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Abstract 

This research proposes a trend filters the system, that combines rough set theory, 
modifiable neural fuzzy system and grey theory, which construct multi-level broad 
sense type become perfect rough set to build, abbreviated as GVP-Rough Sets. This 
model will have timeliness, seasonality or regular materials that will utilize dust to 
predict that the theory presents the concept with dynamic trend first, and then via 
assembling and screening the system thickly, explore a group of materials of group 
which provide trend value, utilize horses to link the theory now and apply to study in 
dynamic investment combination of the stock market finally. This text is in charge of 
the angle from the wealth and collect general H of share in Hong Kong, raise the 
financial rate index of every listed company of the type stock red, and do the 
condition, decision attribute and important discrimination of degree in accordance 
with master human relations Buffett of China's theory, and then use the dust to predict 
that carry on trend prediction to every wealth newspaper attribute, then utilize 
K-means to make mathematical calculations, hive off to every attribute , then in the 
result of hiving off of every listed company, use the thick set to the classification of its 
hiding , uncertain , insufficient materials , excavate ability to filter hiving off, run in 
order to screen finely, the company with sound physique, and offer the weight of 
investment, in order to make up the best investment combination. 

Our research performance comes from simulating the investment operation 
model. Objects of study are Honk Kong enterprises in mainland subsidiaries and Hang 
Seng Index. Data collected from September to December in 2007. The simulation 
results show that Return On Investment (ROI) of six selected companies is larger than 
that of market index return. And comparing with return of investing weight allocation 
earnings and market index return, the supreme result is 32.55% from Markowitz’s 
method, the second is 28.53% from grey theory, then 28.53% from equally weight, 
and the minimum is 15.96% from Hang Seng Index in Hong Kong. Through our 
investment combination filter model, the investment achievements is superior to 
market index return obviously. 
Keyword����Grey Theory�Rough Sets Theory�K-means Clustering�Efficient 
Frontier�Portfolio Theory. 
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� l � m noD p � K ZF G b q �r K Zb q s t u �@ v ocSEED 
POINTd*s w x y z ?m n�{ � | } ~ m n`~ b �, � � 
 � �A � � �
~ m n� ~ b , � � 
 � �*3� � ~ m n� � � � � 
 � �� � �� � ~ m n

� �� � � � � b q ��s � � �, { � �� � > ^ � � b �, � � 
 � �� 	

�*s w � � � � � � � �� m nM � s � � � � � � b q ��� � � �D b �

�   3.2�  3.3¡  3.4 � ¢ £ *W� K ¤ � ¥ G b � � � ¦ �] ^ � � § ¨ �
o[ © ª« ,2001]¬ 
(?)Anderberg  ® � ¦  
¯ > � k _ � � ¦ �� � ° > � : ; ± ²  ® � � �D p � KZb ³ * 

(´)Forgy � ¦  
µ Forgy¶ 1965 · l ¸ S � �� ¹ Anderberg � � ¦ �J B : ; C � ® º

R K Z@ v �L » ¼ � ½ � @ v D ¾ � l � % � ¿ q * 
(À)Macqueen � ¦  
µMacqueen¶ 1967 · l ¸ S �J B : ; C � ® º R KZ@ v �Á Â � Ã

Ä � � Å Æ � @ v � � Ç ½ b t � ¿ q *È ² z ?Z� � �l � b t s � { � �

�* 
(�)Kaufman � ¦  
µ Kaufman� Rousseeuw¶ 1990 · l ¸ S �� ¥ b � � ¤ � T É ¶Ê Ë �

% @ v � º R�� � K @ b � Ì Í Î � * 
?Ï T ¢ �f g � A � : ; D b � Ð � ¦ D ��ÑÒ ¬D p � �Ó Ô � �Õ

Ö × Ø �Ù v × Ø � D b � ¦ *K-means Ð � ¦ > Ú ¶D p � D b � ¦ �] ^ >
A s t oÛ> �t o�× Ø � � � �� : ; b Ü Ý Þ D b �ß �� b Ü � � % o

M ?� > b ¿ �� ?o�l A � A `à � � á â § Î � � ã b ¿ �\> ?Zj k

ä å æç è Í � _ � : ; D b � ¦ * 
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2 3.3 ? @ A ; �: B C > 

 
  3.4 z ?é � s w �l � b q D ¾ Ì 5 s � { � ?é * 

��������� 	 
 � �  � � � � � � �� 	 
 � �  � � � � � � �� 	 
 � �  � � � � � � �� 	 
 � �  � � � � � � � (ANFIS) 
(?)ANFIS ê ë  
� ì  � Ò í È î ï � ð ñ ¡ò ó ô �`A K � ªõ ö �÷ Í �  � ø

��ù ú � T ¢ �û ü ?ý þ � � � �� 4 ^ 8 9 ��� ì  � Ò í È î ï � �

o � � � � 	 � 
 � �  *W`ð ñ � W � �Ò í È ð ñ � ?� �  �> \4 5

�K � �  � Ò � �� � f g M � � _ � w � � j � � � � � � � � *ß �¯ ý

� � � �  �� ì  � Ò í È î ï � A Í � Ç � � _ ` � � �¤ � � ! a ! ¡

�  " �à @ � � _ ² # �* 
`nªö ��f g � $ % � ë & � ì  � Ò í È î ï �\`ù ú � " � ¶�

' ( ) * + ,-ANFIS.� % > #� ì � A Ò í È î ï �× Ø � � ' ( ) * + $�
Û> #� ì � Ò í È î ï � ' ( ) * + $*nª��� / � � 0 � D 1 � � q �

