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In arecent study, Schulenburg and Ross (2001) proposed the LCS
for short-term stock forecast. Studley and Bull (2007) proposed the
extended classifier system (XCS) agent to model different traders by
supplying different input information. Announcement made by
Morgan Stanley Capital Investment (MSCI) regarding the additions,
removals, and even the weights of the component stocksin its
country indices every quarter generally would cause changes to the
prices and/or trade volumes of the associated component stocks.
This paper takes an XCSin artificial intelligence to dynamically
learn and adapt to the changes to the component stocks in order to
optimize portfolio allocation of the component stocks. Since these
price trends of MSCI component stocks are influenced by unknown
and unpredictable surroundings, using XCS to model the
fluctuations on financial market allows for the capability to discover
the patterns of future trends. This simulation works on the basis of
the changes to 121 component stocks in the MSCI Taiwan index
between 1998 and 2009 suggests the XCS can produce the great
profit and optimize portfolio allocation.
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Abstract

In a recent study, Schulenburg and Ross (2001) proposed the LCS for short-term
stock forecast. Studley and Bull (2007) proposed the extended classifier system (XCS)
agent to model different traders by supplying different input information.
Announcement made by Morgan Stanley Capital Investment (MSCI) regarding the
additions, removals, and even the weights of the component stocks in its country
indices every quarter generally would cause changes to the prices and/or trade
volumes of the associated component stocks. This paper takes an XCS in artificial
intelligence to dynamically learn and adapt to the changes to the component stocks in
order to optimize portfolio allocation of the component stocks. Since these price
trends of MSCI component stocks are influenced by unknown and unpredictable
surroundings, using XCS to model the fluctuations on financial market allows for the
capability to discover the patterns of future trends. This simulation works on the basis
of the changes to 121 component stocks in the MSCI Taiwan index between 1998 and
2009 suggests the XCS can produce the great profit and optimize portfolio allocation.

Keyword: Financial forecasting, XCS, MSCI Taiwan index component stock



1.Introduction

Stocks that are added to major stock
indices wusually see rises in their trading
volumes and prices after the announcements.
On the other hand, investors usually sell the
stocks after their removals from MSCI indices.
This phenomenon has been widely studied in
finance Kovalerchuk and Vityaev (2000), Liao
and Chen (2001) and Chen and Chen (2006).

Most studies to date have focused on US stocks.

This paper turns attention to one of the
emerging markets. This paper documents and
analyzes changes to the returns and the trade
volumes in response to additions and removals
of the component stocks in MSCI country
indices.

Previous works approached the problem in
a variety of different ways. They were usually
about the institutional investment by means of
the traditional statistical analysis and financial
engineering. And (Mclvor, McCloskey,
Humphreys, & Maguire, 2004) they all shared
some common characteristics such as technical
indicators, quantizing financial series, static
prediction rule, and buy or sell prediction
signal.

Chen and Chen (2006), Tsai and Chen
(2008), Schulenburg and Ross (2001), etc. have
applied learning classifier system (LCS) to
different financial systems such as the future
market, the foreign exchanges market, the
derivatives market and the equity market.
While their results were promising, it is widely
accepted that better

results can be achieved by improving the
processes surrounding the main XCS learning
components. The following are reasons to use
XCS on dynamic and noisy environments:

® XCS is able to evaluate rules that are ideal
for modeling problems without retraining
all data.

® XCS has been shown to properly learn

complex, and non-linear

when  the  outside

information continuously changes.

® XCS is capable of making real-time and
accurate learning and responses.

® XCS can discover generally accurate rules
to perform on a variety of problem

domains (Wilson, 1996).
® XCS can adjust itself to strengthen its

inward knowledge step by step.

