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As the borrowing rate at libraries declines significantly year

by year, the book recommendation system becomes increasingly
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important in that it can help libraries to promote the borrowing
and utilization of books. Collaborative filtering is one of the most
successful and widely used technologies for recommendation systems.
It leverages the similarity in reading taste between readers as the basis
of recommendation. However, this method can’t directly apply to
book recommendation in academic libraries because their collection
policy, reader’s behavior, and business model are different from
business bookstores. In particular, the distributions of borrowed books
at academic libraries are sparse and imbalanced, which seriously
affect the accuracy and quality of book recommendation. This paper
proposes a new method for book recommendation at academic
libraries. The proposed method incorporates multi-level association
rule exploration algorithm and taxonomy tree to address the issues
of sparsity and imbalance. In addition, we present a best compromise
solution for selection of recommended books. The feedback from
implicit indicator information is further used to improve the accuracy
and effectiveness of recommendation. Experimental results show
that the proposed method can handle the sparsity and imbalance in
transactions and discover the books of the reader’s potential interest,

which validates the utility and effectiveness of recommendation.
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HeEE(ERRZE T ENERE - EERFEAEHEHE (Information
Society ) HYHENZ B 2 T » BB AT B E &N E HELRE T /A Ty
PERYERE - (FEERES (SRR TIFEREIZI - g iuateifsE » 2
iy ] 5 B . BRl 4G B B e 2 N R Rl sk i B SR B T il
FRERTEIE - D FEEEEE A BB EF E 0 DA
HA 28 SR e 35 A1 B 2 e AL - S0 R fiet] 25 4R &1 48 & SR lE B #Y (Alharthi,
Inkpen, & Szpakowicz, 2017; Becker et al., 2017; Boateng & Quan, 2014;
Johnson, Becker, Estrada, & Freeman, 2015; Siguenza-Guzman, Saquicela,
Avila-Ordéfiez, Vandewalle, & Cattrysse, 2015)  FLADLFAEE > E27i7[E]
HHEFH AR FHHEE 2473 5% (Recommender Systems ) ¥58 & 1T [E
HEREARS © [ Resnick & Varian (1997) B HERE 248 B AR LI > HERE
RO E LB TR A B R B4 Nedlix BESZHER -
Pandora & ZEHEE - Amazon P H#E & - Facebook 11 Ef HEFE ~ Google HT
RS -5 o

HERE 257 777407 93 B = R$H (Adomavicius & Tuzhilin, 2005) @ %
NN B HERE (Content-based Recommendations ) ~ f7[E#EE ( Collaborative
Recommendations ) ~ B8 & 27574 (Hybrid Approaches) - A AE
WERE 77744 5 & k2R (Information Retrieval ) BIE i E (Information
Filtering) 7 Bff955:HE ( Baeza-Yates & Ribeiro-Neto, 1999; Belkin & Croft,
1992; Salton, 1989) » [Hh757A F BRI EAZ (I8 AN 2B AV BB 40 #% B s
EFRREER  AETER R - B E S T A R R
HHIEETEET Ry RIS AR B2 IR #riVfRF (Huang,
Chen, & Chen, 2016) - fgjlE#EE 7774 HI B Goldberg, Nichols, Oki, and
Terry (1992) Frfgth - AR E A M EHFIVBRE E R HRERHE
Al E FEATEERS <~ IV RR 4 - #EH R E SR E B TR AR
RAETEET R DI R ETESIHERE -

FESHE RGHET > 77 [E #8774 (Collaborative Filtering,
CF) 1 & Ky & o 0 50 & /2 0 A 20 09 #E 5 J7 7% (Herlocker, Konstan,
Borchers, & Riedl, 1999; Papagelis & Plexousakis, 2005; Wang, De Vries, &
Reinders, 2006) » AR E i [E#EBHY J77AT » —fC AT & 5 Rt fEE
W4 [El 48 (Memory-based CF) ~ fE 7Y EL#E 77 [5] 34 )8 ( Model-based
CF) ~ JoRMI= A #)E (Su & Khoshgoftaar, 2009 ) - S EELEE 7 [E]
A it e Ry B3 U AR B £ [F 78 8. (Heuristic-based CF) » [t J77ALE(HE
& | EmIE HERHE (User-Item Dataset) H > s A FIE I — iz (5
F&Fr EAHIAR DU ER B RS AR 8 WS FHATRS T [E) {7 2 ] (Peers B
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Neighbors ) FNAHAE REAL » R AR (50 FH =& S0 28 fn PH B B9 S TR B
TEEtE - EEA N HESHUEBEEEEE RAVHE - BATER
Toh 5] 268 i I 75 208 LS (0 P SR EL R S B8 > sseat— (I T a1 %R 7 BE 3k
AR FER R R » E AR AR EE M R Ry
FPEEEEE - BT AR RHE R T & B AN R R E AR A B
AR EE A A S HE R A (Cluster Models) 2 H LIS (Bayesian
Networks ) o [ & f1 =0 {57 [F] 28 J& (Hybrid CF) BH & & RN AE
(Content-based ) HYHERE 45 F o » AREHHUA FH M B ZAVE > FHLU
b [F] 28 S HE P Al B A (58 FH B A2 1 A ST H 2 IRVAHDAR S » T
LT EENERE ST SRR O SRR T (4D ¢ TF-
IDF) » DU ASCFH AR H 2 FEVRARR M -

FIn DL EEE R IEERR: > fEad B AR EEIE A - DA
H A (Item-to-Item B f# £ [tem-based ) 177 (5] 488 #E /% ( Deshpande
& Karypis, 2004; Sarwar, Karypis, Konstan, & Riedl, 2001 ) #7552 £
AR EEHEEAVAHBIFER - 40 Amazon.com 4gp&EH JETE L 7 HiiE
o STREEE MR EEBEHEBAESG  RMAHEEEEEEEE
Zl (Linden, Jabobi, & Benson, 2001; Linden, Smith, &York, 2003) - %A
i > FIEmEE R EE R S ERAERE - EiirESeE
HEEREIRPPEEESE - 50 IEBCRERNE - pgEEE R
PR LIS R RS HEE S & T2 8 HILEREELSER
suEE ST - R > B irlE AR 0V B B BOR RIS DU e R
BERT R TEEE - Rl EA B EESEMTHE > HEEEE
rHER R T EAL - HR - BE /ERT RERNE - ISEE
R TR EE G A HE TR s e EmE RS B A ERR
12 R RS EE SR T mE Re s » mIFE FE2Eay 2T
EEEHVR A A B L i > (R P s am E R ol it oy
#r (Jomsri, 2014) - HRH /7y EIEFEPEA EEfUEER - (258N EE
HARERIE 2 A > ZEEFHREE — B RS AR A ER RS
LR - EEEE T —AE > KFWAE B - EFMNEE
FEZXGERN > E—AREFIEETEE— R ZAE HETAKE
HEZEF - &k 0 EHREAERNE  mEEE (Bl EEKE T
EEE) o HEHEROMEZKZRL » M AN PR B iEsrE
o5& > Hifi# BA R E R At o AR - ZiirEEaE R
ERFERERSR > I LA KA E&E AR TATEE 2 EBE > 1]
HE {2 AE FH A T LR 0k FH 2R 1T R BH R A A AR RS 594 - B2 lolEl &=
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BEFEREYA 25% HYEE G R - BNHE IHERS S - MR SR
S L PR IR R 2 T > AIEOARFE R (E A B & R sk -
it > SR EEBESHE AR S - BEREES R AR E
FRBeE (Sparsity) B R PHME0RME (Imbalanced Dataset) 537AHFEA
i BRI S R (R ( Biases) 2 SEIE ( /M
2002 ; Anderson, 2004; Koenigstein, Dror, & Koren, 2011 ) > 755 % Bk [E]
EHEE MRS 2 P15 (Najafabadi & Mahrin, 2016)

