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Collaborative Filtering Recommendation Algorithm Based on User Characteristics and Expert Opinions

GAOQO Fa-zhan HUANG Meng-xing ZHANG Ting-ting
(College of Information Science & Technology, Hainan University, Haikou 570228, China)
Abstract Collaborative filtering recommendation algorithm is one of the most widely used algorithms in recommender
system. After analyzing the low precision problem caused by sparse data in conventional collaboration filtering algo-
rithms, this paper proposed an collaboration filtering algorithm which integrates user characteristics and expert opi-
nions. The algorithm analyzes user characteristics, compares the similarity between users and experts,and then calcu-
lates the similarity matrix, Our algorithm reduces the sparsity of dataset and improves the accuracy of prediction. Qur

experimental results based on the Moviel.ens dataset show that, by using our algorithm, performance on the cold start

problem and relevant accuracy of recommendation has greatly improved.

Keywords Expert opinions, User characteristics, Collaborative filtering

1 Bl

FEEMNEEEREARNKELE, EHRN L WEB MM
P T RBIERS, ERAF TENAKRRE RSP REXE
CF ANER, XHE B BRE YT E B R B 8T s i —
MEEE. BERGERAIME BEBNARO Bz —, K
ZERFMT AR AR EHRIMETIRERDD, ERER
FRRGERARS FRSE A7 0 1 B PR RO N B AR 5.

BERGEEBEARNBEENHEESNETAS
(content-based) ) #E # . 2 F 5 £ i 3€ (collaboration filte-
ring) FYHEFE . 2 T 41iR (knowledge-based) I HFNE S
%, HPETUIMESENEENBEREN 2, EHEER
HEABEA PR ST 5 BB M5 P &
TR AP AR P B B X R S ARV B . DMER IR
A RE T H P (User-based) By #EFEH 35 A1 2 F 01 B (Ttem-
based) HEFEH Y, KPR EEMEEFA P HIESHE
B FHRARUE P AR B G MRS E . FELRNE
FiaRS, BERRL B MPER R RS ER
e,

WA :2015-10-10 B4 HH#H.2016-01-12

40b 2 A o () R AT DA P P P BORRAE JR A, LR D i L
BB R PR — SRR BB T P B i e
PMEL SR Bk P 5 | P RRAE FT LU A 2B R R B [ 5 R
MFIARZGEUMED B, EB TN L REMLT R
EXBRZEBBFE,

A0 2 T THRBIE: B 3 WA A TR %8
ANRE TYEHMERE B 5 THEH TXRARRMBE
BRI RR TAHTRE.

2 HXEHR

AT R BIER B R, SR R R, B
SMRBEERA T ARMBGH T &, X414 RFEHEP
FEAEFIIR B IR B0 P A R SRR T IR R MO
SCHRLS J6E X BT SB S5 b ARV, SR 1 T @b F R
X SECEATERMRACTIEEE . SCHRL6 TR %5 18 P 49 1E A0
FAP AR it 1) B9 8, 2 L T — PP 22T P R At 18] £y Bl
Yt UR vk , (A8 B RS2 0 8] (0 R P DB B A K AR
H, SORL7IR N TR EAADUE R, ZOT ERIEAR R
BT B EEARBEEE.

AR ER H AP RS E (61462022> %2 8).

WERA9950—), B Wi, TEHRF LR FIE S, E-mail; 1304379554@qq. com; B R (1973 —), B, ##2, @1 4 B IF,
FEURFTRRBE SR TR .2 E SRR AMEI IR 545 (1991 —), %, B4, FESTH M ME LR,