The stock market traders (Hashemi, Blanc,
Rucks, & Rajaratnam, 1998) always look for
trading strategies to optimize portfolio
allocation and to obtain high returns. This
paper presents empirical results for the XCS
agents trading system providing trading
strategies for the Taiwan MSCI component
stocks.

from noisy,
environments

2. Literatures review
2.1.LCS

The classifier systems have been gaining
more and more popularity in the artificial
intelligence (Al) domain. Holland (1975) and
Holland and Reitman (1978) introduced the
concept the mechanism of learning classifier
systems (LCS) in the 1980s, and a series of
researches has focused on the problem derived
from LCS, such as generalization, the classifier
syntax, the credit allocation procedure, the
discovery component, and the internal
messages list in Holmes (1996). The schematic
overview of LCS in Fig. 1 shows three major
functional components of LCS:



® The detecting function which allow the
machine to interact with its environment.

® Reward mechanism allows separating
successful rules from unsuccessful or
meaningless rules.

®  Genetic algorithm (Glodberg, 1989; Yuan
& Shaw, 1995; Yuan and Zhung, 1996)
used to generate more optimal rules for the

rule set.

[P oossass oo oeeD -( Classifier SCD'—
: I
e
= Algorithm
Detecting

[ Environment 1

Reward
Mechanism

Fig. 1. System architecture of LCS.
2.2. XCS
Recently, the extended classifier systems
(XCS) have been becoming the primary
research topic in Al, especially in the financial
domain (Chen & Chen, 2006; Studley & Bull,
2007; Tsai & Chen, 2008). The schematic
overview of XCS in Fig. 2 provides three major
functional phases of XCS:
® Transaction data encoding phase decodes
and normalizes the different stocks.
® Knowledge extraction phase
separating  successful  rules
unsuccessful or meaningless rules.

allows
from

® Knowledge integration phase generates
more optimal rules including the single
stock perdition rule and portfolio
allocation rule.

3. System architecture
The key quantity the trading system

predicts is the percentage of current total
investment in MSCI component stocks. This is
closely related to the expected changes to the
prices in the subsequent trading days Wang
(2003). Three major phases in Fig. 2 allow
XCS agents to predict future price movements
based on different sets of historical financial
data.

Transaction Data Encoding Knowledge Integration
ettt ~ Classifier Set) +—
Matching —'(gule Discoven}) I At
' N }g—‘l
I @ule Predictio/lb G’,\ Ml
0 Algorithm
.
Action Knowledge Extraction
] Selection
T —l— 5 Credit
Normalization|  (_ Action Set /ﬂ)—-*‘ ~ Extraction | Assioiiment
I 1 1 Rewards

Environment

Fig. 2. System architecture of XCS.

3.1. Algorithm

The XCS algorithm is shown in Table 1.
The XCS algorithm describes how to forecast
from the input to result.

Table 1
Algorithm of XCS.

ilg XCS Algorithm

2: Input RSq<- q rule sets(RS) from different knowledge sources
33 Output one integrated rule set

4: procedure XCS

5: Initialize classifier set

6: While (termination condition of XCS is false)

7: Get environment state

8: Normalized the state

9: Decode the state

10: Generate match set

11: Generate prediction rule

12: Selection action

13: Generate action set

14: do winner action

15: Get rewards

16: Update attribute-values of relevant classifiers
17: trigger Genetic Algorithm

18: Selection

19: Crossover

20: Mutation

21: end trigger

22: end do

23: end while

24: Report the execution and learning performances
25: Store the learned classifier set

26: end procedure

3.2. Transaction and encoding phase

This phase generally normalizes the MSCI
component stock prices and trading volumes to
the status such as up, down or ignored. The
decoding sample is given in Table 2.



Table 2
Decoding.

Date Symbol High Low Price Volume Change Decode

31-March-09 2330.tw
30-March-09  2330.tw

0 0
1
27-March-09 2330.tw 1
0
1

0 00000
# 11#1#
1 11111
1 01101
1

1311

26-March-09 2330.tw
25-March-09 2330.tw

=== O
# == H* O
—_—o =

3.3. Knowledge extraction phase

During this phase, the XCS trading system
follows the action set to adjust the portfolio
such as increasing the percentages of 2303.tw
and 2408.tw while reducing the percentages of
2330.tw and 2345.tw. The action set table is
given in Table 3.

Table 3
Action set.

Company D Name Action As-Is (%) To-Be (%)

2330.tw v DN 20
2303.tw UMC Buy 9 10
2408.tw . Buy 3 5

2345.tw

-
3.4. Knowledge integration phase

In this phase, the XCS trading generates
more optimal rules including the single stock
perdition rule and portfolio allocation rule. The
rule set is shown in Table 4.