B2 - HATLAEA e 68 5 E RV E SR 29 > 27
KR FR AR E e R A -l R AR R -

AT H— o] AR B R - PR = R R RS S 5
SCakAY T RE E HERE U505 o DU b A 3 1 B R M I B o
AR - BEGI S - AWTFTER A AE A 20w By FSE 1Y 2 Jg K
pER IR E B0 (Han & Fu, 1999) - 62 H A 224l 8 5 68 4R B
VI R A (T 2 R 4 HOSRIS 77 (Huang, Chen,
& Zeng, 2004; Huang, Ma, Cheng, & Wang, 2015; Najafabadi, Mahrin,
Chuprat, & Sarkan, 2017; Zhou & Luo, 2010) » MLEFHFTEANFEE
PEEROVFE MBS - B PRI EITR AR Z EEHEE R
i > {F Ry BR R BE [ = Z HERE (IR - WA MM AR AR T
KEHH A AT 2 DR S YRGB LSS S R I &R ZREH %S
FHEE > LIRS E S HERE B At - Ehase] > JFAys
JRECERMTE R S R AT IR B S 0 0 A M S S AR A
SRR [ = o R T T A E S HERE o B SR R Bl B AR R
Ho el & RS Sl sk - ETEE R LT EFHEA R > &
AHE RN -

Al © XetEReY

—  BEEIERINEEEHEEARNR

WEERERAESEFA i) > —HERiiEHE=EH
BE - A HE E E S (SRR S ETER T B T A LR AsE =
R EE R HEYTT Ry - S 5 6E B AT B 5 IR B A FH B SRS A T
REEEENSFEN (FEEC - BT - B2 - k2 0 2002
RV~ MBI - 2006 5 Blecic et al., 1998; Geyer-Schulz, Neumann, &
Thede, 2003; Yan et al., 2010) ° Goldberg % A (1992) Fr#g i =~ 7 [H
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AR Rl 225 T AR 2 (5 A 24 B o A sl e [ = (5 Bl T
T B 2 R HE 7 R 10 FE HE R SR P A 7 i T H B R B IR &kt > T8
MR I RE =Y s I B - OIS - &eeAE m [EEHE
B {upupuy..u,) > Fn HESEHES (im0, 0 T LLE
{1 (5E 7 ui BRI HAVRHE B i HEsm RO wi B9IRF(T
Ry o Hop o SHEE R DUZIAREMEFSEE (Explicit Indications » 511 © 1-5
Scale FEE 77 #) » Al DLEREEMEFERE (Implicit Indications » 5[4
HEE SR XE )  (Miller, Konstan, & Riedl, 2004) - jZtiHHRHEE
HEF B A Y RE o - TH H REEFEFE (User-item Ratings Matrix ) > ZE{T4H
B MRV SR (EaC IR AR o R R Rl R B VA U S A
& B ARAHRASE 7347 (Pearson Correlation )~ 8R5ZFH{UEETHE ( Cosine
Similarity ) ~ S ERZAHLUEETE (Adjusted Cosine Similarity ) : [fij
TERERUECHE A [E] 2808 (Model-based CF) IR Z SRR ELE © B
i HECSBETH (Naive Bayes) ~ BT RErELFRHEE T EEETHL ( Minkowski
Distance ) ~ % B 15 FE & [0 B7 51 5 (Euclidean Distance ) ~ [H] [A] 1
Y (Aspect Model ) ~ JET1FEE & 47 H7 51 & (Latent Semantic Analysis )
(Adomavicius & Tuzhilin, 2005; Su & Khoshgoftaar, 2009 ) ° #:f& Z47F]
FHAHRBA MBS SR B A M [E B S B i - ZEE R E
B E Y - M S e E R E S DA EE -

NI EEHEARERGEREZ > TIEmMBERBRETFE
&I - THHPHEFERE (User-item Ratings Matrix ) & o] i 224851
H o DRI i il A S R R AN 2 52 (Najafabadi & Mahrin,
2016) ° & ok (5] 265 6 FE F IS [ 35 HE S 2 AR IR SRR » BEHE T2 1 Fy
TR o AR BN E SRR ST EE AR E S T

(Implicit Indications ) ERHEF ] B Y FEHIRE DL fif] 25 1 725 B 1
[& (Bauer & Nanopoulos, 2014 ) o —EeEEZHITIT E FH BH AR A1 A TR
$FREZC (Pactern ) FRE) - DIRHLEZTH H R ESEVEH E 2 285
i (Ali, Khusro, & Ullah, 2016; Parvatikar & Joshi, 2015; Tewari, Kumar, &
Barman, 2014; Tewari & Priyanka, 2014; Tsuji et al., 2014 ) ; #53WH585
BONEIR AR (B0 - SERAEES M EEE) 1F Rl ST H AR
FEETE 7 35 2E Al (Huang et al., 2016; Noia, Ostuni, Tomeo, & Sciascio,
2016; Zhang, 2016)  JVEWHSEERA EE FERENEEF L (F40 © LDA
= LFM) &5 & NAEHE (Content-based ) HEBEREIT - #7548 H B3 BFE >
LR & 28 e U5 A A EEHERE S 5 (Mariana, Surjandari, Dhini,
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Rosyidah, & Prameswari, 2017 : Pera & Ng, 2013 ; Xin, Haihong, Junde,
Meina, & Junjie, 2013) 5 5541 » H—E 70 5T RITER F 38 & A SCA B RN
&ttt (Opinion » E0fE R EFFER) #ITHERZEDN IR [E#ETE
TR A B R HIBAR AT R < MEEETH (Chen, Chen, & Wang, 2015;
Priyanka, Tewari, & Barman, 2015; Sohail, Siddiqui, & Ali, 2013) -