104 it & PR %

2017 4E

RSO 3 BB F P Z R SR IR 4 5 B A8 AR 18]
T . RTFERCRAR SRR R E LT, P e R4
B0 B 42 T BRI , S35 R DL M T O B M R A I B [
FAPARIBEE 7T LA 8k F P R AE & R E A B
Fo XRIBJEURKE REETABMOET R, B8 E
M REREHMLE, SR BEENEE. SRERA,
FEHFRKEREELT L ZEEMAZIPMEL B P AEH
BRI AP R, XRIOIM MR B RE S T —F a0
P AR, REEEE TR AMERER HES
FE R AARDUE P Z BB — N I 8765, AT 32 B
WE. BERXMBFE—ERRZA: DERBEERH L
O AP AUOGE A -1 B 5350 R X Y e S T 1
KI5 EIT B VEHE  2) 7% 1B & RS R A, LOUR A
P Y EFERETTEMULE, T 8H B BB R AP
FrEE R R I 5 B & AR P E RS B AR, BT LA
AT F— BB R B SR —F. DIPH IR,
T REE IR IR E T %k AR AR PP Y , T
AP R, TR R NS B BT AR
T A R T X E R T * X B RAMAF B RAGE—,
RS TR DR . ASCRIR R, AU BRI P AFIE, £ %
BEVR RGBT R R FIARRE #— 2 LB P 5
TR LUE , AT R IRBR R AR T 38 7 B A v 1

3 MIRAE
3.1 AP-mEESER

BB ENIFRBEETUH - mxn WEERS,
& 1 s, HpiTRR n AP FIRR m FWE ,ry TR
AP i XIHE j P, 1<KisKim, 1< <n, vy FETE 0~5 43
zE., HHP WA ; 780 =0,

F1 MAp-mEMESER
B Hm

Item; ... Ttem;

AF

User; riu ry; Pl

+ Ttemom

User; ri .- T .- Tim

User, 1 ee Tnj Trm

3.2 fapuEitH
ETHPRUMELIEE S, AAACEZ N ERY
WU A 3 A RILAM U B IE A KA DU R A 2L
. AR MR LUNEE D P IR E R T
FHRABLE LHR A Pearson AH AR, Fo B2 B 77 ¥k A
KDFER:
; 574‘ (rui _r_u) (ru: _T_y)

Euv
J > (m—rm\/ S (roi—r,)?
ieluu ie[u’l/

P, e 43 BRI w AP v ERRRE L. 8P
Hsy,
3.3 ETFAPASESDETR

G5 TF P B BME e e (S (SR P A P 3 IR 3R
Sy PORDLEE , T B % PR B R G AE A 7E 1
£ 5, AP ER R, BT RERER A 14

ey

simQuyv) =

R ATREAR R, TR — 28R F P 068 % 47 B — E A
APE', RO P P R AE B A B 4% GE B A DL BE 338 o 7T LA 42
FEFERE B IR L BE AR R — E W SR B IR B &,
BB LP A BT Bdget , FF A P RE RS
PMESIBE L. FRRUNH P Bk R RGN, R A P
EREE BT UAREFEERE TR A SEE. AP
ﬁﬁﬁﬁﬁﬁﬁﬂﬁiﬂ—?j@(m Az 235" 3 n) o

RS KRZHAROLT ARSI P 8 SR
RAETE . o, LA wETHEERA , BER S RE T
BITEER . BrLORHER 2 R B4 i

0: KRB

1R,

PP ARG AR R B B P P T SR A BT AR IR e, /s
BEXESER , EOFERERE R P EABREREL
EhRZZEANBRBLRAT F. BAFK I AEFEBERLY
BWER . GUT T ERBRHR .

1:.0—6 %

2.7-12 %

3:13—18 %3

4:19—30 %

5:31—40 %

6:41—60 %;

7.60 k.

AP R E I R X (@) BR

dem_cor(u,v) =é}lsim(uk y o) Xwlag) ;é}lw(ak Y=1(2)

Heb,n BEAPBHEWER; simGu. v BRP « FIBP v
Bt ar LRALE; wla) BB o BT EHNE, ZE—
B SERRgEH AR . P u M v B HERIUE dem _cor
Gu, VEFEFRARBRE LECERMER . 0 o BEUE
B, AR R L WAHCERRBRNG#TIHE.

sim (e "Uk)zl_z—tk——'}ﬂﬁ 3

3.4 BETERGEEHMELER

2009 4E Xavier Amatriain & A TETERZETH
et EED  ZBEET AR ITEESI A ELESRAP
Z IR A AR LB BN TT, AT AR KRBT B E 2, ETER
FEMPMELBE S FEARE P EE—HEXKA,TE
YHEAP S5EROHELE. BT HESR, FIERE TS
H & ANE RN AT PR RLE AR, R E AR B UL S8 R
38 P i T M.