Table 4
Action set.

Factor code Action Currency (%)
114110001#10 [ I
01111#0#0110 Bu 81
01011#0#1101 B 79

01#1114#10000

i
~
w

101440011101 Buy 53

4. Simulation
4.1. Simulation

Experiment is performed on the MSCI
Taiwan index component stock data, which is
derived from Securities & Futures Institute
(SFI). The trading period for this experiment is
from January 1998 to March 2009. Since the
simulation corresponds to the foreign capital,
the stocks which below to the MSCI Taiwan
index component. The condition part of the

classifiers is within 5 days; while the action

part is the trend of the next 3 days. There are

some preprocess to be completed before having

the data placed into XCS.

® Missing values will be deleted due to the
concept of data cleaning.

® The five attributes, which are buy/sell of
QFII, buy/sell of securities investment
trust, balance of margin purchasing,
balance of short selling, and volume, are
the most important factors when it comes
to the institutional analysis. Thus, they are
taken into account in the simulation. Each
condition will be considered into four
parts on the basis of discretion technique.

® The action part will also be described into
four regions corresponding to levels of the
upward or downward trends for the next
trading day. The format of classifiers is
shown in Table 4, and the simulation
procedures are shown in Fig. 3.

Fetch data from Securities
& Futures Institute (SFI)

!

Preprocessing: Delete
missing value, encode and
discretize the stock
information

'

Maiching classifiers
computation

I
' v

Tax System
(reduce the strength)

Payoff: Credit or
punishment from the
environment

I I

Genetic Algorithm

!

Rules selected and
do the analysis
for making strategies

Fig. 3. Simulation procedure.



4.2. Implementation
Due to the historical data of MSCI, United

Microelectronics Corporation (UMC),
Advanced Semiconductor Engineering Inc.
(ASE), Compal Electronics (COMPAL),

Taiwan Semiconductor Manufacturing (TSMC),
AU Optronics (AUO) and so on are more
favored by institutional and individual investors.
Hence, the experiment selects 121 stocks. The
processes are summarized as follows.

In XCS system, the condition part of the
classifiers is considered into 4 parts in
accordance with each of the discrete and
normalized attributes. The detector will encode
the inputted information into 12-bit strings. All
classifiers will be matched. If the condition
matches the current state, the rule will be
activated, and then put into classifier list.

In XCS, the bucket brigade algorithm (Oh,
Kim, & Min, 2005) is implemented for credit
apportionment. In apportionment of credit
system, matching classifiers are available for
bidding. The fitness of the classifiers will be
reflected through adjusting the strength. In Eq.
(1), Bi,t is the bid of classifier Xi at time t,
where r is the learning rate, Si is the strength of
the classifier, and ui,t is the number of
non-wildcard symbols

Bit = 7-Si- Ui (1)

The probability that a classifier wins will
be proportional to its bid value is shown in Eq.

(2)

P(X;wins) = Bis

S B; 2)

4.3. Simulation result
In Fig. 4, the profit of using XCS to
allocate the MSCI component stocks during the

training interval is remarkably increasing.

4

x1
5 0
4
3
s 2
=
o]
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0
-1
.2 Il 1 1 1 1
0 20 40 60 80 100 120
Number of Activation
Fig. 4. Training period, the result is not good in the initial period, but the final profit

can be achieved to 50 thousand dollars or so.

In Fig. 5, the profit of using XCS to
allocate the MSCI component stocks during the
experimental report shows that we will gain a
lot in the noisy stock market using XCS.

4

0 20 40 60 80 100 120
Number of Activation

Fig. 5. Simulation period, the profit can be achieved to 71.3 thousand dollars or so.