T3 K AU 7 I A - 8 Bt R BT DA K 2 A S 38 ] S
EERZSHEB HERBE > DA AL top-N B FHHEE (Sarwar,
Karypis, Konstan, & Riedl, 2000) ; [:4MeelsERL ATV S A BA R E R
e R R B S TN B R R A B =AY (B G - WG RE A IR = [ 5 HE R oA
f#fE 77 (Najafabadi et al., 2017 ) o

— - EEXRZEREHIT (Sparsity) BREEERETSA

BRI B 14 02 107 (B 8 JE R iy FE A AW (Huang et al,
2004) o [EFERACHECEE Ry m B 2 EREE - B ERTERIE
b o TSGRV EHEE R 8L - AT BB B U A S H A
HYTHEEE S - B8 E R HEE RN & -

BRI E I £y Ry AT [ERERHEE ( Dimensionality
Reduction ) B & 22 [} 11 & 5/ ( Additional Information) (Zhou & Luo,
2010) - [FRARERHES R F 22 D/ DIV EE R E R - DU
RFEFRE - THH (user-item ) A2 ZhHE [ Fh A B TEAVE L & - MK
ARV O RAVTAERE ¢ ER M (Principle Component
Analysis, PCA) ~ JE1F3E # 77 M7 (Latent Semantic Indexing, LSI) ~
A S {H 77 % (Singular Value Decomposition) 5 ERZT & EHAIZEFH
REREGE I InESME & EAL 5y &R E M B 2L% 5 (Dense)
Bl o AEEER > AR ERERAA HGZE > BIA : Sarwar et
al. (2001) £ Pl AR M ZECsk O g ERHETE FBET R
3 M ERGATE B EEREHEEE 7 A DA A M D P &S -

BEFWRGE G RSB R M INE R 720 R E R
Fi TR © Jomsri (2014) (K [EFE &4 (Profile ) TH I i 35 B B
e B R (Calog) T » o8 P SIS
VAT AT R TR A0 o Bl 5 U A < [RIRY BATSA I » (i a8 LE R
R HH 78 & WY B 5 5 5% o Najafabadi et al. (2017) FIH{EAH#EEE
P E R Ty B E R AT RR > B DARA AR R PRI BUA TRHIGE
FimFHA (R0 - B MR HAAFH = AZEAL BTSSR
JeEAHEREEH - Kanagal et al. (2012) RI@@ 7 —{EEA R
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VEIER Z A (Taxonomy-aware Latent Factor Model ) fif )/t i i il & &
EHRETMERTRE - LA e A E R R i -

H AT A 5125 i 9% 58 A R B AR Rl R v A B R R R I I & 1T
72 (Huang et al., 2015; Huang et al., 2004; Kardan & Ebrahimi, 2013; Tyagi
& Bharadwaj, 2013 ) = [fi] 2 G2 [ Wit AR FIIER & 6 R4 36 i B 400 9 6
£ (Taxonomies) ZHIRERIGEHEHGTHZE (FERE ~ ETF ~ FFERTE -
2005 ; Han & Fu, 1999; Kanagal et al., 2012; Zhang, Chow, & Wu, 2016;
Ziegler, Lausen, & Schmidt-Thieme, 2004 ) ° FL[h > ASHFZE#E HH 221l &
EEERENVR B T A BV BHRGE A » 5G 2eREARR AIER
Ehi T REE = (BRI T AR MR EE BB R ERTE -

= - ESHEERIE

B fh 5] 28 R HE 7 SRR I B A DU S T R B s T R A AR M U
B (Su & Khoshgoftaar, 2009 ) - SLARIFYARDIEETEIVABRE © MHEM:
BRI (Correlation-Based Similarity ) B 5% (7] 8 FLREAR DU
THE (Vector Cosine-Based Similarity ) © Fij 5 ] {4 FH 57 BR A FH B8 & o0 A7

(Pearson Correlation ) F¥{di & EL[H 2 LR EARE - M%7 AlEBER
sZAHELET . (Cosine Similarity ) (S8 7F 7] &= 25 ] th HAR A g% -
HUR AR AT R A AE -

FHTEEAERE - THHSHEREE (User-item Ratings Matrix )
HIEHEERHETTER 5 28T - HRTS BEE S S S P e E A
B> BB B REEORHE I E > R —AKEWE— I EEEEER
ZEEBIIE » EEEHEAEEANZ Fs —JT{EE R (Binary Data) - Hilfism
PR FHRA M AEAR LU ET R U7 7% (Correlation-Based Similarity ) B2 65
o7 o) & FERE A U T B 7 7E (Vector Cosine-Based Similarity ) B3/ A7H
WEABFHE - S AERE I THERE ( Geuens, Coussement, & De Bock,
2018) o ByfA I 0 Geuens et al. (2018) R FH AR EAM LUAREL

(Jaccard Similarity Coefficient) {F &I H =~ B {UE AV IEAE » HE
ERai IR EUR - B RTE (Jaccard) HE{MAREUER A LIA R B R % = [H]
EHEGHEB R A B TS R AT HEE R RIS « ER1E (Jaccard) MH AR
HEtE =0T

|ANB| |A N B A=
IAuBI=|A|+|B|_lAnBl,whereOS](A,B)S1 (A1)

J(A,B) =
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FEHE B (8 3BT + AHH9EERIT Deshpande & Karypis (2004)
et EanthEEDE (Average Reciprocal Hit-Rank, ARHR) {E £
EAEHEEEIFNEEE L - EEEafEELA (ARHR) K
15 (0 & B RS TE H YRR B R TS ETH A - DT e
HIZEMES - P E EanUEEDE (ARHR) HREIJTAT ¢

h
_1 1 g
ARHR—n<2pi> (A7t 2)

i=1

n: HEEERI T ATE B S -
B WEHERS > B P R A HE S B I E -
p; - HIRIEHERE S B top-N FIVALE (e, 1<p' <N) ©

BB i B 8 5 S E RV RS - AW FTER R (Jaccard)
MGG R EEHH EH 2 FAE RS - s ElEatEfefm&s
(Implicit Indications > 40 : B % ) [0 &5 % H] (Bauer & Nanopoulos,
2014) - (iR EaydUEEDE (ARHR) 5[ 35 7H H REERUE
DUHE 5 B 7 A YR T