HERP u MER e ZEHIFPUEE sim (u, ) 23 10
—F:

S Gus— 1) Gere— 1)

=Cue

S ae—r X 2 (o —1)?
€S, sGSue

SS9

stimu,e) =

2|L. |
IAETA “

Heb, LI L 4 BIRAAF v 5K e KIFRTHES

WA EEAP « RIESHERE . REEREHS o
BB ARILI & L E R BALIREWE S, XM u
XIHHE ¢ BBRIUTEE 70,08



F28 BRE. %5 S5 HPHERERGEWIMES BERE S 105
— 2 Lsim(u,0) X (., —r)] ASCRFIE RN (MAEVE BT, TR
Tui =Tu B i MBI 5 P P SRR VA 2 6] R e B U 5

> |sim(use)|
wES(w

Ho, n R A BERENES 0 55K e B EHIE, ..
ERERe MFE i B

4 BEFEMAFARERERBEEMETRE S

X T IRARE RGP P REE B A B A
BETHE R, tegn, f# A MovieLens 38 i) F P 4R 0% 15
Bk, SCRRL1I0IB S BFMA PEOETE N A% S, W
(B FT7n:

enh_cor{u,v) =sim(u,v) +sim(u,v) X dem_cor(u,v)

' (6)
H,enh_cor(u, ) FARAFS u MAF v 8 BAEMBUE, sim
(u, FAHP w AP v KIPHERUEE, dem_cor(u, ) R
FP u MRS v KA P RRIEARLE

BAERRPMERBEE, TURIB, « R
TSR, e RBEEBBEC_EQW)MAPHIESESE
(S U@ P uXtHH « BBIES MR (D R

- S [sim(use) X (rei—7)]
Pu,jzru +a><eGS Eu) E
e€S_E(u

2 [enh_cor(u,v)X(rv,i—‘—r;)]
v€ S Ulw) (7)

enh_cor{usv)
v&€S_ UG

K or e ABIRA P w AP v 5% K ¢ FITS
{87 BN v ST H @ 5« RBSERBRE. BRA Y
HERBERAMA SR RIIRTET.

FOCERM TIRGHEEE L, WETUHANHFARIERT
FEENUMESIRE . REELGHE T IMELRBEENE R
BRI, BTN T

DS ARPUE R &, v 8 R - 22 18] AR B3, -4 B X
(O F P RAE AR BLBE T B b

DITHE R TR Z A AU ;

DL BAHMUBEN KBNS, 4 B R B E TR A MET
FREOBAEE » MR RLRER BRHF R48E;

ORTER (D, EFRIEBE TN BARA P R B
HIPEST 5

5) % R H PR X B HEFF B RIS K) Top-N #i7E.

5 XRERRSH

5.1 ¥igsMEfERkizg

Sk A MovieLens $#E £ (http; //www. grouplens. org) %
BHREMARMESITER . MovieLens 2B ik M A28
GroupLens MHAF KM, ZREELET T M43 A X
1682 FREE F IVEHT . BALF P Z A0 20 SR8 B4 VR4, DE
SHER1,2,3,4,5 L EAE, PEOMER K, TR P X
HEBRERD . FA-T1H OIS SRR RSN .

100000/ (943X 1682) X 100%=6. 3%

HEFZBIESE K A Rotten Tomatoes, HHE MovieLens %
BEFBENIRE, BT 154 &5 F 5 1205 FEH @
26739 WiFHr. € F-ME WIETESERHER .

