Statistics and Application i1t 58, 2021, 10(5), 845-854 Hans X
Published Online October 2021 in Hans. http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2021.105088

ETHFZEUSH PR ENRES SESHMER
&

REH, £HRE°, 4 B2
RIS, R
PR R B TR, K

ks HiH: 20214F9H16H; FHHEM: 20214F10A1H; &4 H#: 20214F10H 18H

=

xRSt A EEEREm B AUEVERT. ST EENE, ACRH—METH PN
SR BRI SAZ R 5 (Aggregate diversity improvement method based on time se-
ries change and user clustering, ADI-TC, n = 3). &30 B (6] B 55 TP 431047 AR i i - pP4>
SERHE; SR A R4 (Singular Value Decomposition, SVD)3EAT 33515 7 22 AR5 30 7 i 1 1) L
RIER P Imirxt P #ETRE, GE P W RmEMEUETTER P SRR, Bt ESEBurdin
HRIEFDFEH P SRS EES R 2. fEMovieLensE{B4E LR R HA S EMN F44
ETHP R RS, EHITSECH200, MAETR4.5%, SAZREMETT DR E2%. AR
H 7 V2 B FE IR UEFE R VE R P O T IR T IR B B B Rt

e A

HEEE, HEETF, svD, EH, T

Aggregate Diversity Improvement
Method Based on Time Series
Change and User

Clustering

Jinlin Song?, Shuhao Jiang?, Yun Hao?

'School of Science, Tianjin University of Commerce, Tianjin
’School of Information Engineering, Tianjin University of Commerce, Tianjin

Received: Sep. 16", 2021; accepted: Oct. 1%, 2021; published: Oct. 18", 2021

NEF|I M RGN, LA, ME. TR PSRRI R RS2 R RTTED]. gt 5 R, 2021, 10(5):
845-854. DOI: 10.12677/5a.2021.105088


http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2021.105088
https://doi.org/10.12677/sa.2021.105088
http://www.hanspub.org

Abstract

Aiming at the problems of traditional collaborative filtering algorithms, such as data sparsity, par-
tial similarity calculation and insufficient diversity, this paper proposes an aggregate diversity
improvement method based on time series change and user clustering (ADI-TC, n = 3) to improve
the aggregate diversity. By adding time factor, the prediction rating is weighted to improve the
real-time performance of user rating. Singular Value Decomposition (SVD) is used for data filling
to alleviate the problem of data sparsity. Users were clustered according to their preferences, and
user comprehensive similarity was calculated by combining user rating and category similarity.
The nearest neighbor across classes methods were selected to improve the diversity of collabora-
tive users and improve the diversity of recommendation results. Experiments on the Movielens
data set show that compared with the traditional user-based collaborative filtering algorithm, the
MAE of the proposed method decreases by 4.5% when the nearest neighbor number is 20, and the
aggregate diversity can be improved by 2%. It shows that the method proposed in this paper can
improve the aggregate diversity while ensuring the accuracy of recommendations.

Keywords

Collaborative Filtering, Time Factor, SVD, Clustering, Diversity

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

AR RHERE R G O R JRAFARH R, 1R 2 5238 e O B A I HERA TR 1 455 T ) 5t
BRBIRM AT REAEN T, HIA R SRR 2 U s 2 R I HEA oy B i, 287, iR
FIZ I e VR I I AN — € BRI = AT R P i e, A — S et vt vl it A R[] [2]0 — D5 T A g
AER S R SR H RS 8 R 0 e AR (3]s 55—, AR R SRR B 5
LT AL, AR & R ()2 247 [1] [4]. Fleder D &8 N[S]HWFFCR W], HERE R G AL H]
R PR B 2R, AR TR 3-SR M 2R B T L L

ZAREPE AP T LA N R A OL AR SR RV R A K R ARIRRE T . B REVERIMER VA B
BAAE €M E, — MR R LIRS RE — MERII R XA, W7 L aT GEHR m
ZREERIE L T ARAR DRI R G2 W ROUERE, ARy T — DT TR LN A