2~ RT5E

Kiftgeiett — BN B2 BEHE LS (NE 1) @ BHEEA
G o A EERE © — A E SR 2 4 H o B A E s o
£ (Taxonomies ) fafiRERIEEME - F5H 25 g REABEAAAIERE) (Multiple-
Level Association Rules Mining ) & 5072 JEE A H [ 35 58 A1 0 B8 Jge R A1) 5
T (EEEEWE Z EEFENAN > AHIRE R EEITE T ZE (Best
Compromise Solution ) 7 [E]ZHEEE FRllg— A TS B4 % < 1@ DAAR L
HREE R (RIE - BRI 8% 2 835 A ERPEAE PR - A4 aIE
FAA] DA R R E R 4 [ SO IR & (SR TT Ryl - ME[EH e &t
FEFHAYRRER IR RE 5 &S (5] SRR 88 e 2 [8] 3 H v DU
EIEHY R (Diversity) o B#E—THEAMIUGEEIE R - AW5E
GEEfERE (Jaccard) MALVGELIREEE Eaidt (ARHR) % > 1858
FREE MR AR (Implicit Indications ) H > FHHREIHZEEIRYFHLTEE
FAILLFAREERTE (Jaccard) MEIUAEL o & ITENGFHAE » s3alan T -
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Offline Processing

/I\

Loan Records

O

Books Information retrieval
like as OPAC

Click-through | Weighted

888

Top-N Recommendation List

=]
Recommen: dation List licked | Logs Dataset Based on ARHR
During Books Searching

Top-N Recommendation

Library Loan Records Ratings Matrix C; & C,

C, | woa | soocz | sooxs

ES?E?%:-

Jaccard Similarity Coefficient Calculation
Simy p = Jaccard(A, B) + weight, p

1

E8&8&

Random-selection Recommendation List

Item-Based Top-N Recommendation Calculation

lection

Random-selection Recommendation Calculation

1 BRDEECESHERREE

FRIE
TB BRI E FEE

—  BEmEERE

AHFEER Y E = il & BE AV B 5 #E A4

(ILS) HrHEE D - W15 2 For - BRI S © B8kt - KE9L -
M ~ ISBN ~ &% e % (Hash) %%%@?ﬁﬂ’]i@%ﬁﬁ% + fE RS H

M~ BUHAE ~ Relsid HE - SEPERIRREE 2 (BRICERA « Bt fERd (B
0 EEE) ~ FEERMER (B DVD) T&%Eﬂa@% oL R

FIATIERIC#%5

* 2-1
RSEREN - ISR

L IV o B EE R i
ofg oA FER e BN L gy FHE g
RHE  barcode callnum  title isbn uid Id dd rd

Ry EATRABOEAIERE - A ERHE R RV E RHE IR 5L 5 &k R
('Transactional dataset, 7D ) » {F32 5 ERHEFRFEERIAR 5 AHE
(‘Transaction ID, TID) FIEH (ltems) AaAEY > TR0 -

{tid,items},
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R FEER —ER G ER RS — ROV ERIGC R - AL E

% tid AR (uid) RASEHE (1d) 2K

.

tid=uid & Id,
1fil items RIEHAKATERINEDE (ZEGET) 4HHk -

items = {callnum,, callnum,, callllums,---, callnum,}.

DR ESE (Call number) - tHHE T SR H ot U RE 9EES - BA L

ey R (8% ) FIEDSE &y SR e iy — 8 9% 85 - Bl REHR
521.821_8247 fEH BUE F 0 BUA T AR EZ HEE LHE « 8
T8 (521.8) - DM EEE &R E T AVE—ME > DU RHER
HEY B 7 (i -

WP FE RIS Bfe EiA > 558 MR 22T RAEE

(F12715) JFUER ZERAT (RSB » MATHEZR 2-1

B )

+*2-2
BERBRZEREH

i Ve a2 E Rt

C03885995, 885.7157 8733, ¥F/VHFEFLI 2 , 957-13-2383-7 (3F45),
F12*%*715, 20170125, 20180131, 20170828

C03909037, 873.59 8575-2 v.1, 4N Bi (H 25 : BEIEBTAYIRNEE , 957-455-
867-3 (FF4L ), F12**715, 20170125, 20180131, 20170828

C04092435, 873.59 8575-2 v.2, {N[EqifE ) « il - AR ~ BEAHE , 957-
455-890-8 ( ?ﬁ%é‘é ), F12*¥**715, 20170125, 20180131, 20170828

C03937623, 873.59 8575-2 v.3, 4NE CR{H &t : & 4] B HI{EER , 957-455-
904-1 (5L ), F12**715, 20170125, 20180131, 20170828

C04435649, 873.59 8575-2 v.4, 4Njennfdiar « HIEVE LT, 957-455-905-
X ( ?ﬁ%i‘;ﬁ ), F12****715, 20170125, 20180131, 20170828

C04435672, 873.59 8575-2 v.7, HAIE iofHaT : A {&IVELTL , 957-455-908-
4 (}B5E), F12+715, 20170125, 20180131, 20170828

C04435650, 873.59 8575-2 v.5, 4NJELi{HaT : BREATTESR , 957-455-906-
8 ()Jr%%“é ), F12*¥**715, 20170125, 20180131, 20170828
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C03937634, 873.59 8575-2 v.6, 4AJE in {27 : $RI&F, 957-455-907-6 (F54L),
F12*%+715, 20170125, 20180131, 20170828

C05433075, 803.22 8838, KAV — A fRiEEE T  fE5R(E R — BTt
9  [EMYEEEEEE T AFYE , 9789866077296( 4L ), F12%+715, 20170607,
20180131, 20170814

C05480268, 861.57 8456 TvLALYEE = N7 &/ A Y D, 978-957-10-

10 4309-8( _Efff : S8 ), F12*++715, 20170712, 20180131, 20170823

1 C05480279, 861.57 8456:7 v.2, {EWEE = N7 &/ A% 1), 978-957-10-
4309-8( _-fff : &L ), F129+715, 20170712, 20180131, 20170828

= C05480280, 861.57 8456:7-2 v.1, ¥k ==t € / A ¥ D, 978-957-
104-718-8( _Fffff : SE&E ), F124++715, 20170712, 20180131, 20170828

13 C05480291, 861.57 8456:7-2 v.2, {B¥RE ==+ F / A% 1), 978-957-
104-718-8( _Fffif : SE&% ), F124++715, 20170712, 20180131, 20170828

14 C05480303, 861.57 8456:7-3, EYEE=+ A€/ H¥ D, 978-957-104-

559-7( -#L ), F12**%*715, 20170712, 20180131, 20170918

R ARCET RO AR ER » IROMRIE RaUE R - 2L EREA
BRI (Records) » BEHMARNAZ 5 &} EE (Transaction dataset) » JEHEL
%1 BEERXSERAIBERBEZRT - BEERE D h EAHEEEES
RIS S8R H B 2 REGRAAR—E LS ERENIHEES » RIBE[E
FflER  FAMTHIFEZR 14 G HERL - B 3 2585 ERHE
W= 3 s -