5. Conclusion

According to the simulation, the proposed
model is the combination of XCS and stock
market data to demonstrate that XCS can learn
well from the complex, dynamic and noisy
environment. XCS model possesses a strong
advantage over traditional statistical analysis.
The XCS provides guidance to stock market
traders about how to adjust the weight of the



MSCI component stocks. The profit according
to the simulation is also satisfactory. Since the
stock market using artificial
intelligence is more appropriate because of
continuous learning from the environment. So
far, XCS works so adaptively that it is a good
tool for further research of fundamental,
technical, industrial, and news analysis on
stock market. The simulation result shows that
the accumulated return can be much higher
than the original investment capital. Therefore,
applying the mechanism proposed by this paper
to stock data seems to be capable of profiting.
The profit gained through applying XCS
to the financial markets is remarkable, because
XCS is capable of adapting to the complex
environment. Some works are still in the
process of implementation for obtaining much
better profit. First of all, the method of credit
apportionment will be the focus of future
researches. Recurrent reinforcement learning
(RRL) and direct reinforcement (DR) will be
replaced by bucket brigade algorithm to see
whether the profit will be better. If the results
are as much as desirable, the bucket brigade
algorithm will be a brand new idea of
implementing RRL or DR into classifier
systems. In addition, Q-learning will also be
compared with bucket brigade algorithm.
Secondly, anticipatory classifier system (ACS)
will also be applicable to continuous simulation
(Stolzmann, 2000). The comparison of using
different classifier systems will be discussed in

is sensitive,

future researches as well.

Last but not least, other attributes, such as
ratio of margin purchasing and short selling
(Oh et al., 2005; Trippi & Desieno, 1992),
buy/sell of security dealers, TSE stock index,

and volume of TAIEX, will be also considered
to check whether the factors are affecting the
financial market significantly.

References

1. Chen, A-P, & Chen, M.-Y. (2006).
Integrating extended classifier system and
knowledge extraction model for financial
investment prediction: An empirical study.
Expert Systems with Applications, 31,
174-183.

2. Goldberg, D. E. (1989). Genetic
algorithms in search, optimization, and
machine  learning.  Reading, MA:
Addison-Wesley.

3. Hashemi, R. R,, Blanc, L. A., Rucks, C. T.,
& Rajaratnam, A. (1998). A hybrid
intelligent system for predicting bank
holding structures. European Journal of
Operational Research, 109, 390-402.

4. Holland, J. H. (1975). Adaptation in
natural and artificial systems. Ann Arbor,
MI:  University Press of Michigan.

5. Holland, J. H., & Reitman, J. S. (1978).
Cognitive systems based on adaptive
algorithms. In D. A. Waterman & F.
Hayes-Roth  (Eds.), Pattern directed
interference systems (pp. 313-329). New
York: Academic Press.

6. Holmes, J. H. (1996). Evolution-assisted
discovery of sentinel features in
epidemiologic surveillance. PhD thesis.
Philadelphia, PA: Drexel University.

7. Kovalerchuk, B., & Vityaev, E. (2000).
Data mining in finance. Dordrecht:

Liao, P. Y., & Chen, J. S. (2001).

Dynamic trading strategy learning model

using

Kluwer.

learning classifier systems. In



10.

11.

12.

13.

14.

15.

Proceedings of the 2001 congress on
evolutionary computation (pp. 783-789).
Mclvor, R. T., McCloskey, A. G,
Humphreys, P. K., & Maguire, L. P.
(2004). Using a fuzzy approach to support
financial analysis in the corporate
acquisition process. Expert Systems with
Applications, 27, 533-547.

Oh, K. J., Kim, T. Y., & Min, S. (2005).
Using genetic algorithm to support
portfolio optimization for index fund

management. Expert Systems  with
Applications, 28, 371-379.
Schulenburg, S., & Ross, P. (2001).

Explorations in LCS models of stock

trading. Lecture notes in artificial
intelligence. Springer-Verlag (pp.
151-180).

Stolzmann, W. (2000). An introduction to
anticipatory classifier systems. Lecture
Notes in Artificial Intelligence, 1813,
175-194.

Studley, M., & Bull, L. (2007). Using the
XCS classifier system for multi-objective
reinforcement learning problems.
Artificial Life, 13(1), 69-86.

Trippi, R. R., & Desieno, D. (1992).
Trading equity index futures with a neural
network. Journal of Portfolio
Management(Fall), 27-33.

