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Abstract:

In this research, we proposed the mechanism to develop self-
evolving expert systems (SEES) based on data mining (DM),
fuzzy neural networks (FNN), and relational database
(I'DB)-driven forward/backward inference engine. Most
former researchers tried to develop a text-oriented
kirowledge base (KB) and inference engine (IE). However,
they have some limitations such as 1) automatic rule
exiraction, 2) manipulation of ambiguousness in knowledge,
3) expandability of knowledge base, and 4) speed of
irference. 10 overcome these limitations, many of
researchers had tried to develop an automatic knowledge
exiraction and refining mechanisms. As a result, the
adaptability of the expert systems was improved.
N:cnetheless, they didn't suggest a hybrid and generalized
sc ution to develop self-evolving expert systems. To this
puurpose, in this study, we propose an automatic knowledge
azquisition and composite inference mechanism based on
L4, FNN, and RDB-driven inference. Our proposed
mechanism has five advantages empirically. First, it could
exract and reduce the specific domain knowledge from
ircomplete database by using data mining algorithm.
2cond, our proposed mechanism could manipulate the
avbiguousness in knowledge by using fuzzy membership
finctions. Third, it could construct the relational knowledge
base and expand the knowledge base unlimitedly with
RDBMS (relational database management systems). Fourth,
our proposed hybrid data mining mechanism can reflect
bath  association rule-based logical inference and
complicate fuzzy logic. Fifth, RDB-driven forward and
backward inference is faster than the traditional text-
o+ 'ented inference.
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1. Introduction

T:e purpose of this study is to develop self-evolving expert

system shell based on hybrid knowledge acquisition (DM
and FNN) and RDB-driven high-speed inference mechanism.
Expert system (ES) has been emerged as a new area of
human knowledge management field during several decades.
ES is a collection of emerging technologies inspired by the
intelligent processing of expert knowledge in the human
reasoning, decision-making, software engineering, process
scheduling, medical diagnosis, and etc. Therefore, most
researchers tried to extract the knowledge from human
expert or database. It was commonly regarded as a major
obstacle and bottleneck in the process of designing and
implementing expert systems. Through the former
researches automated knowledge acquisition tools were
developed to help the knowledge engineer or even the expert
himself to build and maintain the required knowledge
systems (Eriksson, 1991; Gruber, 1987; Hong et al., 2002;
Rafea et al., 2003).

Data mining is one of interested topics in the field of
knowledge discovery (or extraction) in database (Bonchi, et
al,, 2001; Chakrabarti et al., 1999; Changchien & Lu, 2001;
Hui & Jha, 2000; Lee et al., 2002; Song et al., 2001), and
has been recognized as a new area for database research. The
area can be defined as efficiently discovering interesting
rules from large collections of data. Especially, association
rule extraction mechanism, which was proposed by Agrawal
et al.(1993), was a most popular tools to execute the data
mining. Given a set of transactions, where each transaction
is a set of item, an association rule is an expression of the
form X - Y. X and Y means the sets of items. An example
of an association rule is: “20% of transactions that contain
beer also contain diapers; 10% of all transactions contain
both these items.” Here 20% is called the confidence of the
rule, and 10% the support of the rule.

However, association rules couldn’t represent the fuzzy logic
embedded in real world knowledge. Therefore, combination
of fuzzy logic with data mining was very difficult for
general decision makers because they require high expertise
in knowledge discovery, artificial intelligence and fuzzy
logic (Lee et al., 2002). In this sense, we propose a hybrid
data mining mechanism based on association rule mining,
fuzzy neural network, and fuzzy rule extraction algorithm.
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Fuzzy neural networks and fuzzy rule extraction algorithm
were used to extract the implicit fuzzy knowledge from
database. Unfortunately, however, expandability and
reusability degree are still remained as tackling points since
no one of this tool integrates between task and domain
(Allsopp et al., 2002). These issues are critical motivations
in developing our mechanism.

The remainder of this paper is organized as follows. The
research methodology is briefly proposed in Section 2. In
Section 3, prototype system and its performance with an
illustrative example are presented. Conclusion and some
future works are finally suggested in Section 4.