26739/(154X1205) X 100% =14. 41%

+A—a) X

)lsim(u,e)|

IR, MAE BV, R RERE. RBUTHAF T
ﬁﬁ%il—_ﬁﬁ{l’l s P2y "y Pn } ’ X‘TM%Q;%FHF'FF%%%%
{q15q2+5qa ), MITEI LR MAE B95E AN ) F7R «

ig | pi—q:l
=S
5.2 R RERSH
A SLWHS B BB E PRI BT RASIER UMEL 38
BES54E0NIMETIRBE RS RELARSTHE. ©H
&SR 2 T P R EMET BB B ¥k, 3+ 5 SCHR (8 1R Ry S E
BT, I TREHESRHESLHE, L8 MMovie Lens
HREHLIEL 300 4 F P A KA L B BEESE , 184 DB300,
FHHBBAEIER 82 MBI A INSEMIIEE. HTRD
AERIESE £, LR M4 B ER 10,20, 30,40,50, 60,70 FI1 80
P E AR HE .
(DEBEHESE & Fla
LI A Pearson AR SC U4 Do 4 (0L ¥ B B 5 8%, 3F
HHE TS AN EHFRORME o« 23BER 0,0.1,,1,
L4y B13%E#E & 2 10,20,30,50,70 B, ATFEB A 1 FiR 8
WLER, '

®

081

030

079

g
S orsp

172 D S S

076

175
¢ 0 02 04 06 08 10

Alpha
1 IE4R{E & E{E e

B 1 LRGSR R TP E & AR « LR VIt
REMAEZHBXR. ANEBRERBENELBIRE,
MAE BE& B « BT RS LA s EHE. NER
Bl MRS k=30,0=0. 3 B, F 43}k % MAE 81K,
BEHEAT BT IR

(DB FEIEW LB

B 2R TR MM IR E R R,

110

105 «< ECF
-« UCECF

100
095

0.90 \.\__\.’//‘
085
080 F--"" -~

u7(11 20 30

B2 ARUMEREERK LR

B2 B R ISR L AR E T4
MAE., iR 1 PHER BEAXEEHETE T « BER
SEN 0. 3,3 ¥ A CH B (UCECP) MGG E T A s th
et 38 (UBCE) . & T & KA £ B UMER 18 (ECP BB AT
e, SKBESRANE 2 B, FTLUE S M FRET P EME
IR R T L REENUMED IR, 2 XHERABMKY

MAE

JEUPERPEE S
- ey
————




106 NI S

2017 &

MAE, i SRS BESE . A SO ok 5 8 20 0 P e X 3
WIS, 38 BEIT RAFEX TR F 0w, 3 B1E
AR k=30 A}, BEGS IS BAEHIMFHR .

BRE  ACEXHEGUMED BB m IR R R A R
Rl THEFAPREREREEOUMETRER:. LFH
PR RGN, AR RS REAHE B T A R i
HRETRREHEE. REZEEREARRMEFRER R
R MBI BT KB, FR O e iR B R AT T
%7 . £ MovieLens #UE S F ML R HIE T AR B MRS
RPRIE ARG ENIMESIRE RN AR, ZEERE
THERENELE , IR B BRAR T B4R 52 O A A8 JR B S IR
T4 a9 S TR, AT LASHSG A RIB R AT 400, LUB 2
BARSEUE , NTOAT B .

& XK

[1] SHAFER,SEN S W,FRANKOWSKI, et al. Collaborative Filte-
ring Recommender Systems[ C] // International Conference on
Intelligent Systems Design & Applications. IEEE, 2015 438-443.

[2] YANG C,AlICC,JIANG B, et al. Demographic Attribute-based
Collaborative Filtering Algorithm[]J]. Journal of Chinese Com-
puter Systems, 2015,36(4) ;782-786. (in Chinese)

B, LR, R, 5. —MRA A DS E R PR IR
(1. ABAITEHLR S, 2015, 36(4) : 782-786.

[3] JANNACH D,ZANKER M, FELFERNIG A, et al. Recommen-
der Systems: An Introduction[ M]. Int. j. hum, comput. interac-
tion, 2010.

4] SUN L F, HUANG M X. Collaborative filtering recommenda-
tion algorithm based on user characteristics and item attributes
[J7. Application Research of Computers, 2014,31(2):384-387.
(in Chinese)

PRI, EBR. LA FERSE B EME IR RS
V0. HHHLRL FIBFSE , 2014, 31(2) - 384-387,

[5] SHUO L X,CHAI B F,ZHANG X D, Collaborative filtering al-
gorithm based on improved nearest neighbors[J]. Computer En-
gineering & Applications, 2015,51(5);137-141. (in Chinese)
TR, S5 WFTR. BT B ROE B R i i A
()] L TR 5, 2015,51(5) : 137-141.