T 2 3 � 4 ANFIS ð ñ �#Sugeno$¡#Tsukamoto$� ' � � � 5 6 ò ó ô
�,7 � 8 9 ` : � � ] ^ �  § � ; < × Ò í È î ï (the Radial Basis Function 
Network,RBFN)`ù ú � " = ¶ ANFIS�� Sugeno � ' ! ) *ANFIS� 5 6
ò ó ô �� ç è � � _ ��� ± ² A § �Z� > � ? v T @  8 9 ¬ 
1. � 4 ?Z´ � � sinc � � * 
2. � 4 ?ZÀZ A � � j B �� � �¯ > � � � ' � � � _ C � ?Z× n� � * 
3. 1 D � 0 � �E B � �  * + �j B � ³ �* 
4. � � Mackey-Glass � 5 F C Y Ä ¨ * 

8 9 ð � G H ANFIS | k � � + { � � � A � ç è � Í � _ � I à ò J 7
K L � ¸ S ü K M � Ò í È î ï ð ñ * 
(´)ANFIS ð ñ ¢ £  
N O `� ' ( ) * + § �¹ P � Q Z A � x¡ yæ� ?Z A S z�y ?Ó �

Sugeno � ' � � T ¢ �`?Ï � ô �q 6 ��� § ¨ Q Z if-then � � ' ô �¬ 
1.3 x� A1æ y� B1� 
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� 1 1 1 1f p x q y r= + +  (3.3.1) 

2.3 x� A2æ y� B2� 

� 2 2 2 2f p x q y r= + +  (3.3.2) 

`  3.5(a)��A   1 � � T � ñ ¯ Z Sugeno � � � " = � ANFIS ð ñ �
% H `  3.5(b)��`z ?ZÓ Ô � �o�� K M � � � �ø � � § ¬ 

 
  3.5 (a) Q Zô � Q Z A � ?Ó Sugeno � �  

 
  3.5 (b) " = � ANFIS ð ñ  

(1)`rÓ Ô � z Z�o i�?ZI � �o � � � � ì  � �o 

( ) oriforxO
iAil ,2,1,, == µ  (3.3.5) 

( ) 4,3,
2, ==
−

iforyO
iBil µ  (3.3.5) 

� ��xÛ y��o i � Q Z A � R � �æ iAÛ 2iB
−
�Ê ð r�o� S � T !

( ? � ”Ñ”Û”	”)�U V � ¢ � ,l iO �� ' q 6 A 1 2 1 2( , , )A A B orB= � W Ú Ô X �\

Y Ü � � ` Z � � A � xÛ yæ6 7 S � T ! A � Ó Ô �`r A � W Ú � � �

A Í � [ � § � ? � ?Ï � \ � � � �¬ 

2

1
( ) ,

1
A b

i

i

x
x c

a

µ =
−

+
 

(3.3.6) 
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� ��{ , , }i i ia b c �� � q 6 �ö ¯ ý � � ) � R C �� \ � � � ] ^ ¼ K y

� � R �ß r�y ¶� ' q 6 A T ¢ �¯ ý � � � % W Ú � � � R �� � �`

rÓ Ô � � � � % - K _ � � .* 

(2)`rÓ Ô � z Z�o� ` � � �o T ! Π�\� A S �l � A �  ! l a b
� ð � ¬ 

2, ( ) ( ), 1,2.
i ii i A BO w x y iµ µ= = = (3.3.7) 

z Z�o� A S � % ?Zô �� c s �?Ï W � �`rÓ Ô � d 0 � � T-

Ò � e Þ � ' AND � � � C �� A Í _ T ö �?Z�o � � * 

(3)`rÓ Ô � z Z�o� ` � � �o T ! N�` f iZ�o�{ � f iZ�oô
�� c s K y ¶ g h ô � c s i 6 , | j ¬ 

3 ,
1 2

, 1, 2 .i
i i

w
O w i

w w
= = =

+  
(3.3.8) 

�ü��¢£�`r Ó Ô �A S f g u �- ô � c s � k ô � . * 
(4)`r Ó Ô �z Z � o i�I � � o � � �� ì  � � o ¬ 

4 , ( ) ,i i i i i i iO w f w p x q y r= = + +  (3.3.9) 

��� iw �Ó Ô 3 l { � S T � k ô � ô � c s �æ{ , , }i i ip q r �¯ Z � o �

� � q 6 �`¯ Z Ó Ô �� � % H �- ð � � � . * 

(5)`r Ó Ô �  ! � o � ` � � � o T ! Σ�̄ l { � l � A �  ! � i 6 � �

gh �A S ¬ 

5,1
i ii

i ii
ii

w f
overall output O w f

w
= = =

∑∑ ∑
 (3.3.10) 

ß r �f g l � ñ �� ì � Ò í È î ï �`ù ú � � " ¶ Sugeno � ' � ��
Wæ¯ Z � ì � Ò í È î ï �ð ñ L M > � ?�,f g � Að 6 Ó Ô (3)¡Ó Ô (4)
T @  m � �Z Ó Ô �� ì � Ò í È î ï �  3.6 �r Ò �� ANFIS ð ñ �`
| } � n � ? v ��f g o � � A� gh �Ò í È î ï �p q �I � K � � � q