HEVE 1 BEXSEMATERE &3

Input: Database D FERERBECRZERE

Output: Transactional database T D Togpwnnsr1s @ 20170125 = (8857157 8733, 873.59

Fori«1to|D| 8575-2v.1, 873.50 8575-2 v.2, 873.59 8575-2
tid « ld(D;) & uid(D;) v.3, 873.59 8575-2 v.4, 873.59 8575-2 v.5,
items;;q < items;yz U callnum(D;) 873.59 8575-2 v.6, 873.59 8575-2 v.7}

End For

Tri2ween715 & 20170607 = {803.22 8838}

TFIZ****715 & 20170712 = {861.57 8456:7 v.1,
861.57 8456:7 v.2, 861.57 8456:7-2 v.1, 861.57
8456:7-2 v.2, 861.57 8456:7-3}
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- B BERZERIEDRE

PSS ERMEE TD - RWFEIR MR ZEE0Y4R B o 4
HIEIER FER 85881 ( Taxonomy tree based on Transactional Dataset,
HD)U&ﬁV%ﬁ@ﬁZﬁ@ﬁ% SRHE TTD - [EEX G ERES
FESTHV L oy Ry WA P B » 25— PR RS A 3 5 ] - 28 PR ERAIE
AETT IS g B R

EEDE 2 REEEERIEVAZT - $GERX S ERE TD - RHERGENE
RE 1~ DUREIE ¢ 0 B0 TD RREFREIE RN [ 2 Hh1E
TERES CIEREREEERR - #EZEHE C e8] ¢ Gl
A B EHE A IE « BFEEFER] > RlF ¢ Hﬂﬂ]g?jfﬁj‘/ﬁé%*ﬁ% s
A CH o gz Ea] C1EREEER] » IR E AR+ B
{H & 5% DATERI 3 BB RS DU SRR e E S E 2 25 -

FM e BB R > HEE 3 X B ERE TD ﬁﬁfﬁﬁﬂﬁc% ST
JERSE TTD > $1¥E5—EX 5ER TD, » i H i 2 233 5k B 5 158 1) 4
TERAISIULEC (Longest Prefix Match) {F Fs HAT TTY)EPQZ%E*EEJ
AL Gy ERHE R 2 FrA EREERTIR T R (el AR 2 2 X5 &
BHEE Y S TTD -

HUEEDE 2 B 3 BV X B ERHEE T ERE - BRI HZ B
BE o R R 1 [ = A BRI AR AL

Lengthl =5

parent
Lengthl =6

520_874

Lengthl =7

B2 RZEEZEIITEEEERERE
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HEE 2 BRI R HEE 3 B E R R
Input: Transactional database TD, length |, threshold e~ For i « 1 to |TD|
Qutput: Candidate categories C TTD; « TD;
C<9 For each ¢ € callnum(TTD;)
For each category c € TD ¢ « LongestPrefixMatch (c,C)
Iflength(c) <l then End For
CeCufc} End For
End If
End For

For each category c € C
If count(c,TD) > € or child(c) # @ then
CeC\ {c
S « child(c)
CeCUS
End If
End For

= ZEXRERIRBIEZER) (Multiple-Level Association Rules
Mining)

HRH R AR BN B & 2 EE E - BHYE H AYRe MR 15 R b
A PITEA S SR A EL DR B~ ASHTT 22 PR FH 25 i R BRI AR R & LA R _E itk
B o AKHIATAL - AR EREE TTD R EEE E Ry oy BmIEE = - 41t
AR R B T H AR SRR - S DL T EE BRI  HERE R
AR AT SR -

= B e B sl Level-1 minsup=4
BEER RZERK oy
Level-1 frequent 1-itemsets
T, |{351.1_8547,357 8569, 558.092 8774 } Ttemset Support
— 7
T {337.6_8476,333.301_845.2, il
2 [317.6_8836,520.11_8635} (5rxx) 6
T {521.1_8585, 526.8_845, (Br) 3
3 | 521.821_8247,313.3_8584}
7, |{319.1_8753,521.13_7665) Level-1 frequent 2-itemsets
Itemset Support
T {BF455_G38_1993, BF445_E88_1994, s
5 | BF317_L831986) {3RRAR] (5hake) 4
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Level-2 minsup=3

Level-2 frequent 1-itemsets Level-2 frequent 2-itemsets

Itemset Support Itemset Support
(317} 3 (31%=%) (5277 3

(33%=%) 2 (31%*%) (BF=**) 0

(35%=) 2 (52%=*) (BF=**) 0

= ’ PRI - FRAPT AT AR HHAR A
(55 1 FRA— ~ Level1(3**** — 5%***)
(BF***) 3 FRHA . ~ Level2(31*** — 52**)

A _EaliEa R o (5 (A R e AR R R B B S i i/ NS Ry 2
IR A AT BRI R - 2R 51 A 20 Jg B AR Rl el > 2538
H R TSR R BT R SRR 1F Level-1 ~ /N FFE Ry 4 B
] DU BRI AR ] 300 — 5% s T AE Level-2 ~ B/ NCRFE B 3 BRAI
DU AR R R 3100 — 52700 o

IEAh - A7 & A EREFRAIAIE OFEE (Confidence ) B K AH
RS (Lifo) (B fEMmEH/MSOET » (ISR R ETHEE - &
2 A —(EBA R AT S AR IR R A P e T 288 15 - SR BN « 35
168.1* FH[EE FERF A W TEHEEE AR « #HRI 1 (168.1% — 545.1* » fHEH
& 1.85 0 {F0MEE 0.78) BRI 2 (168.1* — 150.1* » FHEHE 1.08 > {5
MR 0.52) - RISCER A e HRBE RS IR R — o 3885 545. 1 1 (RERm
FHEIRE . BV ) EEETIEE o SO EEEEHBEEEHE
WA 3~ AR 4R -

Conf(4 - B) Sup(A U B) R
- -=—
onf o0 (A 3)
If Lifi = I: correlative
Sup(AUB \=p
Lift(A - B) = up( ) If Lifi > 1: positive (n54)

Sup(A) - Sup(B)
If Lift < I: negative

M- EXEESHERE

%I R R R4S R g 2 SR E S - 2R - ek
AP 8 KA — R A HE RS Y [ 5 B s I TR 2 — 2D e 458 - I
It > AHFR N — B E BT 07Z (Best Compromise Solution ) 7 i
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SRS - PEITR TR I RN A (SR #k R SR SR 2
i A T HERS