2. Methodology

To develop the self-evolving expert system shell, we
adopted and revised Rafea et al’s (2003) research
architecture. The architecture of our research was
graphically shown in Figure 1.

The mechanism includes five main components namely:
knowledge elicitation, library, ES (expert systems) generator,
knowledge expresser, and inference engine. These
components are similar with the research architecture of
Rafea et al. (2003). However, we expanded the Rafea et al.’s
(2003) research architecture with knowledge expresser and
inference engine as shown in Figure 1. Detailed description
for this architecture was shown in as follows.
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Figure 1 Research Methodology

®  Library: Contains reusable domain knowledge, domain
ontology, domain models, and control knowledge.

®  Knowledge Elicitation: Its main functions are to create,
maintain, and restore knowledge elicited from the
various external inputs, fetch the relevant knowledge
components from the library, and transform this
knowledge into appropriate knowledge structure.

® ES Generator: Automatically generate an executable
knowledge, which corresponds to the intermediate
knowledge generated above. It contains knowledge
generator, knowledge transformer, and knowledge base
generator. During the process of knowledge
transformation, ES Generator uses the RDBMS to
restore and revise her knowledge bases.

® Knowledge Expresser: Support the three knowledge
expression methods such as, IF-THEN rules, AND-OR
graph, and Relationship matrix. It could help users to
understand the knowledge base efficiently.

® Inference Engine: It contains the SQL-based bi-
directional (forward and backward) inference engine.
Therefore, its inference speed is faster than other text-
oriented inference.

Especially, in Figure 1, our proposed ES generator and
knowledge generator were based on fuzzy membership
function, association rule mining and fuzzy neural networks.
Knowledge generator could enrich the adaptability of
knowledge base. The proposed knowledge generator
consists of the four phases-association rule extraction, fuzzy
neural networks, and fuzzy rule extractions. Figure 2 shows
our knowledge generator.
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Figure 2 Knowledge generator

®  Phase I: Association rule extractions

The first phase is to preprocess the raw database and
association rule mining. In this phase, we adopted the
association rules mining technique to extract the
relationships among items and attributes.
®  Phase II: Fuzzy neural networks

The second phase is to adapt the fuzzy membership
function to traditional databases. As a result, raw database
was transformed into fuzzy database. Then, we used the
fuzzy neural networks to learn the implicit knowledge from
the fuzzy database.
®  Phase III: Fuzzy rule extractions

The fourth stage of the proposed hybrid data mining
mechanism is to apply the fuzzy rule extraction algorithm
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1€ fuzzy neural networks. Then, initial knowledge base was
:kt:nded by these fuzzy rules.
W Phase IV: Cooperative knowledge base
The final stage of our proposed mechanism starts with the
-ansformation of association rules into knowledge base.
“h:n, association rule-based knowledge base was combined
:nd with fuzzy rules extracted from fuzzy neural networks.

. Y mplementation

"0 validate our proposed mechanism, we developed the
| rootype expert system shell SEES (Self-Evolving Expert
"ystem Shell) using Visual Basic (VB) and MS Access in a
'Vindows-XP environment. The prototype system SEES has
tive components 1) Knowledge Elicitor, 2) Library, 3) ES

I3enerator, 4) Knowledge Expresser, and 5) Inference Engine.

.1s a validation set, in the application process, hepatitis data
rtored in University of California Irvine’s machine learning
1. ala repository was used (UCI ML Group, 2003).

.1 Library

"7a:le 1 shows the library of hepatitis. Where, the library
« ontains 20 attributes, 6 of which are linear valued and 14 of
“he:n is nominal. The diseases in this group are DIE and
~.IVE. This kind of knowledge for disease, attributes, and
nthzr control value of hepatitis were regarded as domain
nn>dlogy, domain knowledge, domain model, and control
- n:zwledge simultaneously.