� r ?� ì  � � o ,s £ G t �� o �¾ _ ¡z Z Ó Ô � e Þ �� u [ æ� v

w � �ù ú � * 
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  3.6 Sugeno � ' � �� ANFIS ð ñ �̀ r c s � v w � `� � ?Z Ó Ô e Þ * 

B Sugeno ANFIS� Tsukamoto ANFIS� x y > s ê r �� �   3.7 l H �

��z Z ô � �A S ( , 1,2)if i = > » µ W Ú � � ¡ô � c s z � �T W { S T �

y¶ µ MAX-MIN l ñ � � Mamdani � ' ( ) * + T ¢�3 � | �½ M ) Í _
T � } ` ~ t � � D �� K � � ANFIS � AÍ � ñ * � W�ð � G H Mamdani 
ANFIS > | Sugeno ANFISÛ Tsukamoto ANFIS � � w � ��� > �AMax-Min
³ � �Mamdani ANFIS , ð ñ ¡{ � l � � � � w � � �M � � I � ã �ò ó
ú � Û½ M � *3 f g � { AA S - � i ³ � ¡~ t 1 � ' � �Mamdani � ' �
�� K � � ANFIS � A � 0 � �Í ñ � * 

± ² ¯ Z � � �¢£�ß � Sugeno � ' � ��± £Ö ¡ � � �f g � q �
`?Ó Sugeno � ' � �� ANFIS ð ñ * 

 
  3.7 (a) Q A � ¡ Q ô � � Tsukamoto � ' � � 

 
  3.7 (b)"= � ANFIS ð ñ  

 
  3.8 (a) � � Z ô � � Q A � ?Ó Sugeno � ' � �, ANFIS ð ñ  
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  3.8 (b) Í � D � � Z � ' 1 � �A � X Y 

  3.8(a)�I � � Z ô � � Q A � ?Ó Sugeno � ' � �, ANFIS ð ñ ��
��z Z A � N O � ÀZ � 6 � W Ú � � (MFs)�  3.8(b)¢£ � 0 � ´ � �A
� X YD p � � Z s � �� ' 1 � �z Z 1 � > » µ � ' � if-then ô � T �  ,
U V � ¢�?Z ô � � N O ° > ?Z � ' 1 � �WÇ § A S � h D � � � `r 1

� � *Ç § T f g � ¢£� � 0 � _ 5 6 ò ó ô � * + T : � ANFIS�� � * 
(À) 5 6 ò ó ô � * + (Hybrid Learning Algorithms) 
B  3.5(b)� ANFIS ð ñ ��f g � A � � �ö K _ � � �� ) ` � C�g

h �A S � AÍ % H �ð � � � � B � ³ 6 �¯ � ( `  3.5(b)�A S f � AÍ

� � �¬

 

1 2
1 2

1 2 1 2

1 1 1 1 2 2 2 2

1 1 1 1 1 1 2 2 2 2 2 2

( ) ( )

( ) ( ) ( ) ( ) ( ) ( ) ,

w w
f f f

w w w w

w px qy r w px q y r

wx p wyq w r wx p wyq w r

= +
+ +

= + + + + +

= + + + + +

(3.3.11) 

���ð � � � 1 1 1 2 2 2, , , , ,p q r p q r � B � ³ 6 �µ ¯ ý � � ) f g � A �¬ 

S=gh � � �q 6 � 
S1=K _ ( j B � ) � � �q 6 � 
S2=ð � ( B � ) � � �q 6 * 
� £ : �T ¢�5 6 ò ó ô � * + �Ã < ï ; �� o A S ? � � < K ( ) �

� f �Ó Ô ¡ð � � � Ì > » µ � 	 
 �¦ T { � ,` � � � ï ; ��� � P !

< � � � ¡K _ � � �� > » µ � Ö § � ò ó ¦ T � � �% 3.1¢£üz @ � �
� $ % � 0 * 

% 3.1 ANFIS� 5 6 ò ó * + , Q @ � � ��  

 Ã < ï ;  � � � ï ;  

K _ � �  ` �  � Ö § � ò ó ¦  

ð � � �  � 	 
 � � { ¦  ` �  

� � P !  � o A S  � � P !  

ð � � � > `K _ � � ` � �8 9 § l ( ) S T �ß r �ANFIS � 5 6 �
ò ó ¦ � �3 � �¡à Ô Ò í È î ï ç è � _ � v w � � � �¦ � | } ��  N

K J �� � � Ö � } � J � *ß r �f g 4 5 Î � D 1 � � q �� ú � �y

Tsukamoto ANFIS T ¢�3 z Z ô � `ð ñ h   � W Ú � � �� A_ I � Q Z ð
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� � � �D � B � ½ M T � } � � �D 1 � � q > � Í �� �* 

��������� � � � �� � � � �� � � � �� � � � �  
(?) ¡ q 6 ! ) �× Ø N O  
× Ø N O ¬) � cUd�z ?Z ¢ £ cXd� & ý : P> � ¤ � �*¥ ? W � �

N O f g � ^ ¦ § ¨ © : ; C �& ý ¨ © | j ¡ ª « = ) � ¬ � ¤ / �� ¨ © :

; C �� ¨ © | j : ; �f g u , � ) � cUd�� K ¤ : P> µ �  ª « � ¨
© Þ �¡ = ) ' ( ³ 6 W� ,) � cUd��  ª « � > f g l u � ¢ £ cXd* 
(´) ¡ q 6 , ¢ £ YM � � E ¤ / ! )  
® k ` K � � � _ �: P§ �� ¢ £ cXd�' ( ¯ ` I à K M � �W`:

P�° Y M 7 § ± ² ³ ¦ � E ¢ £ cXdY�� ´ � *� W�` ¡ q 6 �! ) ×
Ø § y¶ � ¢ £ �M � � E ¤ / cIndiscernibilityd� Z µ ?Z 6 ! �q b ¤ / �
¶ _ ¤ � % Z µ ?Z · ö �D Ò *» r ! ) � - ¸ ) � cUd� ¢ £ q 6 �Ú �
� ¹ ¡Ú � Y º » # Ö L ¼ q à Æ �Ú � * 
(À) : P * +  

: P * +  ),,,( qq fVRUS = � [ � § ¬ 
:U � [ � ) � q 6 , 
:R � % Ü Ú � �q 6 , 

DCR ∪= �C � [ �q 6 �8 9 Ú � �D � [ �q 6 ��¤ � Ú � , 
qVRq ,∈ u � q�� [ � , 

qf �: P � � , qVU →  
¢ £ cXd¬� Í 1 D �Z ½ � ¾ â � ¿ # ��m � � � : ; À", 
Ú � (C&D): � Í 1 D �' Á �R � ¡' ( 8 9 *?9 ' Â �: P * + Z ½ D

Â u �¤ � %ÛÚ � = ) %,`¤ � %�¨ ¡Þ D Â � % ¢ £ ¡Ú � * 
(�)�½ M �§ ½ M q 6 � Ã Ä q 6  
¸ Å b Æ ��: ; ® k ¯ � & ý M Ç : �I ' � h D ��  � ¢ £ cXdY

K È É Ê W a b M � � E (IND(B))*M � � E > � `8 9 Ú � q 6 § Q Z Û Q Z
A�Ú ¶ M � ¤ � @ Ò � ¢ £ Ë A � E � ¤ / Û� ´ u , ,̄ l �¤ � %Í u �

M � � E ¤ � %*� W�¡ q 6 ! ) ��½ M q 6 ��] ^ �ù ú � > `a ! ¢

£ Y�M � � E � * 

UXfVRUS qq ⊆= ���),,,(  (3.4.1) 

W
−R ¡

−
R D Â � [ � X��½ M ¡§ ½ M ¬ 

}{ ,:)(/)( φ≠∈=− XYBINDUYXR ∩∪  (3.4.2) 
( ){ } ,:/)( XYBINDUYXR ⊆∈=

−
∪  (3.4.3) 

¯ l � )(/ BINDU % H R�"= Ò , )( BIND u � R�M � � E ¤ / ���
[ � § ¬ 

( ){
( ) ( )}yaxaRaeveryfor

UyxBIND

=∈

∈=

,:
,)( 2

 (3.4.4) 
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��§ ½ M q 6 D Â % H ¬� _ Ú � q 6 RC� XR _ � %` Y ¤ � § #�

g$Í D Ò �" Ò � X ¢ £ q 6 � XR − � %`l � Y ¤ � § #� � ú $Í D Ò
�" Ò � X ¢ £ q 6 * 

)_()()( XRXRXBnr −=
−

 (3.4.1) 
u� X �ÃÄ q 6* 

(+)��§ ½ M q 6� w : Ö 
w : Ö] ^ >` 1 D A R"= Ò D ¾ �½ M q 6�q 6� X ¢ £ > Ì Í k :

�D Ò *� � )( RBα Ç ½ 1 � %D Ò ¡ ¤ � %> K ö? Í ��Ú � q 6 R Î _ 

ö*    

))((

))_((
)(

i

i
B XRcard

XRcard
R

−∑
∑

=α

 (3.4.1) 

��������� � � � �� � � � �� � � � �� � � � � (Grey Relational Analysis) 
�¤� D E �� y� Á * + ß £ , Y �- . � Ï Ý Þ � Ð | } D E �\ >?

@Á Â ß £ ¡ ß £ , Y - . Ñ Ò � K M Û K ´ #Öc¤� ÖdT Ó Ð ß £ Y ¤�

#Ö�� ¦ �Ô * + � ¤ß £ Y �� @¤ / �?? Õ ¸ S T �ö Ö * + ¤ � ��

� �  ¸ × � _  Ø �| } � Ù � º Â �̄ @D E � �� � � Á * + � � ß £ Y

�¤ / Ú Û � *�¤� D E # Ä � A W { � § � Z � Ü Ý 

 

  3.9 �¤� D E # Ä  

(?) � Â ¨ : �  
y Þ � * + Ý Þ �¤� D E C �5 J : � ú % ¸ * + ' ( , � Â ¨ �� Â ¨

�R � ¦ � Q @Ý1. � Ç ¦ �2. Y Ç ¦ * 
(´) � Â ¨ %H 

� Â ¨ Ý1. C Y Ä ¨  2. � v Ä ¨  3. X Y Ä ¨ * 
(À) � Â ¨ �a !  