Tsai, W.-C., & Chen, A.-P. (2008). Service
oriented  architecture  for  financial
customer relationship management. In
Proceedings of distributed event-based
systems (p. 332). ACM.

Wang, Y. F. (2003). Mining stock price
using fuzzy rough set system. Expert
Systems with Applications, 24, 13-23.

16.

17.

18.

Wilson, S. W. (1996). Rule strength based
on accuracy. Evolutionary Computation,
3(2), 143-175.

Yuan, Y., & Shaw, M. J. (1995). Induction
of fuzzy decision trees. Fuzzy Sets and
Systems, 69, 125-139.

Yuan, Y., & Zhuang, H. (1996). A genetic
algorithm for generating
classification rules. Fuzzy Sets
Systems, 84, 1-19.

fuzzy
and



VERYRT
AT A A T E 4 B AR TR O gy 4 )
Ep1liEr B R AREANI FLLGF 75 RE D SR bE g S
PRARERZ ARG SR E S o0 BRMBI BTG E DR EEFERFRSD
bt Gt i el é"%%?* FRIER| A EER A R Bk R F] AT B
o AR o d A Ay ERAEPEZRMEDEL O F SRR
mﬁﬁ%ﬁlﬁfjﬁﬁ%ﬁﬂwf ﬁﬁlﬁ%ﬂéﬁ%‘ﬁmﬁ§¢@i
BRI AEOER FP S R RPN EAREAF L T T
PRt & R S

AL EHERE SR T RS RS G S LBl R R
‘lﬁ%@wﬁf’mﬁﬁﬁ%*% éﬁ T%%ﬁﬁm%@ﬁw“éjmm
EEFARE TE R WEHRAR I REL > L d P HEN o R ENP
WHEE R PEY TR AP ﬁ? A ALFEN L RRFE I REY

e R ww“ﬁﬁlﬁ*kﬁﬁgi¢@‘ﬁﬁﬂgﬂ%
G Tt R ZRER R PRI EPFE AR AR AMF
Fe ga hITm~ 2 e A Emy IR Y w2 3 2RKET 0
HEPM LT LR o

i4#g$ﬁ¢wp%%k?ﬁﬂ@kﬁ@ﬁ%ﬁﬁﬁ’ﬁﬁﬁﬁl@ﬁ&
ReiE e g S ’F%‘fi""q\w* EE S PR g e $ika F 0 4p
TR o 1 AR TR bR AT o



1P M EITE A

CIELD |
1. Wen-Chih Tsai and An-Pin Chen, “Using the XCS classifier system for portfolio
allocation of MSCI index component stocks.” Expert Systems with Applications
\Volume 38, Issue 1, January 2011, Pages 151-154.
2. Yu-Chia Hsu, An-Pin Chen, Jia-Haur Chang, “An inter-market arbitrage trading
system based on extended classifier systems.” Expert Systems with Applications
Volume 38, Issue 4, April 2011, Pages 3784-3792.

CGGET RS

1. Chen, AP, Chen, C.C., Chang, C.W., Wu, C.R.,"Establishing the expert
decision-making strategy to improve the TFT-LCD quality.” The 2nd
International Conference on Next Generation Information Technology
(ICNIT),June 2011, Pages 63 - 67.

2. Bo-Wen Yang, Wen-Chih Tsai, An-Pin Chen, Ramandeep, S,"Cloud Computing
Architecture for Social Computing - A Comparison Study of Facebook and
Google." Advances in Social Networks Analysis and Mining (ASONAM), July
2011, Pages 741 - 745.

3. Chien-Chih Tu, An-Pin Chen,"Building a Learning Games Network in Cloud
Learning Platform Based on Immigrant Education.” Advances in Social
Networks Analysis and Mining (ASONAM), July 2011, Pages 746 - 750.

4. Mao-Ping Wen, Hsio-Yi Lin, An-Pin Chen, Chyan Yang, "An Integrated Home
Financial Investment Learning Environment Applying Cloud Computing in
Social Network Analysis.”" Advances in Social Networks Analysis and Mining
(ASONAM), July 2011, Pages 751 - 754.