SrEHERE RN A R sk 2 1B & - HHEE IR 2R B R EE 2
DU - FEMR ST ERFIPRAAERTE (Jaccard) AHIIAEL (206 3) -
Fofe R DA B A - AWTFeE S R B 2 BB X
B Rl e e AR T HI 6 - [HIaR 2 HEE AR B
apfUEEDE (ARHR - AIAF(5) » BEERI - RN (Bakik sy
FARTAEE R 100 A) 2 KLEE HIRAE op-N (% N=10) fEEEES
R 3 A B aREEZEER (R B E R N R R R L3R
i#2K > HFEBRYE A S SR8k ) -~ HIEERTREAT

(224 2)+2) =22 200223
100 1 2 3/ 5/ 100

n (Az(5)
) 1 1
weight;; = - z p_ +t
m

m=1

n BRI T EE A -

h WS > B A RS B AVIE A -

D, - HIRAEHEE S top-N F > 26 m IHFALE (e, 1<p,<N) °

¢ A I PR B HEEE R (Click-through Logs Dataset) J& 1Y
IR LEB -

B B B B B
CB : : ’ ‘ : fori=1tom
s . . ° 0 ! fork=1ton
U, 1 1 1 0 0 if B; # By

do
U, 0 1 0 1 1 do then Sim;, = Jaccard(B;, By)
else Sim;), = 0
u, 0 0 0 1 1 .
return (Sim,—_k + weight,-,k)

U, 1 1 0 1 0

3 1 2 2

J(By,By) = =075 J(By,Bs) = ¢ = 0.20 J(By,Bs) = 5 = 0.40 J(By, Bs) = 3 =050
1 1 0

J(By,By) =5 =033 J(B3,B3) =7 =025 J(B3,By) = 4 =0.00

1 2 0
J(BB) =5 =020  J(ByB)=5=040  J(B;Bs) =7 =000
3 BRF#E (Jaccard) ME{LUREEEEREH

68



FEIEE ~ BIRE ~ HESRR - SO TR
FEL 2 e R By i R 35 HE P 24

BESh > FEHERE SR BRI SC ik Z 8 - AUERPETE Pk (Random
Selection) HE{THERE - MRIZEIE HENMEARLH 2006 £ 2017 Z[EFH{HRE
SOk T ST AT /SRR B F ISR 8% - 5 SRR E Rt
A HERE LD A E ZE BL o (AL » (RISHERE RN - TR HERE R R
WefERBHEE T - TR i DUE R R B E Y AR -

B~ BRREETMG

AT L E E B 8L R4 E R T el Y B S R &R E T
r > 6 DUE B Bnes AN ST HE H 2 ] 35 4 S 2 4 Bl (e 4 o Mo A R R EE A
ELAZM: (Effectiveness ) ~ K3 (Efficiency ) 2 353 -

— ~ BRI

A FEER AAE R A B HERT KL E E AR EE E EME A E 2006
22017 42,966,759 SEEE A E B EERLH - T4 HEBRER 2
FfESE o 4% Fp B e FE LA 831,555 S538 540 8% (Transactions) >
Hep o $ER - FEETENEEA 375,995 it > (5268 EEHaE R
40.97% > S 2 > REEEEEEA T /S E A R AT 8% o

4 Rl EEEE 2006-2017 [R4ARE EE R ST E - HILE
A DA E R B B AR B 2013 R EH R R R TR > 2017 22
RS AR 5 FERTERRAY 50% » B A i E E AR T A (R %
MR g M o
*4
ERERELR (Profile) &

HENL RS EE RS H B b AR R
A A 913,000 A

BRI E RO

BRHHE 2006 % 2017
HERF A E R [EHER48 (Raw data) 2,966,759 EEkL
e = H &kt 917,731 &k
L5 &R EE (Transaction dataset) 831,555 &R}
AR ERE RN FEEEE A 37,741 A
NEAEEEZ 375,995 fiit
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350000

293593

300000 289770 286142 285343 283513

279822 284146

250000

200000

[RIAE BERRLH

192768

150000 157499

140906

100000

F
4 BiTEEEE 2006-2017 [RIEEEBRXEHRETE

S REE R - JORGEHE - SPEFRLER - REmst
375,995 [HEIE (T /)M 885 » 4675 115,915 MBI ERITRE 1 X
YT 2 B = B TSRO 9 2L R A B HI 302,785 1 »
TREN S\ A LB BRI 10 0 B R B SRRy
Hal: -

120000

110000 |

100000

90000 |

80000 {

70000 |

60000 {

50000

40000 |

30000 |

20000 |

10000 |

BRARE

5 EESERME - REHSE

6 RHEIE P EERRERINE S te&E E - (EEESHEAE
PIATTHTEE3E - 80% HYAZ By EEHATLY 30% HY R SRS B 5 fH{
eERREE AR PR [ERIEAT 20% HEIZE(LHE) 80% (ERIR
B HIEEMEL) 1% RS BRER L TREIZ BV ERIECERE AR
T DB EZ T o HIL TGS E - E2iolE e E (S R el sk S
RE#ETERIEE (Imbalanced Dataset ) °
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200000 e

1
1
180000 T
1
|

160000 +
I
1
s ) B0%MML RS E - REL 23/ MBAENI%
& 120000 857,494, QA, 312, 947, 855, 673, 782, 805, 861, LB,
I i I PR, 874, 544, 541, 563, HD, 528, 820, BF -
ﬁ 100000 :
® | \ !
I 80000 ¢
E ; \ i
60000 !
LN\
N BN
I
20000
I
oL
%

10%  15%  20%  25%  30%  35%  40%  45%  50%  55%  60%  65%  70%  75%  80%  85%  90%  95%  100%

EHREEEHARHER

B e BEDHERRBRINSOLLHKEE

— -~ HEEE

A8 25 TR U Y E A B A o 5] 208 5 B SR e P A HE AR ] 49 =0
(Herlocker, Konstan, Terveen, & Riedl, 2004 ) : =7 {5 TE B 2 5 £ 0] =
( Predictive Accuracy Metrics ) ~ 43E#EREE & ( Classification Accuracy

Metrics ) ~ DL HER MR HIE (Rank Accuracy Metrics ) ° ABFZEEE
FAKEHEE (Precision) ~ A0 (Recall) ~ K F1 #5f2Z (F-measure ) ff
Ry e BN =61 -

FEAEE (Precision) ~ @[EE (Recall) ~ K F1 52 ( F-measure )