Ý Þ �¤� D E C k� y� Â ¨ Ý Þ a ! �k_ , a ! � � � ß Ý 
1. C Y � ¨ Ý ¥ )� �� 	 )� �� Ñ )� �
 à )� �1 Y )� * 
2. j C Y Ä ¨ Ý � v 1 Y )� �ô ?� * 
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(�) | } � ¨ �� ¹ � ¨ : �  
Ý Þ �¤� D E C 4 5 J : � � ¹ � ¨ �á | } �� � ¨ ¡ � ¹ � ¨ , Ç ½

#Ö* � r� â ú y| } � ¨ Ý Þ | } �Ý W� S ã ä * 
(+)�¤� / � (Grey Relational Coefficient) { �  

A �¤� / � { � �� �>� | } � ¨ ¡ � ¹ � ¨ ` � o , �¤� / �

)�W å ¿ æ l � [ , �¤� / � �¬ 

min. max.

max.

( ( ), ( )) .
( )i j

oi

x k x k
k

ζγ ζ
∆ + ∆=
∆ + ∆  

(3.5.1) 

��� 1,2,..., ; 1,2,...,i m k n j I= = ∈ � 0x �� ¹ Ä ¨ � ix �?' � , | }

Ä ¨ * 

0 ( ) ( )o i ix k x k∆ = −  (3.5.2) 

� 0x � ix , Y f k Z � � ç y)� 

min min

min 0 ( ) ( )j i k jx k x k∈∆ = ∀ ∀ − � (3.5.3) 

max max

max 0 ( ) ( )j i k jx k x k∈∆ = ∀ ∀ − � (3.5.4) 

ζ � � E / � æ [0,1]ζ ∈ * 

(è)�¤� ÖcGrey Relational Graded{ �  

�¤� / � { � �� , : P ² ¶ D | *ßr�� 4 ^ � ¤� / � q �% ¸

` ?Z � )��� �¤� Ö*öé�¤� / � ��� + � �c å ¿ æd>R �

¤� / � �
 à )��¤� Ö* 

1

1
( , ) ( ( ), ( )).

n

i j i j
k

x x x k x k
n

γ γ
=

= ∑
 

(3.5.5) 

�W` Å ê� * + ��� Z ßv y * + �s^ #ÖLM � � g K � �ßr

f g k ë � Z ßv �csM K "� Å êáì� x y ����¤� Ö�� [ � 

1

( , ) * ( ( ), ( )).
n

i j k i j
k

x x x k x kγ β γ
=

=∑
 

(3.5.6) 

�� kβ %Hßv k �k Ï � cs�µ � _ J ¤ � �4 5 6 7
1

1
n

k
k

β
=

=∑ * 

(í)�¤� Ä (Grey Relational Ordinal)  

y� ¹ � ¨ 0x ¡ | } � ¨ ( 1, 2,..., )ix i m= �¤� ÖD Â � ( 1, 2,..., )i i mγ = ��

Ñ 	 Ý Þ î Ä �� �¤� Ä (Grey Relational Ordinal)* 

3 0 0( , ) ( , )i jx x x xγ γ≥ �� u ix y 0x �¤� ÖÑ ¶ jx y 0x �¤� Ö�æ %H�
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 ���� � ����������� � � � � � �  ! " # $ % % 95%

 

i jx x� * 

������������������������(Markowitz) 
ï : ³ 6 ! )ð G ¶ ñòó È ô ò õ  ] ö÷øùMarkowitz(1952) � 
 à

� ? R ´ � K ú (Mean-variance Portfolio Model)�( û ü ý �þ89) ¯ Z K ú � % `

?Z ÷ N � ï : ³ 6 � ��� , § �� A � � � � � R ´ � , ï : ³ 6*l � �

` � � R ´ � K ú B � � ï : ³ 6�� × � � ã � � � ¡ �� ³ 6 � º � * Ü

� � R ´ � � ï : ³ 6 � Ê B �u , � � j K ú cefficient frontierd( 	 
 � �
2000)*� ! ) ] ^ e × ¶ § ¨ + � N O - . W� ¬ 
(?)ï : J  � ¨ � � à � � �æ � � _ � ¨ � � � � *� � ¨ � � Ã ê � _ �

q�?Ï ® k N � ï : � Y � ?��ß � à � � D E á â �̀ D E � K ö �

�*r � �µ ¶ ¨ � ¡ ï : �� j � ¤ / K ö Õ � �ß r f g � A ¢ ï : J

� � _ � �� j � � � * � ! �� y �� j � Ã ê � _ � q* 
(´)ï : J ú � J N O ï : �� j � ® j D ¾ � k Ï D ¾ * 
(À)ï : � � A �� j , R ´ � Û v w � T % H * 
(�)ï : J  � � � _ , �� )� � Ñ �Wr ? � _ , �� )> �� �� j ¡ �

� , � � *ß r � � ï : ¤ � � ] ^ R � � �� �� j ¡ � � Q � * 
(+) � � ] � F � � � � ¬� ` � ? � � � w § ï : J  � �� j � � � � �W

` � ?ï : �� j � w § �ï : J  � � � � 	 � � * 
� � + � � ö÷øù(Markowitz)ï : ³ 6 ! ) � ] ^ N O ( � � � �þ86, 

! " �þ89�pp6-7)* ¶ _ ö÷øù(Markowitz) , ´é ô # ¦ é S � j ï : ³ 6

� % c � , Wi)�B W¤ � S � j K ú *× n � ¤ / � � � � _ � � R � � �

� � ò � � � § : 

Max  

2(1 ) ( )p pL E Rλ λσ= − −  ; 0 1λ≤ ≤  (3.6.2) 

S.T. 