FE AL oo FF 2P E June, 22, 2011

b v g 2 AL YT Y o 1006 % 9p

rF 24 é K J1 9

4IRS B Lri- &% P 5 11D088

3R T 0930-188870 @ &+ %48 |jennifer.chen.mis@gmail.com
v L Hilton Hotel Gyeongju
REPR - R B .

g xR June 21-23, 2011 i Gyeongju, Korea

(¢ =) 2011 & FAPFREFT €

g Fi z %5— (® =) The o Internatlonal Conference on Next Generation Information
Technology

(¢ %) 2k Fb R R R 2 6 FEST

& ¥~ 42 P | (# < )Establishing the Expert Decision-making Strategy to Improve the

TFT-LCD Quality

FEPNF %#’”%J*iﬁ'

— N ?Q%C g ’i‘ 2 4
—_ N "t’ ’g NN ;—t
=~ 2R

4
%?ﬁ
3
Ri
=
e
=4
-tn.
Ny
=
S



EEL

2011 FREMSFAFFAEE 51 AR FTAPE I HPF LML - &
-Eoﬂ*ﬁﬂ#%$%p£@%g/ﬁﬁgpﬂg¥vﬁﬁr¢g4,zﬁmpﬁg
FIESAR DAL o N s 11"}5%3’#E’&_Hllt0n Hotel Gyeongju ¥ # 4 o Fpt o A

T /éﬁﬁﬁ  § ®4B 5 Sessions 2 h 0 77X E TEHEE BT CHE A T A
F#B'ﬁéiﬁflbﬁémfﬁﬁ&#'”Trﬁm&lf ngm,ﬁpﬁ Ts‘?"ﬁ‘;;;@l’;{gfﬁ’ﬁ*’"‘)‘-}

A Bft‘rE D OIE B s chE BERAT - B FE?EE FfEAR L B BARA

Eﬁ\m%%k&—m+@kamﬁ&** RN G BB E Rk fAeie B LD
REAt g 0 3 EHR O “ﬂﬁﬁw»auﬁ“’ SRAZRRFRE D AL F
Pr R g R ARy ¢ B Y D3 S %%@% b SN I S L
B33 Flers FP AR Lde A= 70T S 8B E 8RR AR

1. %3¢ g Pi R

06 % 21 p (SMpFRF): == g S S BPRIRS SR Fag 2511
GERET R o=

06 % 21 p (#BIPFR): 8Lt £39 ICNIT2011 ¢ - % -

06 7 22 p (§ERPFA ) %4 ICNIT 2011 31p B A3 § 758 o

06" 22 p (§EMPERE): + = > %4cSection2 34 ¢ o
TECFELHTCEEARL -

06 % 23p (§EMPFA): = > %4eSection1l #34 ¢ -
PE s e RS

06 247 GERRE): =%~ 8 RGERFF = RER Y Eg oo

A
06" 24 p (SMpERm): T2 L-mh RiE SARFIRSEE -

2. T

* fywh v $-4venf_Section 8 3=k 0 A A 5 Feng-Hsu Wang & #2 - #h < 1 v B3
FoNGFALRAEY A FH0 kAP HR R R R R A FEST -

3. $hARFH §

PR AL R Y 42 ICNIT 2011 2 B E 55 € ik A- B Ap 5 #5oh St
KEERIBLATALE  ThpPE S e R E SR
PR GER A ) S AT g g 0 f T RAART BT R LA
FRTRRMES L B R A PR FOBELEFEFREL LN AR AT R
RN S b L L S LIEE g o B kR R L
e T A ER Y

é
¥
i



4, F2 o ?