[6] PENG D W, HU B. A Collaborative Filtering Recommendation
Based on User Characteristics and Time Weight[]]. Journal of
Wuhan University of Technology, 2009, 31(3); 24-28. (in Chi-
nese)

EEHR, PR, —FET R P RHE AR E R B R R R (T, R
WHT K&, 2009,31(3):24-28.

[7] CHOI K,SUH Y. A new similarity function for selecting neigh-
bors for each target item in collaborative filtering[J]. Know-
ledge-Based Systems,2013,37(1):146-153.

[8] AMATRIAIN X, LATHIA N,PUJOL J M, et al. The Wisdom
of the Few A Collaborative Filtering Approach Based on Expert
Opinions from the Web[ C] //Proceedings of International ACM
SIGIR Conference on Research & Development in Information
Retrieval. 2009:532-539.

[9] YUN L,YANG Y,WANG J,et al. Improving rating estimation
in recommender using demographic data and expert opinions[ C] //
2011 IEEE 2nd International Conference on Software Enginee-
ring and Service Science (ICSESS), IEEE, 2011.120-123.

[10] BOCAMC E, VOZALIS E, MARGARITIS K, Collaborative Fil-
tering enhanced by Demographic Correlation[ J . Proceedings of
the Aiai Symposium on Professional Practice in Ai Part of World
Computer Congress, 2004 ; 293-402,

[11] LIUJ G,ZHOU T,GUO Q, et al. Overview of the Evaluated
Algorithms for the Personal Recommendation Systems[ ] ], Com-
plex Systems & Complexity Science, 2009,6(3):1-10. (in Chi-
nese)

XEE, A% B85 MR R G R FRgR )] B
RO 5 E MR, 2009,6(3):1-10.

(&% 102 7

[16] LIU C C,DAI D Q, YAN H. The theoretic framework of local
weighted approximation for microarray missing value estimation
[T]. Pattern Recognition, 2010,43(8) : 2993-3002.

[17] RAGEL A, CREMILLEUX B. MVC—a preprocessing method
to deal with missing values [J]. Knowledge-Based Systems,
1999,12(5/6):285-291.

[18] AGRAWAL R, SRIKANT R. Mining Quantitative Association
Rules in Large Relational Tables[ C] // ACM SIGMOD Conf.
Management of Data, 1996;1-12,

[19] SCHNEIDER T. Analysis of Incomplete Climate Data; Estima-
tion of Mean Values and Covariance Matrices and Imputation of
Missing Values[ J]. Journal of Climate, 2001,14(5):853-871.

[20] RAGEL A,CREMILLEUX B. Treatment of Missing Values for
Association Rules[ M] // Research and Development in Know-
ledge Discovery and Data Mining, Springer Berlin Heidelberg,
1998.258-270.

[21] GUSTAVO E,BATISTA A P A,Monard M C, An Analysis of
Four Missing Data Treatment Methods for Supervised Learning
[J]. Applied Artificial Intelligence,2003,17(5):519-533.

[227 RAHMAN M G, ISLAM M Z. Missing value imputation using
decision trees and decision forests by splitting and merging re-
cords: Two novel techniques [ J]. Knowledge-Based Systems,
2013,53(9):51-65.

[23] RUBIN D B. Inference and missing data[ J]. Biometrika, 1976,
63:581-592.

[24] LISTING J,SCHLITTGEN R. A Nonparametric Test for Ran-
dom Dropouts[ J]. Biometrical Journal,2003,45(1):113-127.

[25] PREISSER ] S, WAGENKNECHT L E. Analysis of Smoking
Trends with Incomplete Longitudinal Binary Responses ] ].
Journal of the American Statistical Association, 2000, 95(452);
1021-1031.

[26] WANG P,AN C,WANG L. An improved algorithm for Mining
Association Rule in relational database[C]// 2014 International
Conference on Machine lLearning and Cybernetics (ICMLC).
IEEE, 2015.247-252.

[27] KONONENKO I,BRATKO I, ROSKAR E. Experiments in au-
tomatic learning of medical diagnostic rules[RJ]. Yugoslavia:

Ljubljana, Lozef Institute,1984.