1 1

( )
n n

p i j i j
i j

V a r R W W σ
= =

= ∑ ∑
 

(3.6.2) 

1

( ) ( )
n

p i i
i

E R W E R
=

= ∑
 

(3.6.3) 

1

1
n

i
i

W
=

=∑
 

(3.6.4) 

n ��������	
 � i=1,2------n ����� 	� ����Ri � �
�i � ��� � � � �Wi � � � i � ��� � � � � � 	� ����� � � �

�
1

n

p i i
i

R W R
=

= ∑ �� ! " 	� � E(Rp)�# $ % & ' 	( 2
pσ # $ % ) * 	+ ,

- ��. # / 0 1 	2 3 4 5 6 7 $ 8 9 :; < 2
pσ = > ?@
 � ! > 	� �
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E(Rp)�# $ % ) * 	+ , - ��. # / � � 	( 2
pσ # $ % & ' 	2 3 4 5 6 7

$ 8 9 :; < E(Rp) �= " ?�A B 	C $ D E F G  ?	H I ; J K � L M N
O P ����� ��� Q � 

 

R3.10 K � L M  

S N RI :T U 	V W K � L M N � ��X B	YA� Z [ � \ ] � � � 	
^ - 0 1 _ � A`@:C(a 	\ ] � � � � Ab	^ - 0 1 _ YAZ [ � 

 

��������� � � � � � 	 
 � �  � �� � � � � � 	 
 � �  � �� � � � � � 	 
 � �  � �� � � � � � 	 
 � �  � �  

��������� � � � � � 	� � � � � � 	� � � � � � 	� � � � � � 	  

 

R 4.1 G c d e f �\ g h i j k l m R 





����� � � � � � � �� � � � � � � �� � � � � � � �� � � � � � � �  
() n o p q � 7 r 	s f Z t �u v w x y �� �z { � 
(|) } o 7 r � ~ � YZ t � % 	� � � � \ ] � � � Y� � � 9 � ?� 
(�) � 7 r YZ t � % � � � n � �z � � 

�����

� � �

��	 
 �

� � �� �

��������	
��������	
��������	
��������	
����

� � �

� � � �

� � � � �

� � ��

� � �

� � �� � � �

� � �  

! � " # �

$ �

� % �

& ' �

�( ) �

* + ,

� - �

��

. / �
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(�) � � � � n � �z � � � G c d e f �h i � 
(�) � 9 K-Means � � � � � G c d e f �h i � � � G c � � �z � � 6 ?
� � 	� � � � �z � � � e f �  w � 

(¡)�����(Significance) � ��	
�� 
(¢) �  ��� ���� 
(£)����
�� 
(¤)�� DGVPRS-Model����� 
(¥)��  ! " # $ % &' ()-*�(%)+,-./ ()-*�(%)012
3 0 45678��� 

(¥):¦ § L �] ( ¨ ©) § � � � � ª « ¬  ® (1952) � ¯ °6 F ± 6 L M � 

����������������������������� �� �� �� � 	 
 �	 
 �	 
 �	 
 � ���� � � � � ���� 
9: ; <=> ? @ABCD EF G F H K-means � I J K &=��L M N

OEP�Q R �  S T U V MATLABWBX�  @AYR Z EBC7S �[
\] 5[ ^ �_`a �b 8��@A�c �d e<> ? D f g`h � I Ei �

=��NO��j @k �&l �m n �Y��o 
�p�=��q ���r�

���45_`a �b 8��sYEr����W�t ��u v w ���
�

�x y �	Ezr����q ���_`sY{|}~� � �&� v �� 

 

��������� � � �� � � �� � � �� � � �  

G c d e f �\ g h i � � ² � 	- :³ ´ H�µ ¶ · § N ¸ ¹ º � � h i

� � » 9 (XR 5.1)�¼ ½ ¾ :U � � ¿ À ÁÂ Ã � � z { (TEJ)	Ä � ½ ¾ Å ¼

� z Æ Ç � 
� � � 7 $ 3 � Èg É G c d e f �\ g h i � � 9 � ? 	- :G c d e f �Ê

� ËÌ Í f �Î   w � � � � 4 � � � � � 	:� � � �Ï K � � ? Ä � h i �

9 � ? Ð Ñ � 



98  �������� 	 
�2008� 6� 
 

 

��������� � � �� � � �� � � �� � � �  

 
� 5.1 : ; <=�> ? @ABC� R � 





����� � � � � �� � � � � �� � � � � �� � � � � �  
()�2005�2007-��� f �(% �s� -g h̀ �17e�	
��4e��

��1e���
����TG-Rough Sets Model�ÒÓ2005/12�2006/06�
2006/12�2007/12Ô4 ] Õ ©� Ï K Ö 4 � � � �G c \ g �¼ h i d \ g -