EEIN A2 A B Y1 P BT F R BT i A ffVE
TREFORYEY S AR P 4 o ARB SR FEANE hiERY 0 3 %
SECRIEY RSy SN 1 LI Q{f%@%ihmﬁp 3
YA el AR \*¢“$ ’ m%%ﬁﬂiué {5 s gy
CBY fEE Y s »KWW“%gFi;mF b - IE YA

I ‘;\‘

o

ﬂ\:'(lfﬁg.—fgclgl’) iﬁﬁﬂéiﬂ;ﬁ??}—ﬁ; je g ’fg%)%;'kg‘fu;“‘ ﬂ‘-&)}i;}}tf%
e EEFRUBEGRY FALWY RF AL R %W?ﬁﬁﬁrwﬁﬁﬁﬁﬁa
Enl #ﬁ-@”}(ffﬂ”%""\ EFFLHY B ooprhr R X g E 9:30 B4k 2 F|T = 6:10
RIS /}é;lﬁfﬁﬁx’—'%—%ﬁx}‘ﬁfﬁﬁ%kmlﬁg/} e lﬁ;g?i.&ﬁg—f";}\%"iﬁ
d Bt 3 R B R A 0 B IR »Ei*mliﬂﬂ t&g#gﬁ 2 Heou 18 ,x% $35 38 24
FTEE G L FR m;,ﬂ;ﬁw* A r/‘?z’f_lfﬁ]’f—,'—%f':'&m SRS TR W T
AR R R R Rk AR R R G AT R N —

6. KB

RIPRILE et g2k 7 7 BAEFeen i { FRRR SR REF F L i&- ﬁﬁﬁ*r
% AORGEA G EE a R P LGS S f R G eT
’&j"ﬁﬁ e Bs s R AN St [%Eﬂ)‘}g S AR R KT N Wﬁi
4ﬁ&®ﬁpwi$?”ﬁ®%ﬁﬁﬂg’uﬁﬂﬂw S S R e

BlAE S adwse  BoBRIFF VBT LREH S P BF RFH -

7. HF TR SR
(1) € &R AR
QF e ML 542 TR



DR FRFERRE

(¥ =) 2011 & FAH R EFAL €
g e A

(&=~ ) The 2" International Conference on Next Generation
Information Technology

P R June 21-23, 2011

- Hilton Hott_el Gyeongju
Gyeongju, Korea

ON NETWORKED COMPUTING
AND ADVANCED INFORMATION MANAGEMENT

ot P




CEH A ERELR G




Hhthe 2
Paper presented at conference: “The 2™ International Conference on Next Generation
Information Technology”, Gyeongju, Korea, June 22, 2011

Establishing the Expert Decision-making Strategy
to Improve the TFT-LCD Quality



RAL gt pmd g SR T4

p#:2011/10/20

B €At

PE AR M ARLIAHZ BRI IEE LA AL R

PELEL g

3 F %5 99-2410-H-009-044-

gr

AR B

Ried
—a

i

h

R A RHR TR




WEREBHEFLFEFT S REL
s PR A 214 B 0 99-2410-H-009-044-
G B RELEE PICT S S &8 i ELE Nl SO s b R Rk S PR
£ K (R
A3 EREE LTS
&% 5E Fuo A R ‘%?};k'ﬁ g —J,'—:Ffv-él%\q\l%
B G (B(zRme | S 5| 5 BT 2
fegg) | EHE) #H oo = ¥
%)
IEIE 0 0 100%
. PEERGEEEL |0 0 100%
N FE
g 0 0 100%
%2 0 0 100%
v %3—\:‘ i+ 0,
s #i 0 0 100% .
C K 0 0 100%
BIR e 0 0 100% n
HAS
#1414 0 0 100% S
A 5 9 9250%
fgrabh A4 (L4 9 1 200% o
=X
(AR#) [BLumi i 0 0 100%
4 et 0 0 100%
PTEIE S 9 1 200%
R U o 2 k2 i e 0 100% f
¥m o~ F T
=i e 4 9 200%
i3 0 0 100% #/4
—3_\;1 0,
e i 0 0 100% .
: K 0 0 100%
BN (,P
" i 5 0 0 100% g
HAS
#1414 0 0 100% S
LA 0 0 100%
forg a4 [Pas 0 0 100%
A =
(H“RE) [ELimid 0 0 100% '
PRI 0 0 100%




TR N
(x2S
B hoyRIn B e B
HER L EREE
ARy Ak R
IR L A S P

R B E T
N Ny
,;IJ o )

