fig. 6. 

[Algorithm of aggregation] 
Step1 Check the target nodes of aggregation on structural 

viewpoint where the nodes requires the relation of 
topology order. 

Step2 Check the consistency of changes in aggregated nodes. 
Step3 Adjust the data which are used in aggregated nodes. 
Step4 Aggregate the target nodes. 
Step5 Slot the aggregated nodes to the network and adjust 

links. (Aggregated nodes catch all links which the 
nodes before aggregation catch and release all links 
which the nodes before aggregation release.) 

IV. NUMERICAL EXPERIMENTATION

A. Questionnaire data [1] 
To verify the proposed framework, we have used data 

collected as “questionnaire on consumer electronics in the 
future” [7]. The questions consisted of respondent attributes, 
preference on value senses and purchase demand level. The 
sample size of this questionnaire is 1,030. There are eight 
nodes on respondent attributes, two nodes on preference on 
value senses and five nodes on purchase demand level. 
Furthermore, each node has some parameters. The detail 
parameters are listed in Table 1. 

B. Modeling 
To construct a BN model, the causal relationships between 

variables must be set beforehand on the basis of the 

hypothesized structure. We assumed that causal relationships 
sequence is respondent attributes value senses purchase 
demand levels. That is, the purchase demand levels to the 
products are influenced from person's value senses, and the 
value senses assumes the causal relation of being influenced 
from person's attributes. Because the order of the occurrence 
among the respondent attributes cannot be determined 
manually, we constructed the order structure automatically 
using the K2 algorithm [5]. We used commercial software 
"BAYONET" (Http://www.msi.co.jp/BAYONET) to construct 
the model as shown in Fig. 7. 

We operate the structure of the constructed model to carry 
out numerical experimentation. 

C. Result 
(i) Elimination 
Let us compare two networks: the constructed BN (original 

BN) and the BN which eliminates the first respondent attributes 
to the constructed BN as shown in Fig. 8. 

The elimination process is as follows: 

 [Eliminate Gender, Age and Family Constitution. ] 
Step1 Eliminate Gender node. 
Step2 Remove the links which Gender node releases. 
Step3 Eliminate Age node. 
Step4 Remove the links which Age node releases. 
Step5 Eliminate Family Constitution node. 

Figure 6.   Aggregation 

Figure 7.   Constructed BN model (Original BN) 

Figure 8.  Experimentation on elimination 

Aggregate four nodes from eight nodes

1

2’

4’3’

1

2 3

6

4 5

7 8

Gender Family Constitution

Area Relation

Age

Occupation House Type

Slight ValueImportant Value

Energy

Q7S1 Q7S2 Q7S3 Q7S4 Q7S5Purchase demand level

Preference on value senses

Flow of causal 
relationship

Second respondent 
attributes

First respondent 
attributes

First
respondent
attributes

Second
respondent
attributes

Preference
on value sense

Purchase 
demand level

Comparison

Second
respondent
attributes

Preference
on value sense

Purchase 
demand level

Original BN Eliminated BN

4845



Step6 Remove the links which Family Constitution node 
releases. 

 As an example, it shows part of results in a variety of prior 
probabilities and deviation of the original and the eliminated 
networks as shown in Table  and .

Comparing the original BN with the eliminated BN, it is 
observed that there is the difference on prior probability and 
deviation between prior probability and posterior probability. 
The reason why there is the difference on deviation comes from 
the fact that there is the difference on prior probability. So let 
us pay attention to prior probability. The prior probabilities in 
the eliminated BN are close to prior probabilities calculated 
from raw data. Thus elimination decreases the error. Therefore, 
we found that the eliminated BN analyzed more accurately than 
the original BN. 

(ii) Segmentation 
In the experimentation, we segment the constructed BN in 

preference on value senses into the two segmented BN as 
shown in Fig. 9. 

TABLE .        PARAMETERS IN EACH NODE

TABLE .       A VARIETY OF PRIOR PROBABILITIES (ELIMINATION)

TABLE III.       DEVIATION OF ORIGINAL BN AND
ELIMINATED BN 

Set the evidence to “Important Value:~ and Slight Value~ .
Deviation is the value which subtract prior probability from posterior probability.

Q7S1 Q7S5 is products.
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The segmentation process is as follows: 

 [Segment in Important Value and Slight Value. ] 
Step1 Confirm that the nodes of Important Value and Slight 

Value satisfy topology order and exchangeability.  
Step2 Confirm that the nodes of Important Value and Slight 

Value belong to middle layer. 
Step3 Confirm that the nodes of Important Value and Slight 

Value satisfy the condition of divergent path in 
dependency separation. 

Step4 Segment the original BN in the nodes of Important 
Value and Slight Value. 

As an example, it shows part of results in a variety of prior 
probabilities and deviation of the original and the segmented 
networks as shown in Table  and .

In the original BN and the segmented BN, there is also the 
difference on prior probability and deviation (the value which 
subtracts prior probability from posterior probability). The 
reason why there is the difference on deviation comes from the 
fact that there is the difference on prior probability. So we pay 
attention to prior probability. In prior probability of the original 
BN and the segmented BN, prior probabilities of the segmented 
BN are close to the prior probabilities calculated from the raw 
data. Thus segmentation decreases the error. Therefore, we 
found that the segmented BN analyzes more accurately than the 
original BN. 

 (iii) Aggregation 
Let us compare the original BN with the BN that the nodes 

of Important Value and Slight Value in preference on value 
senses are aggregated as shown in Fig. 10. 

The aggregation process is as follows: 

 [Aggregate  Important Value and Slight Value] 
Step1 Confirm that the nodes of Important Value and Slight 

Value satisfy topology order and exchangeability.  
Step2 Confirm the consistency between nodes. 
Step3 Use the data of Important Value mainly and a part of the 

data of Slight Value(Security). 
Step4 Aggregate the nodes of Important Value and Slight 

Value. 
Step5 Slot the node which aggregate the nodes of Important 

Value and Slight Value into the position between the 
second respondent attributes and purchase demand level. 
Catch all links from the second respondent attributes 
and release all links to products. 

 We aggregate the nodes of Important Value and Slight 
Value according to their process as shown in Fig. 11. 

Figure 9.   Experimentation on segmentation 

TABLE V.      DEVIATION OF ORIGINAL BN AND
SEGMENTED BN 

Figure 10.   Experimentation on aggregation 

Figure 11.   Result of aggregation 
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As an example, part of numerical results in deviation of the 
original and the aggregated networks (successful examples and 
unsuccessful examples) is shown in Table  and Table .

  Such as “Important Value: Health”, it observes that the 
deviations of aggregated BN are bigger than the deviations of 
the original BN. However, such as “Slight Value: Ecology”, 
some results of the aggregated BN are the opposite to results of 
the original BN. Therefore, we found that though there is lost 
information, the aggregated BN is more proper to analysis in 
the limited samples than the original BN. 

V. CONCLUSION

To overcome the tradeoff problem for verifying the events 
that require a lot of parameters for modeling in case of the 
limited samples, this paper has proposed a framework for 
simplifying the network structure: elimination, segmentation 
and aggregation. On elimination and segmentation, the 
numerical experimentation has found that the eliminated BN 
and the segmented BN analyzed causal relationship for future 
product preference more accurately than the original BN. On 
aggregation, the experimentation has also viewed that the 
aggregated BN is more proper to analysis in the limited 
samples than the original BN. Thus, the paper has shown that 
the proposed framework enables to analyze in case of 
restriction of many parameters and the limited samples. 
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