:× Ø 4 ] Õ ©� � z � Ù ? ÓÚ Æ � 5 ] Õ ©� � � \ g (X�5.1)� 

� 5.1 � �� z Û � � Ü ÝÞ ß à R 

2 3 4 5  
 ��' 6 7 8  

2005/07~2005/12 1  
2006/01~2006/06 2  
2006/07~2006/12 3  
2007/01~2007/06 4  
2007/07~2007/12 5 ��9 2007/12 : �; < =  

(|)�Ú Æ � 5 ] Õ ©� � �� z Ê � 17 Pá â � %ã ä ? å 9 K-means � �

� � � � 6 ? � � (XR 5.2)� 

������ � � 	


�� �  � � � �

� � � �� � � � � 
����� 

��������	
�������������	
�������������	
�������������	
����� 

��������  

	 
 � � 

� � � �  � � � � � �  K-means � � � �  

� � 	 
 � (ROE) 

� � � 	 
 �� �  �  

� � 	  � 
 �� �  

� � � � � �  !

" # � $ % - & '
(%) ( ) * + ,� -
& ' (%)-. / 0 0� 

� �  ! � �  

�" #  

�$ #  

� � � � � �� � � � � �� � � � � �� � � � � �  
��������& 
� � � �� � � �� � � �� � � � & 
Markowitz � � �	 
 � � 	  � � � � �� � �	 
 � � 	  � � � � �� � �	 
 � � 	  � � � � �� � �	 
 � � 	  � � � � �  

	� � � � �	� � � � �	� � � � �	� � � � �  

� �  � � � � � � � � �� �  � � � � � � � � �� �  � � � � � � � � �� �  � � � � � � � � �  
 

 � � � � �  ! � " # � � � � �  ! � " # � � � � �  ! � " # � � � � �  ! � " #  
 

% & ' ( )  
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(�) æ ç ( � %) è é - e f �ê ë � ì í î ï � 	¼ ½ ¾ :n � � %ð ñ á â

� %� m ò	Æ Ä � ó & á â � %� ð ô 	+ , - õ ö ÷ � ø � á â Yn �

� %Ý� # $ %	� � ù �# $ %ú ` � � %û ü ó ý �½ ¾ :# $ %� þ

� � 0.2	Á× # $ òó & á â � %S 17 P � � 12 P(XR 5.3)� 
(�)��=��NO9�����/E�{�9� �(Noise)|P}~� � Y�
�E���o �� �   ��WE5¡ ¢ �£¤¥\¦§9@AW¨ �¡ �

�� ���Y© ª (Relative classification error)E«¬� 5Y��� ��
�&®Y��� ����                     

(�)P��¯°@k NOWY¬± Z �¯°@k ² O³�(ANFIS)É 45��

��
�YQ }Eµ ��¶· � `¸³�(UIS)WY¹ º��
�E��
57º»��Y��
�E¼�½Y¾¿ �¢ ���=��NOWE��


�1À XÁ Â ÃYÄ Å(Æ� 5.4)� 
(¡)��\¦§BCY@AE��j Yr����(POSp)�®Yr����

(NEGn)�Y'����(UPPp)�®Y'����(UPPn) &�   ��E|
\¦§�Yr����(POSp)5_`sY(Æ� 5.5)� 

(Ç)6ÈÉ Ê =��YË · �&`h ² OE� Ì  �Í 7Î > ? Ã K-means � Ï I
�KÐ3�� ÑI �KÐ4� h̀ q Ò Ó �'�����r ����&�   �
�� Ì 6È`h �² O� 

(Ô)�É Ê =��WYr����E��  ! " Õ' ()-*�(%)+,-.
/ () -*�(%)1./2 3 06È678��� 

(Ö)�× �ØÑ ( Ù -)�Ú gÛ % 4Ü ¬Ý Þ ß % Øà 0 1 Y� � � �� w

xEp&<á â ³ã ä G Y å̀ æ �ç è �+é æ Y`å ç è 	Ä � p q �

� � � � h " > �� � 4 � � � Y� � 4 � � � # ß à �� D [ � � ß à Ë

� � � �� � � � � ± m ò� 
(ê)�� ëì /ÅEp6Èí î @ï _`� 

 

R 5.2 K-means � � � � 6 ? � �  
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R 5.3 O á â � %� # $ % 

 

� 5.4 ¬± Z �¯°@k ² O³� 

 
� 5.5 ð ñ Z ò ó Ë Rough SetNOô  õ ö  
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����� � � �� � � �� � � �� � � �  
() � z 	 ë  
í ÷ Yõ ö øù ú Ã�R�9 K-Means � 5ÑI /û � )ü ý Y=��Ë ·

�(Æþ 5.2)Eq �9 h̀ � I '¾�� KÐ4�� I õ ö 6È=����� 
þ 5.2 <=��@A�Ë · � 

K-Means � �  
2007 © 12
 

K=3 K=4 

� } ò 0.28261 1 

h � ò 0.71739 0 

(�)@ï _ à �&2 � �_ �̀ ß () 

� � � �T U 	W � Ù � � h  ] Ý	¼ ½ ¾ G c d e f \ g h i   w � ¡

� ¹ º 	� � � � � � � � � � � � b � 20.23%�� � � � 22.5%�Ê � � � �

�39.35%�Ê � � G 30.09%�Ê � � � 37.87%�Ê � � ! " 18.67% # bW "