Table 1 - Domain knowledge of hepatitis

Mo Attribute Value
1 Class DIE, LIVE
2 AGE 10, 20, 30, 40, 50, 60, 70, 80
3 SEX male, female
4 STEROID no, yes
s ANTIVIRALS no, yes
< FATIGUE no, yes
7 MALAISE no, yes
3 ANOREXIA no, yes
5 LIVER BIG no, yes
10 LIVER FIRM no, yes
I, SPLEEN PALPABLE no, yes
12 SPIDERS no, yes
13 ASCITES no, yes
144 VARICES no, yes
13 BILIRUBIN 0.39, 0.80, 1.20, 2.00, 3.00, 4.00
15 ALK PHOSPHATE 33, 80, 120, 160, 200, 250
17 SGOT 13, 100, 200, 300, 400, 500
13 ALBUMIN 2.1,3.0,3.8,4.5,5.0,6.0
19 PROTIME 10,20, 30, 40, 50, 60, 70, 80, 90
=0 HISTOLOGY no, yes

“ist, totally 155 data was selected. After the pre-processing
.uch as missing data elimination, however, totally 80 data
vas used for validation. Which was composed of 19 input
-ar‘ables and 1 output variable (two classes 1:die, 2:live).

1.2 Knowledge Elicitor

To acquire and modify a meaningful set of knowledge from
the database, the first step to be done is to cleanse the
original data so that the preprocessed data may become more
traceable (Lee et al., 2002). Then, preprocessed data set was
transformed into a table format for efficient knowledge
elicitation. Table 2 shows the raw database and preprocessed
data set of hepatitis check. SPSS and Clementine 6.0.1 were
also used to preprocess the raw-data and extract the
association rules.

Table 2 - Example of raw database and preprocessed data set

(a) Raw dataset of hepatitis check
2,2,0,3,0,0,0,0,1,0,0,0,0,0,0,3,2,0,0,0,0,0,0,0,0,0,0,3,0,0,0,1,0,55,2
3,3,3,2,1,0,0,0,1,1,1,0,0,1,0,1,2,0,2,2,2,2,2,1,0,0,0,0,0,0,0,1,0,8,1
2,1,2,3,1,3,0,3,0,0,0,1,0,0,0,1,2,0,2,0,0,0,0,0,2,0,2,3,2,0,0,2,3,26,3
2,2,2,0,0,0,0,0,3,2,0,0,0,3,0,0,2,0,3,2,2,2,2,0,0,3,0,0,0,0,0,3,0,40,1
2,3,2,2,2,2,0,2,0,0,0,1,0,0,0,1,2,0,0,0,0,0,0,0,2,2,3,2,3,0,0,2,3,45,3

(b) Preprocessed database of hepatitis check
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3.3 ES Generator

Phase I: Association rule extraction

The association rule mining algorithm we adopted here is an
APRIORI algorithm (Agrawal et al, 1993), which was
known to yield a set of association rules. Based on the
hepatitis data in Table 2, the corresponding association rules
were extracted with a threshold of 80% confidence. Figure 3
shows the association rule extraction process using
Clementine.

2-9-0-0-90

associationrule.sav selpct filter type CLASS

table
Figure 3 - Association rule extraction process using Clementine

Table 3 shows an excerpt of the derived association rules.
The association rules shown in Table 3 are straightforward
and easy to understand and interpret.
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Phase II1: Fuzzy rule extractions

After the learning of fuzzy neural networks, we adopted the
fuzzy rule extraction algorithm proposed by Mitra & Pal
(1994) to fuzzy neural network. Fuzzy rule extraction

Table 3 - Example of association rules from the database

CLASS =1<=V9=2& V8=2&VI=1& VIl =2&V20=2
(9:22.5%, 0.889)

CLASS =1<=V9=2&V8=2&V3=1&V5=2&V20=2
(13:32.5%, 0.846)

CLASS =1<=V9=2&V8=2&V3=1&V6=18&V20=2
(11:27.5%, 0.909)

CLASS =1<=V9=2&V8=2&V3=1&V4=1&V20=2
(7:17.5%, 1.0)

CLASS = 1<=V9=2&V8=2&V3=1&VI=1&V20=2
(9:22.5%, 0.889)

CLASS =1<=V9=2&V8=2&V3=1&V20=2&VI2=1
(9:22.5%, 0.889)

CLASS=2<=V9=2& V8=2&VI4=2& V20=1& V=2
(16:40.0%, 1.0)

CLASS =2<=V9=2&V8=2&VII =2&V20=1&VT=2
(16:40.0%, 1.0)

CLASS =2<=V9=2& V8=2&VI3=2&V20=1& V] =2

algorithm was shown in Table 5.

