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Apply Data Mining Techniques to Implement Personalized Retrieval and

Recommendation on Digital Library the Library of NHU for example

Student : Yu-Ling Cheng Advisor : Dr. Hung-Pin Chiu

Department of Information Management
The M.B.A Program

Nan-Hua University

ABSTRACT

Due to the rapid advance of computer-related technology, the large
quantities of electronic data produced everyday has been explored and
analyzed to discover meaningful information so as to enhance the service
quality of digital library. The objective of this study is to enable personalized
retrieval and recommendation services on digital library. We utilize the
well-defined “New Classification Scheme For Chinese Libraries” to support
audience to retrieve the books that they really want. Besides, memory-based
reasoning was applied to assign the unlabeled user to the cluster of its nearest
labeled neighbors based on some predefined measures of users' characteritics.
Association rules discovered from the books borrowed by the readers in the
same cluster are used as the basis of book recommendation. A simple
clustering algorithm was exploited to speed up the processing time of
recommendation. The experimental results show that the proposed approaches
are effective in promoting the searching efficiency and accuracy of the
system.

Keyword : Data mining Personal Information Environment
Automatic Recommender System  Association rule
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(Provider-ism PRVM ) (User-ism USRM)

[6]

[20]



(Automatic Recommender System)
Content-based
Filtering-based [5]

(Association Rule)

(Memory Based Reasoning  MBR)
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(Persona Information Environment PIE)

(Programmable)

(Customizable User Interface)

(Information Filtering) (Personalized Browsing)
(Non-textua Information Retrieval) [4]
(Content-based
Information Filtering Feature-based Information Filtering)

(Collaborative Information Filtering ) [1]
(Content)
Veity CompassWare |IBM InfoSage
InfoSeek Personalized News



(Selective Dissemination of
Information  SDI) (Personalized Recommendation)
(Personal Search)

[11][21]

(User-friendly)

[9]



410 420 ... 490
410
411 412
1 412
412.4 4121 412.2 4123 ...

412.9 1 2

1
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412.4
412.48
412.481
412.483




000 200 400 600 800
010 210 410 610 810
020 220 420 620 820
030 230 430 630 830
040 240 440 640 840
050 250 450 650 850
060 260 460 660 860
070 270 470 670 870
080 280 480 680 880
090 290 490 690 890
100 300 500 900
110 310 510 710 910
120 320 520 720 920
130 330 530 730 930
140 340 540 740 940
150 350 550 750 950
160 ; 360 560 760 960
170 370 570 770 970
180 380 580 780 980
190 390 590 790 990
Frawley, Piatetsky-Shapiro  Matheus

[23]




Cabena (Knowledge

Discovery in Database; KDD) [8][10]
(Data Cleaning) (Data integration) (Data
Selection) (Data transformation) (Data mining)
(Pattern evaluation) (Knowledge representation)
[17]

(missing value)

(summary) (aggregatior)

(Petterns) (Relations)



Data Mining: A KDD Process

Pattern Evaluatip.ﬁ
— Datamining: the core of i

knowledge discovery

process. /

Task-relevant D'
Data War ehouse Ation
Data Cl

1

1
eaning : v
/ _______ I :
D&‘a Integration

Databases
1 [8]
(Affinity Grouping)
(Classfication) (Data Clustering Anaysis)
(Estimation) (Prediction)

(Cross &ling)



[19]

(Class)
(Decision Tree) (Memory-Based
Reasoning)
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(Association Rule)

[18]

(Market Basket Anaysis)
7%

(Fraud Detection)

XnY=g@
(Support) (Confidence)

(Large Itemsets)
(Transaction) (Support)
(Minimum Support)

11



Apriori

Rule

DHP  [1§]
2

Apriori

Support)

1-Itemset)

(Candidate 2-itemset)

Large ltemsets Association

Large ltemsets
Apriori

(Candidate Itemset)
(Minimum
(Large ltems=)
1 (Candidate
(Large Iltemset)
2

Apriori
TID
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2 Apriori

L1={largel-itemsets};
for(k=2;Lx-1# @;k++) do begin
Cy=apriori-gen(Lk-1);
for al transactions t=D do begin
C: = subset(Cy,b);
for dl candidates c=C; do
c.count++;
end