2. AIRE=

BB TR R LU BT DR, A PEAHERE A OB 78 R BORBRIR N, HERF 2 REPE ATV
BER 4SS & A REAEAS R WA & — EORFFIT BRI Db 7R R, R R UR L, I
T2 FEPEROME ST 4 B, & BERAEAE 51 2R b (X AN DU P O %, i LI T2 [ 3 AT g
AL ZRACHER REM NI P P A MBI AR . R R BN Z MR SR R—— B2 HEE
AR ZFENE . R BRI SE R RS RE, PR PRSI R I B e, BRI R
AR S TR U RG] MR Z RN SR B REE R AN R S M) dh R s TP, M RETER)
W E 5 AEIE G [ A FH P A2 I T3 AL B i, AT B2 et FH P ARG, S0 P A A

DOI: 10.12677/5a.2021.105088 846 Gt 5 3


https://doi.org/10.12677/sa.2021.105088
http://creativecommons.org/licenses/by/4.0/

REM 2%

HAMRZ 285000 1 2 RGBT L. X 58 N [6]52 Hh— Bl P it HHERE 01 22 1 Top-N #4277
%, FEFR AT, AT DUE S ) e R i R, IR BB R R B R S AR H . R
HAE N [T]HR T F P W ANl S BRI 2 AEVEHERE 50, AR T R AR IR B EL,  JF REAE PRI E
RIS TR R GRS, RO BEE AN [B1HR th — M BERE1E T U FEAN 2 A 1 2[RI AL P Ak
W ZFEPEOAL T 2, SR — AR I D S Al S AT H 2R3 5 SXVF 2 OHERR BOR, SRR KR 2 F
WA FEEHAT JE L SRR, SEIR R WIZ T iR BT RO S MR PR A AL RIS N [O]52HE 1 —
ANHT BT XS BRI A 22 REVEHETE IR R AR, AR W] LRI AR A BB . AR R M =AY H
bR, SRESSURERN], EAEFTE. REDHAE. MRSREERUEEIE T, PR A B A S RE .

ER WL BRI T HERE AR, (AR AR RS TR SR A e A R KR R e, IR
BEA 75 FEIN TR R A0 P S0 i 2 068 TP REABLBE TSR AR o DRI AS SCHR e — T I PP A2 A 5 P 36
RS = SR ZAEE I TE, TR0t P PR 2B AT IR, T CABR e (e PE A 2 e ARYE
P BER R ILREE, a5 G R PR ASEBIAR U T S P Ex AU . TR 1 SVD SHFE Aigs 2Rik AX
AR, SR BRI AL 3R it A

3. ETHFEBEUSRHFARENRES S HSHMNGE

ARSCHR 2T AR A5 P SRR3R vt e A 2 REE IR TR 5 AR TR AL R DB I
PRI, MR DGERBEI AR AG I e, AT LABR st B A SVD XPHI - IUH PR E R EA T IR T,
SR T MR IR L AR B A P 1S SRS o0 P AT 2R, S ARALURE . AT ot 2R 4
AT R A RBAT RN RSN LR G 3, RS AR AR R aE 1 s,

Y,

H A P-T RIERA PGB ARKT
ﬁ%g’;ﬁg;{f = ?’g%%ﬁifwﬁﬁ)ﬂiﬁ
LA BR8] B F AR
FRENMIAESVD)
Y
HIERAP- ‘0 FR RS AN
HRAPES KPS EIMR A
1R iE
ZAMRIE
\

53R / MEHEELSR ;<— FRAPITES < £ERRIEMBEE

Figure 1. Flow chart of the methods this paper
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Figure 2. MAE corresponding to different weight coefficients
B 2. BT RIMNERKX N MAE (&