Ry e R e oy BsE R 28 AR - £ ZJu B IR
GER A DI 57 By th (True Positive, TP) ~ IEWETE4E (True Negative,
TN) ~ 52H (False positive, FP) ~ DLz KdrH ( False Negative, FN) o
[ 25 HE P 24N A R T SRR o BN A B A S R S HE
B RS R BUINE » BKEE—ELHER TD, MEEHEE
REEAR A X — Y Al X e TD, R¥#eiE ~ X € TD, Ry A ~ YE ID, v'H
Ehe ~ Y& TD, Rl R fifE Rl - BN ILITEE N W E R BFTAHEE
Y e & TP IEREREE I EE B (= 6) - AR ERABFTE EH
EEHVE = P IEMEREERVELE] (A7) » F1 {5EERIER S EAE AR
BLA AR (AAz08) « HNEIEHE RSV - SHEREERER
GHENESHEEER R SdRRIMREFEFRFNVES - 245
HRHEMIDAHER -

71



EIE L EHELRTSE 13 ¢ 1 (December 2018 )

;}E%ﬁﬂui’%ﬁﬁfgiﬂﬂéfﬁﬁ

AEREE & ek Al

i apdr (TP) #F (FP)

RS Kapth (FN) IEREFESE (TN)

Precision = L (Az06)
TP+ FP

Recall = TPT+PFN (A7)

- 2 X Prec.e'ision X Recall (A5 8)
Preceision + Recall

BEAD > oSt B E HERE 280 2 0K > AT AR AR R KU B
B METTETAL > 2% Sarwar S A (2000) Fr HAYERIAE R R
aPfli 520 B RS 2 a5 5 20 Rl 2 88 (nUsers ) B[EE 4
8 (nltems) 2T > MERMEMRHR 2515 > MRS EHRE RS
SCRRUERMS AR RS Z B (0Ast o) -

nR
matrix size (AT 9)

Sparsity measure =1 —

where Matrix size = nUsers X nltems
nR : SR AR -
nUsers and nltems * HIRFEFEFH TS 7 38 35 B [E E 4l # -

= - BRERETEER

R ERES R R A4 2 R AWETHEF 2006 2 2015 FYFREIF AT
GyEORHENE Rydl| SR ERHE LB EHERE 21478 0 A 2016 2 2017 7 [
EXGEREERAEERETRE - Eitbi i BRBaRRER A

( Simple Association Rule Mining, SARM ) EELAHZTHEH 2~ Feir 26 fg K B
B Al 7 [ = HE R A S M = FE AR EAYE S, - RISTIGE— ERET
% G R BN A O a2 R -
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SHEEE L S EREE AP NS minsup 5
15 5 EREIEES B e ER L EREE R T 80 ZUA T
S SR 99.9% (AIE 5) o B AR LHIE ¢ 32
By 80 - HERIEES B ERSSER - 0 7 BT RS B
12 J= -

B7 BERXSZERNESHE (TTD) » IZPHEIE =80

(=) BRm&ER
% 6 RIEEHEF S A EEIREREE - a0 BEEgETEEL
AWtFEdetti 2 TTD Level-3 HUHERE R AERG L ~ H[E1% ~ K F1 {55F
ST Ry 96% ~ 59% ~ 73% > HEE A @ (NON-TTD) HERE AT
34% ~ 3% ~ LUK 5% o 2RI HEE T30 I - e fE ~ AR ~ ) F1 45
FEIRBE Z NI - (BT RA 3 J Z HEPE 24T - B S e Bl o [ R ]
DLSEHR AR £ AR 240 7] DUKIRRR(RERH] (FP) HIERHT -

*6
EEHEEERIEISEIESER
f&xk (H S F1 IS FEPE R
(Level) (Precision) (Recall) (F-measure) (Sparsity-rate) (Matrix-size)
TTD Level-3 0.96 0.59 0.73 0.4278 7.3x10°
TTD Level-4 0.88 0.49 0.63 0.6179 5.7x10
TTD Level-5 0.72 0.38 0.49 0.8324 3.2x10°
TTD Level-6 0.55 0.20 0.29 0.9581 1.3x10’
(N(gllilf—{%D) 0.34 0.03 0.05 0.9999 1.4x10"
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R A 6 BRIV E ZIFH > HEEHRIREEZEE] 100% 17
A BRI FP (RRA) WIEFE > 281 > RN &
&k (Overfitting) MYRIZE Z N BT H ol g s s By R A > B
AF9HE s T B B R R A 4 PR e D 2 A6 7 20 2 el o R A 1T [ 2
HEEE PTG R o SRR > EE FRAM B SR & R 52 B 45 21 0 HE B HH A
By 1 804 — 805 iff H 1 A 4% 1Y M 5t & Rl £ & 17 7 804 — 806 I
804 — 807 > iEFn  EERHIIGEIET » A E 804 HFH[E I [FEF 806
B 807 BMVEFNIL S E R BRI A BE (KR - DEERTR)
It - B A EIVERZEA o] e VBUS PTERIs EHN T S48 E - B
B LIERR M ARHERR T N2 A S HRE R R EE )
AGHEHEEE B RIE R B SR E E o T R EEkEE - SKEE S
SR N/2 KEE - DR A 7S B R EE Y n sE M

ARHTHE— 0 BT BRI R A o BB R I 2 2 - (B 8 fy
% JE A A AR AR [ o B B A SRR oy 8 U7 VA L AU A R
FAIBUZE TTD FRA R E G X ES Z BB RIEL 5 ifi TTD Level-3
UG 2 BH B B R8N TTD Level-4 82 TTD Level-5 15 > {EKJY TTD
Level-6  F M T DASE 3R R oA R 5 B o S e P 4R AL TR AE IR AH A
HIRE % -

TEHEE 2R > SRR B 7 /M FCR = 2 99.99%
SERH R RS EE 10" FEE5 R TTD Level-3 RIS oM i R 8140
P KU - $HENE 9 o m iR &SRB EMEE 1] LAZER TTD Level-3
FEHA R A KRR AR R - A6 AE PR B R [ 2 42.78% © FRBE
ERE F > TTD 0y R BlaE Rz 00R L - RERER R
GHEERE R N (HRIE A T fEE -

xxxxxxxxxx

uuuuu

OVERALL

8 BEREAMRRIE 9 RERERZIEXESHEA

(minsup=5)
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HHIEE ~ BIRUE SRR~ SO TR
FEL 2 e R By i R 35 HE P 24

bl e Bndh R ERES AT TR iR 2 B E HEE S MR A R
W SRR S AR ~ HEPR K FLIEIE > EERGE R EURIL R4
REA BRI RS BIMEHTR - (EIMTET T HERS R IR -