Lk ={c=Cx |c.count
end
Answver =

minsup};

k(Lk);

3 Apriori

(k-1)-

Cx

3 Apriori

apriori_gen()

apriori-gen()
apriori-gen()

(G

13




1. (Join) Lk-1 Lk-1
sdect p. itenu,p.itene,... pitemx-1, gitemk-1
where p.itemi=q.iten,..., p.itemk-2=q.itemx-2,
p.itemk-1<q.itenmk-1

2. (Prune) c=Cxk
Lk-1
for dl itemsats c=Cy do
for dl (k-1)-subsets sof ¢ do
If (<=Lk -Dthen
delete c from C;

4  apriori-gen() Ck

subset() Cx
Apriori Lk Candidate
large itemsets Cx (L1 Lka ) Ck
item  support Ly Ck Ly

(Memory-based reasoning MBR)

(MBR)[15][22]
MBR
(Neighbor) MBR

(Distance

Function) (Combination Function)

14



[14]
MBR

(Training Set)

MBR

MBR
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(

)

)

d )=0
d )=1
d )=1
d ( )=0
5
100
10014
10016 100
101
1)
d  (AB)=0
d (AB)=1
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d (AB)=00
d (AB)=0.1 (20008 20015 )
d (AB)=05 (95050 98125 )
d (AB)=10 ( 02138 90024 )
7
MBR
(Wel-defined)
(Identity) (Commutativeity)

(Triangle Inequality) MBR

1. A B

2. (A B

3. (Normalized Absolute Vaue) |A B

) 0 1

8  Mako [13](Smple
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nearest neighbor algorithm)
(feature)
(weight coefficient)
threshold
8 9

for each feature in the input case,
find the corresponding feature in the stored case
compare the two values to each other and compute the degree of match
multiply by a weight coefficient representing the importance of the
feature to the match

add the results to derive match score

8 (Smple nearest neighbor agorithm)

aw *sm(f', f%)

i=1

qw
i=1

o W, (feature)

e n (feature)

o sm(f fF)

f.| fiRare the valuesfor feature f in the input and retrieved cases

9

18




(democracy)

19

K
C
C+1l
3 1-5
()
5
3 MBR
1 (O)
2
3
4 ©)
5
2
4 MBR
MBR
k=1 | k=2 |k=3|k=4| k=5
d (45213 ?
[17] Mako [13]




if the data values don't

k ) 1015

(Building data mining

modelsisan interactive process)

) H"“i{-izzl_].

/" (Building data mining models is an interagtive process)
."-I '\'.“".‘.

B \
I L% |
A 4
3 \
Add Derived < I|
Variables |
1 ||I |
L i
'|"|I | f
—— | Identify Data Create Model N
L i ff 3
2 ok Requirements Set a é
s B|4\" if g
© = I"L Fir, = é
S G| N 7 3 -
g S N J ' s = g
.| 28 LT, A y 0 2 9 5]
S L Choose 7 g e |3
g Obtain Data |« - Modeling |« s 1 % 3
x| 2 o—P = Technique £3 s 8 |°
8l & B o = = [ c 3 [§ ¢
S s — = g g8 |52
o g g S == — =7 [8¢
e B -1 |o — 3 2 =
= ‘é A 4 s N T Sy y g = % S
= Validate, 3 3 58 |2 g
Explore, g2 Train Model 3% |82
3 e =1
Clean Data 38 g 5 =
S o 3 9 Q
8 = D9
S 3 3
c o 2
o y @
Transpose Check !
Datpa Performance
of Model
h 4
Choose Best
Model

10 [14]
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(Identify Data Requirements)

(Clean)

(Vdidate, Explore and Clean Data)

(Transpose Data to the Right Granularity)

(Add Derived Variables)

21



(Prepare Model Set)

Mode Set (Moddl Set)
(Tran Data Set) (Tedting Data Set)

(Evaluation Data Set)

1. (Tran Data St)

2. (Testing Data Set)

(Pettern)
(general)
3. (Evaluation Data Set)
(performance)
Modd Set



(Choose Modeling Technique) (Train

Modd)
Choose Mining : MBR
DataMiningTools Modeling Technique

(Check Performance of Model)

23



MBR

|




12

12

MBR
MBR

MBR
MBR



13

Us e

13

26

&




14

310 320 ...