UL, BARRIEORFE, B MAE MRk KB, B L 3K, MAE Jeif/Naiok,
YOI 25 JE P VP ARACLEE 22 FH P 2 MR DA RS 2 (A R e R R o 24 2 7E[0.1, 0.8]5 I I I, MAE
Bt A (8K T s 24 4 #£[0.8, 0.9]5G I, MAE Bl A R3S AT Ig K, 56 W S0 28 J7 ok I e A T 2R % 2
4 0.8,

43.2. BIHHEELERAT IS

TERE TACERE A 9 0.8 J5, HRARSEMEE A\ [18) RN 225 N [19] OB FURE L, %7 e AT 40
M k=30, 1=0.8, RFECNIS, 12]2 [E] )5, SRIEAEX BAS [F] B R EECR THEANE P AR50
) MAE. SZE&4E Bl 3 s

0.820

osts A ~—
0.810 /
0.805 =~

0-800 T T T T T T 1

MAE

RRY

Figure 3. MAE corresponding to different cluster numbers

El 3. BT RIREHIREE MAE &

AULE H, MAE BESESSEIG I el b Ja R . BN BBU DI, SRBEE R LB, [/ —30))

DOI: 10.12677/5a.2021.105088 850 Gt 5 3


https://doi.org/10.12677/sa.2021.105088

REM 2%

W P R 0 ZE R, e LIRS R S e ek R B e s T A SRR 2 0, AN RIS EE R
b, BEEMI—ANIAP AL PR, TEERNFREBZH “4E7 , HIEREA
B 2 /D R HE A TS A AR KSR, DA AU S0 FHR— AN A& MR H .l & 3 LU F,
RN T MAE BAIG, U Z S RO E N T,
4.3.3. BAEH n IHEFELEROF WO

5 AR PR G A0 AN 7R AR P S rp R RO M )i AR5 e 12677 ¥ A T o 5 288 0 B 41 1 7 30 AE A
TEAERA MR AT TR IR 2 RN, RIRSTIOHE N T IR NE MY, T I LI 2 AT
FEIERL. ZIVEIREL A = 0.8, RECN T, BIEAANHECTN k = 20, 25, 30, 35. 40. Ffi# n (7284
MAE F1 Coverage 784673 Al an 1€l 4 R 5 Fiom .

MAE

2% %n

Figure 4. MAE corresponding to different cross-class numbers
4. TEIFEEBXINE MAE &

0.50 I =0=k=20
0.48
0.46 {
@ 044
(]
g 042 =H=k=40
3
§ o0 \\
0.38 ¢
0.36
0.34 :
0 1 2 3 4 5 6

B R Hn

Figure 5. MAE corresponding to different weight coefficients
5. BEREMRE RN MAE (&

AILLE H, 456 MAE 5 Coverage fsia 45 R B, 4% MAE #2/)s H. Coverage s K BT B 125 84,
POAZEEE R n N 3.
434, LEIHLEER

N T BUE AR SCHE H 7 R AR M R, R ECEE T P B P R P8 B9 [20] (A user-based

DOI: 10.12677/5a.2021.105088 851 Gt 5 3


https://doi.org/10.12677/sa.2021.105088

RE 2%

collaborative filtering algorithm, UBCF). %= -1l SR 4145 77 7%:[14] (The recommended method based on
spectral clustering, RM-SC). J& i [A] (K] 7 F1 SVD 3 78 (447 777%:[21] [22] (Recommended methods based
on time factors and SVD population, RM-TSVD) 13 T-if 7284k 5 H 7 BRI m R 2 FE R 77 (n =
0) (aggregate diversity improvement method based on time series change and user clustering, ADI-TC, n = 0){
RASCHIR 7% LA =08, ERECN T, n=3, 4% k=20, 25, 30. 35. 40. MAE #l Coverage
Xf g Ry mlan &l 6 R 7 s

0.88

0.86

0.84

MAE

0.82 &

0.80

0.78

0-76 T T T 1
20 25 30 35 40

4Bk

Figure 6. MAE comparison of different methods
6. FEI737AH MAE XftE

0.50 —o—UBCF
—8—RM-SC
0.49
—4—RM-TSVD
0.48 =&ADI-TC,n=0
)
@ 047
[}
3 0.46
(8]
0.45
044 + e
0-43 T T T 1
20 25 30 35 40
8B %k

