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Gutman 1982

(Gutman, 1982)  

(Klenosky, Gengler and Mulvey, 
1993)  
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粘N-gram粘 Word-based

粘N-gram 粘
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2.2.1  
 
N-gram

(Natural language processing)

N-1 
(Markov Model) (Manning,Christopher 
D.and Schutze,Hinrich,1999)

粘N粘

粘N粘 粘2粘

粘 粘N-gram 
粘Uni-gram( )

Bi-gram( ) 粘

 
N-gram

粘

粘

2.2.2  
 

 
TF-IDF
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(Term Frequency,TF)
(Inverse Document 
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(1) TF (Term Frequency)： 
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(2) IDF (Inverse Document Frequency)： 
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(3) TF-IDF （ Term Frequency-Inverse 
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Dan Sullivan(2001) Text 
Mining, TM

 
Data Mining,DM
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Text Mining,TM
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Sequential Pattern 

Mining  Agrawal and Srikant 
1995
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(1) (Sort Phase)
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(2) (Litemset粘

Phase)

litemsets粘L

large粘

1-sequences

1 粘

(3) (Transformation粘Phase)

粘

(4) (Sequence粘Phase)
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AprioriAll  

1. L1= large 1-sequence   
//從大型項目集階段產生的大型從大型項目集階段產生的大型從大型項目集階段產生的大型從大型項目集階段產生的大型 1-序列序列序列序列 

2. For (k=2; Lk-1�  ;k++) { 
3. Ck= New candidates generated from Lk-1 

4. Foreach (customer-sequence c in the 

database ){ 

5. Increment the count of all candidates 

in Ck  that are contained in c 

6. Lk= Candidates in Ck with minimum 

support 

7. } 

8. } 

9. return Maximal Sequences in!kLk; 
2-2 AprioriAll  
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CKIP Tagging Tree 
CKIP Tagging Tree

3-3 “Nab” ” Nac”
2 (Nab -> Na -> Nac)
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L
Sa (Li, Lj) LM

CKIP Tagging Tree 5
13
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10 11

 
 

 
 

Sa  

1. Input All terms(L1, L2, ... , Ln) stored in stack L 

2. 
Output：Conceptual similarity Sa (Li, Lj) 
between any two Chinese terms 

3. 
//LM denotes the maximum path length in 

conceptual structure 

4. Build a CKIP tagging tree 

5. For each terms Si in L{ 

6. Si = L.pop 

7. L1= L 

8. For each terms Sj in L1{ 

9. Sj = L1.pop  

10. 
LP = Length of Path between two tags of 
(Si,Sj) in CKIP tagging tree  

11. S
a
(S

i
,S

j
) �

"#$"%

"#
  

12. }End For 

13. }End For 

3-4 Sa  
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L
Sb (Si,Sj) Minsb Maxsb

5 19
5 9

12 17
12 13

14 15

17  
 

3-3 CKIP Tagging Tree. 
Lee,Chang-Shing  ,2007 



Sb  

1. 
Input All terms(L1, L2, ... , Ln) stored in stack 
L 

2. 
Output：Conceptual similarity Sb (Si,Sj) 
between any two Chinese terms 

3. 
//Minsb   = minimum Sb value of all term 
pairs. 

4. 
//Maxsb  = maximum Sb value of all term 
pairs. 

5. For each terms Li in L{ 

6. Si = L.pop 

7. L1=L 

8. For each terms Sj in set L1{ 

9. SJ = L1.pop  

10. LN = 0 

11. AN = 0 

12. 
LN = identical and continuous words 
between the Chinese term pair (Si,Sj)                

13. 
If (LN >=2){ AN = 1*&'($) }   // 

 

14. 
If (LEFT(Si,1) = LEFT(S j,1)){  AN = AN 

+ 0.5 }  //  

15. 
If (Right(S i,1) = Right(S j,1)){ AN = AN 

+ 0.5 }  //  

16. Sb (Si,Sj) = AN 

17. Sb(Si,Sj) �
S
b
(S
i
,S
j
)$#�*+,

#-.+,$#�*+,
  

18. }End For 

19. }End For 

3-5 Sb  
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1. 
Input a transaction table T   
 (T ) 

2. 
Output frequent sequence patterns stored in 
stack S 

3. { 

4. 
S = Apriori_All(T)  
 ( 2-2 AprioriAll ) 

5. } 

3-7  

 
3-7 1 2

T
S 4

2-2 AprioriAll 
 

 
 

1. Input frequent sequence stored in stack S 

2. Output A set of Direct link D 

3. Output A set of InDirect link ID 

4. For each sequence L in S { 

5. While NOT L.eof { 

3-6  
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6. a = L.pop 

7. y=0 

8. L1=L.rest 

9. While NOT L1.eof { 

10. b=L1.pop 

11. d.pattern = a + b 

12. d.count= L.count 

13. If (y=0) { //  

14. D.add(d) 

15. y=1 

16. } else {  //  

17. ID.add(d) 

18. }EndIf  

19. }EndWhile  

20. }EndWhile 

21. }EndFor 

3-8  
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S
D ID

4 21
4 6 S

L L
a; 8 10 L

L1 10
18
L1 b 11 12

13 18

D ID  
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 Na  Na 1 0.8333 0.9167 

 Na  Na 1 0.8333 0.9167 

 Na  Na 1 0.1667 0.5833 

 Na  Na 1 0.1667 0.5833 

 Na  Na 1 0.1667 0.5833 

 Nc  Na 0.3333 0 0.1667 

 Nc  Na 0.3333 0 0.1667 

 Na  Na 1 0.1667 0.5833 

 Na  Na 1 0 0.5 

 Na  Na 1 0 0.5 

 Na  Na 1 0 0.5 

 Na  Na 1 0 0.5 

 Na  Na 1 0 0.5 
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4-3 ACV ( 40 ) 
  

01 
A1 →C12 →C10

 
02 A12 →C12  
03 A14 →C12  
04 A10 →C8  
05 A19 →C9  

06 
A2 →C22 / →C13

→C12  

07 
A9 →C19 →C1

→V8  

08 A9 →C21  

09 
A9 →C19 →C14

 
10 A2 →C20  

11 
A2 →C15 →V5
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4-4 06  
  

06 
A2 →C22 /  
C22 / →C13  
C13 →C12  

07 
A9 →C19  
C19 →C1  
C1 →V8  

 
4-5 06  

  

06 
A2 →C13  
A2 →C12  
C22 / →C12  

07 
A9 →C1  
A9 →V8  
C19 →V8  

 

(2)
4-3 4-6

07
A9 C19 C1 

(C19 � C1) V8
09 A9

C19 C14 (C19 � C14)
“ (�)”

“ (�)”  
 

4-6 ( 4-3) 
  

01 A1  C12  C10 
02 A12  C12 
03 A14  C12  
04 A10  C8 
05 A19  C9 
06 A2  C22  C13  C12 
07 A9  (C19 C1) V8 
08 A9  C21 
09 A9  C19 



A9  C14 
10 A2  C20 
11 A2  C15  V5 
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