322 ... 329

390

320

323.3(

323(
323.2(

14
321

)

27



321 )
310 {/

323. 1(
322( ) )
320( H
323. 2¢(

300 ( H ) )
323 H)
330( )
323.3( »
329 )
390 ( )
323.9¢( )
14
MBR
10,000
(10,000)
MBR
(Neighbor)
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(Smple Cluster Seeking Algorithm, SCSA)

() MBR
(subgroup)
n ( )
() SCSA

(Similar threshold)

10 Similar
threshol d=30% Smilar threshold 75%

()

()

29
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1
5
1
100) [ 308 [ 120) | 1412 [ 7@5 [132)] ... | dist(n)
1
( support=2)
6 6
( - )
88 - )
1-3 7 n
6 1
83
, 88
83
1
( - X 83 - )
( - )
( - X - )

31




(

)

SCSA

()
(overlap)
SCSA
n
threshold
Similar threshold
16 () SCSA
16
123
1 (1,12,6,2,14)
(2,1,12,6,13) 3

(3117,1513)  SCSA
1) 1 2
(112,6,2) 5 4

32

Similar

1(



4/5=80% 75%(Similar thresnold) 2

1 3 1 ( 13
1/5=20% similar threshold

8

1 1 SCSA 17

ikl 2. 358 ' oy F a8

8 e
10./)] A B
. E R S -
e He
o ol
4 e
Je 5.
16
8 Improved MBR
1 1 12 6 2 14 1
2 2 1 12 6 13 1
3 3 11 7 15 13 2




(

)

Input: n  samples Output: ¢ duders
Algorithm
Zi=cluster i center
Xj=jthsample, j=1,2,....n
T:
1. Let Z;=X1, c=1
2. Forj=2ton
(2n) X; cluger, cuser Z
that is, | X;- Z | | Xj- Z«|
whee kz i,1 k ¢
(b)) If IXj-Zi |>T
create anew cluster center, Zc+1
ZC+1:XJ'
c=c+1
Else
Xj = 7 cluster

17 SCSA Algorithm

16

(MBR)




(Improved MBR)

18

(lib_book)
(lib_loanred)

(lib_property)
(lib_index)

18

19

(dbo_allbook) ISBN  ISSN

(dbo_hua)

19




197,951 554,876
1999/10/20  2003/1/24 3 4
(Vdidate, Explore, Clean Datd)

(unpopular illegal unreasonable)

18
169,018

58,858
(Transpose Data to the
Right Granularity)

9
(Add Derived Variables)



90112513 3

9 (lib_mining)

(Create Moddl Set)

(Train Data
Set) (Testing Data Set) Evauation Data
Set

Train Data
Set Teding Data Set

1999/10/20

2001/12/31 Train Data Set  2002/1/1~2003/1/24
Testing Data Set Train Data Set
Tedting Data Set

(Choose Modeling Technigque)

37



MBR MBR

[tems

(Check Performance of Model)
Train DataSet Testing Data Set



10 schema lib_book
Hed Type Length
acc_no Char 12
title Char 150
author Char 100
publisher Char 100
publish_year Char 4
cass no Char 50
11 schema lib_index
Fdd Type Length
indnum Char 10
inctitle Char 32

39




ey Hh::‘:\
S
: N
;’ﬁ’f friendly h

temp table

“sdect acc_nottitleclass no into Temp.acc_no, Temp.title, Temp.class no
from lib_book where ftitle like search_key;”
“sdect class no from Temp group by class no”



“SELECT indtite FROM lib_index INNER JOIN temp ON

lib_index.indnum= temp.class no;”

list_ary(]

For count=0 to max_count(list_ary) -1
rec=Select title from lib_book where list_ary[count] like
title;
for cnt=0 to max_count(rec)-1
select count(title) from lib_book where indtitle=rec(cnt)

order by rec(cnt)

end for
Count++;
End For
Collaborative Information Filtering
MBR clustering

(Large Itemsets )