Figure 7. Coverage comparison of different methods
7. IEIF3%:HI Coverage Xttt

ATLAEH, gk BT iER MAE B I AR B I, SO vERERR R e . IR BE
MAE FI Coverage 1784k %, RM-SC #HEL T IHAM VAR AR, BB HEE M R EER, 4
P AT HER R BRAE [ — KRR R A, MREEAGR, G RER > i i 2 ] DA 2R B AR CL R f i 1Y)
JUZ R AR, T — BOE ARSI 2, BT AR AR B 1) RS SO R A AN, IO AR S T
AU RR L 5

746, RM-SC Lt UBCF ] MAE /v, 15 AR FH 7l def 3047 1% 2R 8 mT DAAG 00 w22 HE A 2
RM-TSVD tEt UBCF ] MAE /v, St BTN 8] 5] 5~ MIEAT SVD 3R 78 n) LA 28022 f it M i M 2 T 12
fEEAER T {H RM-SC F1 RM-TSVD W75 %45 i ) Coverage #8KE(/NT- UBCF [#) Coverage, iHH

DOI: 10.12677/sa.2021.105088 852 gt 58N H


https://doi.org/10.12677/sa.2021.105088

— BB A AN A T v BAR T A IR MR T, (H e — e R B A I S AR R

zi LA, ADI-TC, n=3xftbHAh 7%, MAE £/ H Coverage 3011, #81i% 7 VE(E MAE /M)
TN 3 52 BIBE SEEL n AN AT DUSRIIE HEFR AR M 10 LR 7] LA RO 3 s SR 2 R . Rk, &5k
AR R R R R, SRR S PR, SCIRIOUE T VR A Rk

5. &hig

ASCHE S G I P AR S SVD ST FLARE A7 B H I SRAR S 5 B FEA J5v o 3l I I [R] [A]
T EREO TN VE > BEAT AL KA SVD BEATHE A 7e s MRAE FH - i oxet FH P EAT SRR il i Sk G
LB T7 AL A SN R ISR B R o SRR WA SCHR Y 10 75 VA REAE DRAIEHE R HHE AR P I AT T 48y A A
SR, ISR E L

(ARSI TR S v 1 A SR B AR, IFREE AR AN, RIS i e AR A Xt e 2
FEPERI R RAER AR, — R Py At — 2Pt 7

&5k

[1] McNee, S.M., Riedl, J. and Konstan, J.A. (2006) Being Accurate Is Not Enough: How Accuracy Metrics Have Hurt
Recommender Systems. CHI’06 Extended Abstracts on Human Factors in Computing Systems, Montréal, 22-27 April
2006, 1097-1101. https://doi.org/10.1145/1125451.1125659

[2] Cremonesi, P., Garzotto, F., Negro, S., et al. (2011) Looking for “Good” Recommendations: A Comparative Evalua-
tion of Recommender Systems. In: Human-Computer Interaction-INTERACT, Springer, Berlin, 152-168.
https://doi.org/10.1007/978-3-642-23765-2_11

[3] Cremonesi, P., Koren, Y. and Turrin, R. (2010) Performance of Recommender Algorithms on Top-n Recommendation
Tasks. Proceedings of the Fourth ACM Conference on Recommender Systems, New York, 39-46.
https://doi.org/10.1145/1864708.1864721

[4] Adamopoulos, P. and Tuzhilin, A. (2014) On Over-Specialization and Concentration Bias of Recommendations:
Probabilistic Neighborhood Selection in Collaborative Filtering Systems. Proceedings of the 8th ACM Conference on
Recommender Systems, Foster City, 6-10 October 2014, 153-160. https://doi.org/10.1145/2645710.2645752

[5] Fleder, D. and Hosanagar, K. (2009) Blockbuster Culture’s Next Rise or Fall: The Impact of Recommender Systems
on Sales Diversity. Management Science, 55, 697-712. https://doi.org/10.1287/mnsc.1080.0974

[6] XIELE, BT, ATHE R AR 3E T HEFE B Y top-N 37 5L [J]. THENLENE, 2014, 41(7): 270-274.