{h - FYEmERTSER

R &R FH T [5] 28 e HE EE R it M FH I e 4 S 2 AE A B > 2 DAEAE
5] Bel s B R 58 (Neighbor Users) [ & 2 fEEE R » SRR EE
BETHEEN - (H2E > ZiltEE A MEEeR - S ERT R - HaEE
X HARIN MR PGESE - ERE SRR 5 BRI M5
A E#rERHE (Imbalanced Dataset ) Z FRGFFRIELEE - HHEIEHERE TN
Z AERES R A s 2 -

Rt AWt d — [ 5 EL 7 = 7 E (Best Compromise
Solution ) 7 [E| = HEE RIS A PLE MR - FEEMENEE H k2
2R GEREET S > R EEE R &R R R M R S R
Sz MR FERR A ERFRATEEE - B AN E S ERT A
Z BB AR A > WARHEE ST  (ERAR SRR R P
BE - it B A SRSk BSR4 sk 2 EE S - WA
HHEE EE RS S P O e AR R S A OUE R E -

FhtEREUR - ARt 2 BEHE A5 0 IARER A A
WEFEFEAE » Hodh» R 34% R T2 96% » A B[R 3% 127+ &
59% > F1 515 5% T2 73% » AR 7 - ERER R EH 10"
FEZE 10°  ERMEFHFFERET 99.99% [ 2 42.78% - HEESE - A
Fe FiThE HH A [ 25 T T 240 1) 75 SUE A B2l 8 S 6 2 [ S5 P AR S

AW E iR {878 FH s 2201 il 35 BB [ 5 HEE EE R g Al 7 74N
TIREME - AR ESE RV E EHEE S - IR ITERR T RE AR
e PR AR ] 5 R T E AR R [ S R E A 2 4h > el USRS
A~ R TN E (VE S HEE B B o FLININGETE R AU 9T aY e 4
BARE  BEANESHESHES SRR LasE  RIEEET
ik E S E IR RS o KK > A EE 2 g R R AEE
BB Z REF: - BEtEa e AR sE BE (B - Bl
HREHEE - BEREE--F) WEEAESHEEEEAED ZHESER
g - DR RAEFERR RS ¢ 55— )70 » M E & & EriHBl &R

(Auxiliary Information » 41 : $H25444% ~ 11 ~ B =T HEEE -
%) o BREEESBEABNESHEEREE -
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e

f/Nig (2002) o {5 & 5 m 2 8 2 o SRR I 0 T i 52 - B & AR
2 F] > 17> 81-94° [Pu, H. T. (2002). An Empirical Study on User-
oriented Association Analysis of Library Classification Schemes. Journal
of Library and Information Studies, 17, 81-94. (in Chinese) ]

flig(= (2017) - RERPEEEE > TERE— 0 LFHEHFE -
216 B EEEE > H 115 [Ke, H. R. (2017). Da jhuan siao
yuan tu shu guan. In National Central Library (Eds.), Jhong hua min
guo tu shu guan nian jian: 105 nian.(pp.115). Taipei: National Central
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Purpose

In an era of dramatic decreases of library loans year by year, the
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book recommendation service is of an even more importance, because it
effectively helps institutions’ decision making in library usage strategies.
Since libraries’ collection strategies, patrons’ book-loan behaviors and
management models are different from bookstores in business sectors,
the problem of sparse and imbalanced dataset of library transactions
is particularly severe, resulting in negative impacts on accuracy and
quality of predictions of book recommendation systems. In this study, the
researchers proposed an innovative book recommendation system based on
the concept of multi-level association rule mining, for helping resolve the
problem of data sparsity and imbalanced dataset, and reveal potential book
recommendation lists that interest library users for providing effective book
recommendation services.

Method

In this study, the multiple-level association rule mining algorithm was
adopted, and a taxonomy tree based transactional dataset was constructed
for data dimensionality deduction, for resolving the problem of data sparsity
and imbalanced. In this taxonomy tree, features and advantages of rigid
hierarchical data structures of cataloging and classification systems used
in academic libraries were incorporated. In the other hand, for generating
book recommendation lists, the Jaccard’s Similarity Coefficient algorithm
and weight calculation adjustment based on implicit indication information
were adopted for evaluating and generating the best compromised solution
for book recommendation systems, aiming at enhancing the accuracy and
effectiveness of book recommendations.

Findings

In this study, the library loan records of the library automation system
at a national university library in Taiwan from year 2006 to 2017 were
studied, with a total of 2,966,759 records, among which 375,995 borrowed
and non-double-calculated books were analyzed. It was found that 115,915
were borrowed for just once, making up about 30% of borrowed books.
The number of books being borrowed for less than 9 times was 302,785,
meaning that 80% of the books had being circulated less than 10 times,
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which proved the sparsity of book loan data of academic libraries. Taking it
from the perspective of library classification, 80% of transactions focused
on 30% of classification categories. From the library loan records of high-
frequently borrowed items we could see that the top 20% of frequently
borrowed books made up 80% of borrowings, and focused on only 1%
of classification categories, that is, the majority of library loan records
distributed in a limited number of classification categories. It was evident
that the distribution of academic library loan records was of the problem of
imbalanced dataset.

Based on the proposed solution in this study, we conducted a study on
the 831,555 transactions we pre-processed and extracted, with Precision(P),
Recall(R), and F-measure as the measuring indicators of classification
accuracy degrees. The study results suggested that compared to the simple
association rule mining algorithm, the proposed book recommendation
system in this study could raise the Precision from 34% to 96%, the Recall
from 3% to 59%, and F-measure from 5% to 73%. As to the efficiency, the
scale of data matrix fell from 10'’to 10°, and the sparsity rate of data matrix
fell from 99.99% to 42.78%. From the experiment we could see that the
proposed book recommendation system could be effectively applied to book
recommendation services in academic libraries.

Significance of the study

In this study we tried to propose an innovative book recommendation
technology for academic libraries, which is different from traditional
models of book recommendations. Through constructing a taxonomy tree
based on transaction datasets of library classifications, we tried to solve
the problem of sparsity of data matrix and imbalanced dataset distribution
associated with library transactions. We also adopted the algorithm of
multiple-level association rule mining to set rules for classification category
recommendation based on patrons’ book loan behaviors. In addition to
overcoming disturbances of high-frequently borrowed items on low-
frequently borrowed items, our proposed solution can also more accurately
and effectively predict appropriate book recommendations. In addition,
the proposed book recommendation system in this study can incorporate
the generated book recommendation lists with the library information
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retrieval systems, for providing library users with a variety of choices
of library resource recommendations. In the future, the study results can
be incorporated with other auxiliary information, such as social media,
reputation or third-party book review information, for exploring and
discovering more interesting library recommendation items.
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