$	%& � � � # ß à Î J � � � Y" $ Z ú Ë	« I  ® ' b32.55%(X�

5.5)	d t ( ) * � 28.53%(X�5.4)	 � * � °�28.53%(X�5.3)	 ' ` � ³ ´

+ , Ö 6 15.96%� 
�5.3 °�� # ß à � � � � �Ï K � ú  

��������	2007
 9��12� 
 � ( � � ) 

� �  � � � � � � � � � � � � 

� � � � � (0576) 16.67% 20.23% 3.37% 

� � �  ( 0 8 3 6 ) 16.67% 22.50% 3.75% 

! " # $ % & (0883) 16.67% 39.35% 6.56% 

! " ' ( ( 0 9 4 1 ) 16.67% 30.09% 5.02% 

! " ) � ( 1 0 8 8 ) 16.67% 37.87% 6.31% 

! # & * + , (2883) 16.67% 18.67% 3.11% 

28.12% 

- . / 0 ( H S I ) 100% 15.96% 15.96% 15.96% 

�5.4 d t ( ) � # ß à � � � � �Ï K � ú  
��������	2007
 9��12� 

 � ( � � ) 
� �  � � � � � � � � � � � � 

� � � � � (0576) 9.52% 20.23% 1.93% 

� � �  ( 0 8 3 6 ) 19.05% 22.50% 4.29% 

! " # $ % & (0883) 14.29% 39.35% 5.62% 

! " ' ( ( 0 9 4 1 ) 4.76% 30.09% 1.43% 

! " ) � ( 1 0 8 8 ) 28.57% 37.87% 10.82% 

! # & * + , (2883) 23.81% 18.67% 4.44% 

28.53% 

- . / 0 ( H S I ) 100% 15.96% 15.96% 15.96% 
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�5.5 « I  ® � # ß à � � � � �Ï K � ú  
��������	2007
 9��12� 

 � ( � � ) 
� �  � � � � � � � � � � � � 

� � � � � (0576) 0.00% 20.23% 0.00% 

� � �  ( 0 8 3 6 ) 5.35% 22.50% 1.20% 

! " # $ % & (0883) 10.58% 39.35% 4.16% 

! " ' ( ( 0 9 4 1 ) 59.73% 30.09% 17.97% 

! " ) � ( 1 0 8 8 ) 24.34% 37.87% 9.22% 

! # & * + , (2883) 0.00% 18.67% 0.00% 

32.55% 

- . / 0 ( H S I ) 100% 15.96% 15.96% 15.96% 

- �N . � � ± � ú 	G c d e f �\ g h i Y¯ °6 F ± 6 L M � � �

ß à / 0 	 1 � ú 2 � � � �Ï K :Ä � ³ ´ § ¸ ' � � � � �(XR5.6)� 

 

R5.6 « I  ® � � � Ï K � ú  

 

��������� �� �� �� �  

3 9 4 5 0 F 6 � G c d e f �\ g h i I 7 � \ g � � �%� �" f �

YF 8 	� � . I y Ü 9 Ã � � 4 � Y : 1 ; b� � n � < = Y� � Ï K 	vY

¯ °6 F ± 6 L M � � � ß à / 0 � � :Ë > Þ ã %È  
�G c d e f �\ g h i [ Ü ? � e f �h i Ê � %ó & � @ ç Yd � �\

g A B C � 
|�¼ h i D n E F G e f �� H þ � ? � I r 	vÁ� # $ òó & D J $ �

K u 	� h i 9 C 6 �   w � L= ¹ º � 
��& ¯ °6 F ± 6 L M � � J æ � � ¹ º  � 6 M � M - ) * � : 0 1 %	

% � � � NO P Q R b� I C � 
��W ³ ´ § ¸ å � �å S � T ] � � U�Ë	¼ h i   w � � � � � V W L

W " $@ÁG c d e f �\ g h i X X   w Ë	� �¯ °6 F ± 6 L M

� � � ß à / 0 	 1 � ú 2 � � � � �Ï K � 
�� Y Z [ Ñ O \ f Ýt ( %	y 9 W } o % ] D } o % ^ G � z 	 ? � � z
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p _ �� u \ ` B C � 
¡�B h 0 I » 9 a b Z � � 4 c 	Q X� � : 1 � d e G c f g h Ñ h 0 j

H�, c i j � � �ã k l m n T � \ g Y� � oA / p 	� z � q r � 	

h i j k é s � t u � 

 

� � � �� � � �� � � �� � � �  

v w x y2003 z { å9ef�ë\g|}~��9���	� ¿ � � " � � Ù d

e ^ ¾ Î � � ë�� 
� � � � � � � � � � � 	1996	{ d � � q � þ �	b H � � � 
� � �  (1996)	 � � % Ü Ý 6 � � � � Ý � h � � · ½ ¾ 	�� O ½ ¾ � � � 
� " �� ½ ¾ Êí 	{ � � � q +Matlab » 9�	 g � � � R � � 
�   � y2003 z {  � ¡ �i � ¢ 8 0 ö ÷ È£ A ¢ ÷ ¤ � ¥ è ¦ f�êë�§

� � Ù " � � u ¨ ê � ^ ¾ Î � � ë�� 
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