41



12 13 14

12 schema lib loanred
FHed Type Length
reader |ID Char 10
title Char 150
recorder_ID Char 12
13
FHdd Type Length
reader 1D Char 9
dept_name Num 2
type_name Num 2
amount Num 2
14
Hedd Type Length
reader_1D Char 9
Type name Num 2
dept_name Num 2
amount Num 2
acc_no Char 65536

MBR  SCSA

42
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MBR

MBR

SCSA

MBR

MBR

MBR

16

20



d AB =00
d AB =10

20
15
()
()
()
16
\ \ \ \
0 0 1
0 0 1
1 1 0
1 1 0
1 1 1
17
21 18




d AB =00
d AB =05
d AB =10

21
17
18
\ \ \ \
\ 0 05 1 1 1
\ 05 0 1 1 1
\ 1 1 0 05 1
\ 1 1 05 0 1
\ 1 1 1 1 0
10-100




0-1

01
0-100 100
01 01
2
k-nearest neighbor  k 10-15
9 10
19
19
90112501 24 XML......
90101111 31 |
90101112 9 |
92110000 59 vy e,
1 xy
Xi,Yi [ i=1...n




d(x,y)=Wid,1(X1,y1)+W2d\o(X2,Y2)+ ... ... +Wdyn(Xn,Yn)

Wy, Wa, .....W, (feature)
VL,V2,...... vn (feature)
X=[ X1,X2, 0w eneen. Xn |
V=[ YuYo,eeeennnnn Y
MBR
n n-1
Kk

n n*(n-1)
19 00112501 90101111

d (90112501 ,90101111 )=0.5

d (90112501 90101111  )=0 d

(9011250124,9010111131)= A/ (-7)2 /100
100

0.5+0+0.07=0.57
20
90112501 90101111 d=0.57
90101112 d=1.55 9

a7



( 21

22)

20

90112501

1

2

9

0.57(90101111)

1.55(90101112)

6.7(90112521)

126.9(87121311)

1.2(90112505)

2(90112501)

8.8(90112515)

110.3(86112211)

2(90112501)

2.1(90112503)

10(90112533)

152.1(85142214)

3(01212313)

3.2(89121341)

15(82131111)

144.6(87111245)

21

90112501

90101111

90101112

92112521

22

90112501

88

90101111

90101112

92110033




MBR
(subgroup) (id)
9
22

reclib_mining.MoveFist
Do Until reclib_mining.EOF
reeder_id=reclib_mining(“reader_id”)
typename=reclib_mining(“type_name”)
deptname=reclib_mining(*“dept_name”)
amount=reclib_mining(*“amount”)
reclib_mining.MoveNext
recunit(id)=reader_id
recunit(distance)=abs(typename-reclib_mining(“type_name”))
+abs(deptname-redib_mining(*“dept_name”))
+abs(amount-redib_mining(*“amount”))
For

Sdect id,* from recunit order by distance

End For
Loop
22
SCSA
SCSA
3%
3%

49




23

1 2 10
1. [90112501 057(90101111) | 155(90101112) |...| 6.7(90112521) (90112501)
2., [90112503 1.2(90112505) 2(0112501)  |....| 8.8(90112515) (90112501)
3. [90112505 2(90112501) 21(90112503) |....| 10(90112533) (92110000)

n_ [92110000 301212313 —— 3280234y .| 15(E213111Y) (92110000)

il

W
!

sim(90112503/90112501)=90% 90%>75% Similar Threshold

\A /
A\ %
W\, 7% /

\ /4

_.
o

o
§CSA el one

pass —



PC
(CPU) Intel Pentium I11 600
128MB
10GB

Microsoft Windows 2000 Professionall

Microsoft Access 97 ADO

Microsoft Visual Basic 5.0 Enterprise
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1,000
83%
MBR
90112513 , , SQL Server 7.0
MB R
902%1838 , , SQL Server 7.0
29
169,325
19,074
500



1999/10/20 2001/12/31
2002/1/1~2003/1/24

100
30 31 100
C ) 30
10,000 20,000 31 3,000 4,000
30
52% 83% 31
38%
69% 30
50% ~75% 31

38% ~ 58%
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