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Recommender algorithms based on tendencies between users and items

LI Qiang, HE Xingsheng, FU Zhonggqian

(Department of Electronic Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract; Recommender systems are one of the most effective technologies to help users filter the overload
of information, and collaborative filtering (CF) is one of the most widely used techniques in recommender
systems. However, CF algorithms have difficulty dealing with the problems such as the sparseness of data
and the scalability for new users. As an alternative, an improved algorithm based on the preference
(tendencies-based, TB) algorithm was proposed. In the proposed method: firstly, the user rating set was
classified into different groups according to user rating preference and item rated tendencies; then the
regression model was obtained by linear regression performed on each class. The improved model not only
achieves higher accuracy in rating prediction on sparse datasets, but also greatly reduces computational
complexity and space complexity. Through extensive experiments on three benchmark data sets, the
results show that the improved approach increases recommendation accuracy by an average of 3. 97%
compared with TB algorithm.
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A BE ML. A Netflix ML. B
UCF 35.8 536.0 3000. 5
ICF 76.9 289.2 956. 14
TR 1.2 3.4 11.5
TB 0.9 2.9 9.6

Mt LLE TR M TB & 484 & 18 /0 i
THFERT ], TR B9k i B R] 42 2% B 32 2 e R 7E ki
BUEIFRE L. % 2 M T3 6 8 Windows OS
B & =X 3F & #L (CPU.: Intel Core 2.34 GHZ;
Memory: 4 GB)

3 HER

ASCHER T 3 AR O By BHE L, ol
MovieLens!'™ A (ML. A), Movielens B(ML. B) X
F Netflixt"™. 3 A $odhs 42 097 43 #B 2 1 43 3 5
A3 AT MR N AR B 48 v P R S A
| E[ R T A P23 25 80 B8 4 O i B2 3R s
|El/(M* N). ML. A & MovieLens H fiz /)N i £ 95
£ T 943 N1 682 FRHLEL 100 000 4% P
I MR K 6. 30 X 1072 ; ML. B J& Movielens
6 040 A X 3 952 FELFZ A1 000 20945 PF 4
L, W E K 4.19 X 10 %, MovieLens i 4
H R E D L 20 FBE . Netflix J& M Netflix
LB TR B 4 4 FE AL S 3 000 44 FH 7.3 000 #B R
2,292 88145V 43 ic s 4 AR 1 B , 19 44 F P R A
Z/DVEM L 20 FHLEE BB R 3. 25 X110 °.

R 1 M O B AR e FR AT B 4R | E
BEML A BN R ET P 4EE" (ETUE"=E, E™N
E'=0). E" FE IR A AL, EP A R B0 = 0 17
SRR EE. SR b IR th DB 46 E
BEMLA B p Y6 2H B R (9 (100 — p) Yo AE R il ik
AT LLGE ok ) R 2 B0 p 45 S8 e rP B B9 W



%28

BT PR S B £ 58 4 7 Ik A5 117

JBE.ARSOR p BN 10 BLIRIFE 10 339 2] 90 il i
SRR A [F) 0 5 B2 T A 1 RE.

A AR 246 B e oK VA 9 77 R 48 i RS L 7
Y4 %} 1% % MAE (mean absolute error) #1514 22
77 # RMSE(root mean square error) ™ 52 W 4> & %
FH A 7 e FOUIN R JEE A B 0. OC T RMSE Al MAE %
WA 35 B3 894 Bk 4L Netflix 1A% RMSE Jink 17 %
TOOINAS o 59 P 4 s VF 43 09 25 5 GF J7 TR AR 51D
PRI X 2% 46 0 200 B m a7 ). A SCffi ] RMSE A
SR R bR HOE LR R

2 (ryi = pui)’

RMSE — j“-“GEP' B (10)