Table 5 - Fuzzy rule extraction algorithm

Step I Path generation by backtracking
Step 1.1: Find the intermediate node i which has a positive

effect on output node j in H(output) layer. If Wﬁ_l >0, Then

select node i in H-1 layer

Step 1.2: Select the connection weights between i and j.

Step 1.3: Select the input node, which has an output value more
than 0.5. Then, find the connection weight from the lower layer
until there's no connection weight.

(16:40.0%, 1.0)

Step 1.4: Sort the selected connection weight list.

Phase II: Fuzzy membership functions and fuzzy neural
networks

In this phase, we adapted the fuzzy membership functions to
transform the real data into fuzzy sets. Fuzzy membership
functions used in this phase was as follows (Mitra & Pal,
1994):

Step 2: Sentence generation

Adapt two conditions as follows:

Condition 1: Define the conditions for sorting. Then, generate
the If-Then rules.

Condition 2: Select the linguistic hedge or real values.

Table 6 shows the fuzzy rules extracted from fuzzy neural
networks. Where, each real value means the fuzzy
membership value.

7(F;:c,A)=

2
2(1-'5;'] , for—;—lej —clkA
Table 6 - Sample of fuzzy rules extracted from fuzzy

—cl neural networks

125
p)

2
J s forOlej—cls—/;l

CLASSS = 1<=V2_L=0.96 & V2_M=0.61 & V3=0.90 & V4=0.90
& V5=0.90 & V6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 &
V10=0.90 & V11=0.90 & V12=0.90 & V13=0.90 & V14=0.90 &
V15_L=0.98 & V15_M=0.68 & V16_L=1.00 & V16_H=1.00 &
V17_=0.92 & V17_H=0.82 & V18_1=0.98 & V18_M=0.81 &
V18_H=0.87 & VI9_L=0.62 & V19_M=0.73 & VI9_H=0.91 (95%)

CLASSS = 1<=V2_L=0.78 & V2_M=0.91 & V5=0.90 & V6=0.90

0, otherwise

1
lmedium =E(Frmx _me)

C =F_.+2

medium medium & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 & V11=0.90 &
P 1 F V12=0.90 & V13=0.90 & V14=0.90 & V15_L=0.99 & V16_L=0.99 &
o = denom (Conctim = Frin) V16_M=0.64 & V17_=0.93 & V18_H=1.00 & V19_H=1.00 (95%)
CLASSS =2<=V2_M=0.95 & V2_H=0.99 & V4=0.90 & V5=0.90
Crow = Ceaiam +0-5* A, & V6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 &
] V11=0.90 & V12=0.90 & V13=0.90 & V14=0.90 & V15_L~0.97 &
Anigh = Frax = Crregtum) V15_M=0.56 & V16_L=0.97 & V16_M=0.55 & V16_H=0.66 &
fdenom V17_=1.00 & V17_M=0.91 & V17_H=0.79 & V18_M=1.00 &
- * V18_H=0.55 & V19_L~1.00 & V19_M=0.88 & V19_H=0.81 &
Clu'gh = Cmedium +0.5 A’high V20;0.90 (90%) - - -
Table 4 shows the fuzzified database transformed by CLASSS = 2<=V2_M=0.95 & V2_H=0.73 & V4=0.90 & V5=0.90
fuzzy membership functions. & V6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 &