AEE Y S B AR O E AT 0 T & B AP Sl 5 0 &
BLAEHFEE DL ARE AN FL LG 7L P e g T\Jfﬁs\l’l
PRAEARE G Rehd 22 F 2 oA BRI ﬂfz%;&? gl € e 0T R
S B B3R 0 e ] o TR TR ARAER L e v R 2 &0 B PR F] A
B AR o d AR LI E A IE M h(T S 0 TP B
B2 RFEP MBI AR E AR HROTFR > AR AR EERG L RO

L P AEPER S FEa S 2 LY IR AR A
30 A Rengt £ @R SR o
R b Rk b L Bt St xR

17‘3—"%@1‘:?954"111'?,‘5@*%4 %ﬁ‘?éﬁ“’ Ef'?ﬁ"}#mfrv T ﬁ‘b;g’a BL I
fo’?FXﬁ}’ﬁa B o 1"’]‘-& *od *&Eifﬁifﬁ#ﬂiﬁv%;#@;ﬂ R | *“fi:}ixiﬂ’b » B EA

Eb;gjﬁ,diﬁ—xmj\ﬂﬁ,}g’,j\}:ﬁ T :r;L“/\‘v %P’iﬁﬁ‘;* Z
EE L nfler o Tt R 2 #Eﬁﬁ?flﬂf? FHALFEE AR ﬁ#ﬂ‘"

Bt > ¥ HE T 2 RE H
Z M FTe 73 KT Qz{lﬁgﬁj)fé’/‘? B R =
BT 5o R EARM T E E R Y

AL E S ARPN S E R Y WA R RAKYE TR Lf\—’"za e FIER

o*f“:}j‘ng’rmFim’/‘ » A ‘Lﬁ:
6:\;L£‘f# ‘f"ﬁiﬁ

S

1

RS BRI RS AR R EE RS PRz D KA § 170 4p
B PO o R AARE AR BT
N S p £ PSP BHETHE
FRI%L 8 (5 e 0
K |afeice 0
i@ TR R A AR E 0
;%ﬁ 0
b |BrEL ER R 0
B |Fi g/ vy 0
BT IR b 0
Plerddsnnzss (RR) 4K 0




AR ERFAIFH S 58H2 74

FRELMFERFEAAPRE ESTFH IR AL AR LR
B (HEAESETRRA2Z AR B E - FFESE-HFEL27T ) A7 4§
Eagid gAY FEN AP RAE L FHBEE > - FETR o
1AL P32 R:HAAPER - EXFFH P HRERT- FETR
Wi=pik
[Jx &= p ik (GGsp - 2100 F 5 °2)
IR % % 0z
[I%lee s 5 @ %7
B3
,/‘Flg .

2. FF Ak B T A R B

we e wE Oawdes i OFERY O
B O &R O¢ ¢ H&

gk e p es? E=

#w (12100 F 5 12)

3.

;F fz?iﬁ‘é’%‘ﬁf?ﬁﬁp']%%‘ ri_g;?;,fg'}“-z » ST G
EAE RS I S AR A S ..
500 % % *2)
ALY SRR AT g R PR iy ) - R A2 P
Fenfh RIS H LG T LR HnE R G RS A RERE 4 B S
2R om WML AR E (I 6 B F § PRGN B3P0 ER R0
FAAFRI PO ES L R R F AT B E D ARl o d 3SR L AT
AL G B S PR IR 1 AR G R TR R A2
FRERGAGE G i g FE A R Y BRI EE R
FoEd o QR LG R ERE ST

FLHHART SORTEL AR A mE $eR1 RS L1 xS

Fet o fRkyss Brd@ L B2 fad G HaAln g rehie F R ARE - & &
ORI RS 2 EE o 4 R REFAPREF LR PEL TR X

PN RROF AP FRY O RFAPRLREFLREDEL AR IFL AL
FEN (LHBRFE ARG R R DR P Rk h 2 M F erf 0 @ gy
EfRLAELEEEG S TSR 2RE L O o AP F 2 ApMF e 7
BAH 2w G BN B ZERRET S AR
BIRARR "

AL SR ARP A E A Y R R RS M R IR iR B
< ¢/~§+ P EARE RS EEEI PR Y FRAFITAPE ST o 1 ALER
mfr' /ﬁrﬁiﬂ°