TEBLSERR S T, P AR S5 ) T4 A 2 &
WY B i 2y 1 A B BT 2 (AN it 5207 P 4 3 4
AR F I ZITHD. B 1 4T 3 BG4
(3 A BT L IX 3 AL AR 2R 0L o A L B R
3.4,5 WBCR LW 1,2 R £, AT G S PR
UL P A R A 2 S it &
FGE R AR O i R AR T X 3 AR
PR GETHRAPE R B LIS % B P BE T 31 B %8l 4
B A O A IR, BRI Z A a3 AR G
G E P RO RS LA 3 2 i A2 Ak s AL
A58 5 A 2T RT3 2 0 B30 3 1 T A L

Je+054

Detaset
2e+05+
ML.A
ML.B
Netflix
le+05 l
0e+00- l
1 2 3 4 5

rating
1 3EBENTEISHEFE
Fig. 1 The rate histogram of three datasets

count

H (DR, TB Bk Bl S8 0 I8 & Y
S22 53 RS- 35 5336 TP R B9 BT RASCE S AR
M =0 W, TB 8B ALy i JH P P2 23k £ & B
I P X 93T 535 24 p=1 B TB BB AR
57/ o s 7 o s o R D E DO 7 BT U R S s S B

BT RS p(BUEM 0 LLo. 1 338 3] 1 R
BUE BT A RMSE X e Ag &0, I HaT 1, 24 w43 5]
H0.9,0.7,0.7 i, F4lE 5 ML, A, Netflix, ML. B
1) RMSE 7€ p 1 BUE Yo o S fR.

1.00 = ML.A
-4 Netflix
- ML.B
0.99 -\
‘\.___..-I/.\-___.___.__‘__.___-./l
@ 098
% ‘ﬁ“/\r/" -A/\ ,._-—‘/‘ —*
A
097
0.96 Fe—_,
\o-——'“-n..,.___‘./.\ e
095 C 1 1 | 1 o 1
0 0.2 0.4 0.6 0.8 1.0

H
2 3AHEE  AEIER RMSE Xftt
Fig.2 RMSE comparison with different ;. on three datasets

ARICK TR Bk 546400 UCF Al ICF LA K& TB
B IEAT T X Ee. Hoh UCF A ICF 833 5 32 M H:
M CP D B BC K A5 S 1R P D AL
I R B FH P C O AR R B 40, S B0 o A b, FRATT S
T4 K M\ 10 334 ) 200, MG 4 10,24 K=30
i, UCFE #1 ICF 83 B3k e, fr A FRATT i % K=
30 VE R Er 40 4. TB Bk R i T 280 p i
B 2 R AE A S ML, A B S i% K 0.9, ML. B
Ml Netflix #R R 0. 7. B 3 JBR T 18 A [H I 2k 4 1
Fo AT A B i ZR BN 0 T e A AR AR 2 T
£ SN A I N T 3 o O (i 2 £ B S JE =
RMSE. )& 3 fral 45350, 7F 3 L84 I TR Bk
PERE LAl 3 ARG R AR AT, OF H RMSE 76l 2k
BAREBE 60 ZF i TR, XEKE TR A
2T B W Y2 B A 5 7T A5 B X — R R
TR BN LR ERE RGP, 32 3 A T TR 5k A
T TBPERe s T iy HAR SR 78 3 8 4 oy
BISERR T T 3.12% 4. 30% ,4. 50 %.

4 #it

BT H P B9V o3 e S AV AR 40 ) TR
LU e — ] SR R T 3 - B0 P B o3 4
AR . SR A5 SR W ARSI i i A0 i
i Jp B 53 2 5 SRR 4 006 T P 7 2 43 LW o
g3 P B 0 A A B A 1T U5 AT LA 1)



118 FTEAFHRAKXFFR % 46 %
1.02F ~UCF
»ICF
1.00+
098¢
@
50.96 -
0941
092t
. . . . 090 . . . .
20 40 60 80 20 40 60 80
training percent / % training percent / % training percent / %
(a) ML.A (b) ML.B (c) Netflix
E 3 TR 5 TB.UCF.ICF #14 8E45 4% (RMSE) %t kb
Fig. 3 The accuracy of TR compared with TB, UCF, ICF algorithms
% 3 TRIALL TB HiXH RMSE BRI F
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