V11=0.90 & V13=0.90 & V15_L~0.81 & V15_M=0.88 &
V16_L=1.00 & V17_=0.89 & V18_M=0.60 & V18_H=0.96 &

Table 4 - Fuzzified database V19 M=0.96 & V19_H=0.70 & V20=0.90 (90%)
No V20 VOMVIH V3 VA VS VE VT VB VS ViDL VI1VI2{ VI3 VI8 MISIVIS WIS it
;0% 061, 004 0.10, 0.90 0.90° 0.90. 0.90 0,90, 0.%0. 0.80, 0.0, 0.90. 0.30° 0.0, 038 0.14 0.00
U078 081, 0.2 010, 0.19 0.10; 0.96 0.9, 0.90° (.10, 0.10: 0.90' 0.50' 0.90 0.50° 0.3 0.40 0.0
099 043 0.01 010 0.90, 0.10] 0,10, 0.90; 0,90, G.9° 0,10, 0.9, 0.10; 0.90° 0.90, 0,89 019 Q.00
067 057 0.3 010: 0.90, 0.10: 0.10] 0.90- 0.90. 0.90, 0.1 0.0 090! 0.9 0.0, 0.98 0.14 0.00
100 0.28 0.00 0.10 0.90° 0.90; 0.10. 0.90; 0.90' 0.90; 0.10. 0.90 G.90 0.90 0.90; 0.72 0.95 0.28
0.63 067 0.17. 0.10 010, 0.90, 0.10! 0.10' 0.10. 0.90: 0.90, 0.90: 0.0, 0,10 0.9 0.81 068 0.19
T073 095 027 010, 010 0.90) 0,10 090 0.90 0.90) G.10° G.90: 0.90 0.9 0.90! 0.93 0.04 0.00
083 067 017 0.10 0.90 0.90 0.9 090, 0.90; 0.90' 0.9 0.90° 0.90; 0.90 0.90; 0.95 0.06_ 0.00
683 487 G.17: 0.10 010 0.10. 0.90 .90, 0.90° Q.10 0.10 0.90° 0.90; 0.90. 0.90: 0.95 0.06 0.00
0.82. @00° 0.00. .90 0.90 0.10: 0.10 C.90 G0 6.9 0.90' 0.90° 0.90: 0.90 0.90: 0.8 014 0.00
Clas¢ Class

© 8.90, 010

0.90 010

0.9 0.0

0.90 0.10

0.9 010

0% 010

00 010

080 010

050 010

0.90- 010

Phase IV: Cooperative knowledge base

After the extraction of association rules and fuzzy rules, we
combined two different kinds of knowledge bases into
cooperative knowledge base. Table 7 shows the cooperative
knowledge base.

VDD e ®N -
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Table 7 - Example of cooperative knowledge base

CLASS =1 <=V9=2&V8=2&V3=1&VII=2&V20=2
(9:22.5%, 0.889)

CLASS =1 <=V9=2&V8=2&V3=1&V5=2&V20=2
{13:32.5%, 0.846)

CLASS =1<=V9=2&V8=2&V3=1&V6=1&V20=2
(11:27.5%, 0.909)

CLASS =2<=V9=2&V8=2&VI4=2&V20=1&V7=2
(16:40.0%, 1.0)

CLASS =2<=V9=2&V8=2&VII=2&V20=1&V7=2
116:40.0%, 1.0)

CLASS =2<=V9=2&V8=2&VI3=2&V20=1& V7=2
116:40.0%, 1.0)

(CLASSS = 1<=V2_L=0.96 & V2_M=0.61 & V3=0.90 & V4=0.90 &
V5=0.90 & V6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90
& V11=0.90 & V12=0.90 & V13=0.90 & V14=0.90 & V15_1=0.98 &
V15_M=0.68 & V16_L=1.00 & V16_H=1.00 & V17_=0.92 &
'V17_H=0.82 & V18_L=0.98 & V18_M=0.81 & V18_H=0.87 &
V19_1=0.62 & V19_M=0.73 & V19_H=0.91 (95%)

CLASSS = 1<=V2_1~0.78 & V2_M=0.91 & V5=0.90 & V6=0.90 &
V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 & V11=0.90 &
V12=0.90 & V13=0.90 & V14=0.90 & V15_1=0.99 & V16_L~=0.99 &
V16_M=0.64 & V17_=0.93 & V18_H=1.00 & V19_H=1.00 (95%)

CLASSS =2<=V2_M=0.95 & V2_H=0.99 & V4=0.90 & V5=0.90 &
V6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 & V11=0.90
% V12=0.90 & V13=0.90 & V14=0.90 & V15_L=0.97 & V15_M=0.56
% V16_1=0.97 & V16_M=0.55 & V16_H=0.66 & V17_=1.00 &
vV17_M=091 & V17_H=0.79 & V18_M=1.00 & VI8_H=0.55 &
v19_L=1.00 & V19_M=0.88 & V19_H=0.81 & V20=0.90 (90%)

CLASSS = 2<=V2_M=0.95 & V2_H=0.73 & V4=0.90 & V5=0.90 &
v6=0.90 & V7=0.90 & V8=0.90 & V9=0.90 & V10=0.90 & V11=0.90
& V13=0.90 & V15_1L-0.81 & V15 M=0.88 & V16_L=1.00 &
V17_=0.890 & V18_M=0.60 & VI8 H=0.96 & VI9 M=0.96 &
V19 H=0.70 & v20=0.90 (90%)

Tie rule premise part may contain arbitrarily complex
conjunctions or disjunctions nested within each clause.
Otherwise, a separate rule is written for each clause, instead
of writing rules whose premise would be a disjunction of
clauses. The ACTION part or THEN part indicates one or
more conclusions that can be drawn if the premises are
s:tisfied making the rules purely inferential. Each rule is
highly stylized- with an IF-THEN format and a specified set
¢f admissible primitives. These rules transformed into
1:lational database. Therefore, this tightly structured
database form makes it possible for SEES to be designed to
eecute in a form of SQL-based inference.
Farthermore, it could be represented as an AND-OR graph
¢r Relationship matrix. Figure 4 shows the knowledge base
{fuzzy rules) restored in relational database.

them

& rules : glOIE

1 Class| = high
2Class) = high
3 Class! = high
4. Class) = high
5 Class) = high
6 Class1 = high
7 Class! = high

Vé = high
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< high V6 = high VI = high
i V4 = high = hi = hi 'V8 =high
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Figure 4 - Knowledge base restored in relational database
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3.4 Knowledge Expresser

Totally 38 production rules were extracted by using
APRIORI algorithms which are highly efficient techniques
developed by Agrawal (1993). SEES could express the
knowledge base as OAV type production rules (IF-THEN
rules), AND-OR graph, and Relationship matrix (Kim,
2003).

3.5 Inference Engine

Inference engine depends on RDB and SQL-driven
forward/backward inference mechanism. Therefore, rule
consistency check and incompleteness check was easier than
other traditional text-driven works (Kim, 2003). Figure S
shows the example of inference process and final inference
result for a patient’s data set.
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(¢) Forward inference and result
Figure 5 - Inference results of SEES

In the first step, user opened the knowledge base. Then, he
might confirm the total number of rules and hypotheses
(Figure 5(a)). In the third step, SEES shows the dialog
window for backward/forward inference (Figure 5(b), 5(c))
requiring user’s response. Especially, Figure 5(c) shows the
unselected and selected IFs, inferred facts, and final
conclusions. Then the final conclusion was translated into
OAV-typed IF-THEN rules as shown in Figure 5(c).

4. Conclusion
In this study, we introduced the problems of traditional data

mining and construction mechanism for ES. Therefore, we
suggested an automatic expert systems shell construction
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and maintaining mechanism. The proposed mechanism
consisted of the five main components Library, Knowledge
Elicitation, ES Generator, Knowledge Expresser, and
Inference Engine. In the implementation process, we
developed a prototype expert system shell SEES and proved
the inference ability using hepatitis data set. This mechanism
and prototype systems were based on data mining, fuzzy
membership functions, fuzzy neural networks, and RDB-
driven forward/backward inference algorithm, which were
mainly aimed at expand the adaptability, expandability, and
reusability of knowledge base. In addition, this study has
shown how the knowledge base could be transformed into
IF-THEN rules, AND-OR graph, and Relationship matrix to
help the user’s correct recognition in knowledge base.
Nonetheless, our study has some limitations. First, we
developed simple prototype expert system shell. Second,
effective rule refinement process (such as pruning, conflict
resolution, and etc.) was omitted, which was enable to
improve the inference ability of that expert systems. Then,
further research topics still remains. First, this expert system
shell should be improved as an Internet-based system to
support the Web-based user’s decision-making. Second,
other Al (artificial intelligence) technologies (such as fuzzy
logic, neural networks, rough set, and etc.) may improve the
inference ability of our expert system shell. Third, multiple-
decision problem and concurrent decision-making should be
supported using other concurrent engineering mechanism.
Fourth, the basic technology of association rule mining used
for this study needs to be improved so that more fuzzy
knowledge can be analyzed. Fifth, fuzzy membership
functions need to be integrated with other rule refining and
reasoning mechanism.
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