[71 XBuRiE, x02EF, 2k, T F 5 Il Fsh 25 D4 0 2 B M 7 vk 0] /AN RS AL R 4, 2018, 39(9):
2029-2034.

[8] =Huk, dkorzk, kb BT MMM SRR RIRD]. KBRS AR (AR R S TR ARNK), 2018
51(10): 1042-1049.

[9] BXMB, SR, ARG, 2 —ANHTRENEE AN 2 R HE AR OB R R (DL S0) 9], LRI (E AR
Bl£RR), 2020, 43(4): 746-755.

[10] k&M, FET, BRI, 4G CFDP S AR A b [ g R SA D). tH SRR S R, 2020, 56(15):
80-85.

[A1] JE&, A, BT R AR - i DR B AR AT (3], B S, 2020, 19(6): 23-28

[12] He, K., Zhang, X., Ren, S., et al. (2016) Deep Residual Learning for Image Recognition. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

[13] Chen, Y.N. and Yu, M. (2016) A Hybrid Collaborative Filtering Algorithm Based on User-Item. Wuhan University
Journal of Natural Sciences, No. 1, 16-20.

[14]  JAMK, PP, Ak, & ETIERRMERERFIED]. Bk, 2012, 38(8): 1335-1342.

[15]  EFdE, PRTIL, ZRpRB, 5. ST RSN R G gt i) it Oy R e HE R AR ). 10 K2 AR (F AR B,
2020, 45(2): 313-320.

[16] XK, MG, SR, = Fhg RIS EVE LS B A tEEALN A, 2017, 34(4): 1026-1031.

DOI: 10.12677/5a.2021.105088 853 Gt 5 3


https://doi.org/10.12677/sa.2021.105088
https://doi.org/10.1145/1125451.1125659
https://doi.org/10.1007/978-3-642-23765-2_11
https://doi.org/10.1145/1864708.1864721
https://doi.org/10.1145/2645710.2645752
https://doi.org/10.1287/mnsc.1080.0974
https://doi.org/10.1109/CVPR.2016.90

[17]

[18]

[19]

[20]
[21]
[22]

Harper, F.M. and Konstan, J.A. (2016) The Movielens Datasets. ACM Transactions on Interactive Intelligent Systems,
5, 1-19. https://doi.org/10.1145/2827872

B, MBI, W, ETHAEKS Slope One HAMMRMEEFIEN]. HEN LESMH, 2018, 54(22):
139-143.

B A, R, BE, . 4AH RS Su A AR R P E AR [I]. tH AL TR S R, 2020,
56(22): 185-190.

XM, KB FH, WA . 2T 50 E VP T B R e R SR [D]. BRpRS43R, 2003(9): 1621-1628.
FRAR, EBAR, Bkt BT 000 E RISH ] K 5 ot R A ]. THENLRLA, 2016, 36(S2): 235-238.

A, S, BFLLT, S ST RO A R ) U (R R A SR O T[T TR S BOR, 2020, 52(2):
198-202.

DOI: 10.12677/5a.2021.105088 854 Gt 5 3


https://doi.org/10.12677/sa.2021.105088
https://doi.org/10.1145/2827872

	基于时序变化与用户聚类的提高总体多样性的方法
	摘  要
	关键词
	Aggregate Diversity Improvement Method Based on Time Series Change and User Clustering
	Abstract
	Keywords
	1. 引言
	2. 研究背景
	3. 基于时序变化与用户聚类的提高总体多样性的方法
	3.1. 时间因子
	3.2. 基于SVD的矩阵分解
	3.3. 谱聚类
	3.4. 综合相似度
	3.5. 预测评分

	4. 实验与讨论
	4.1. 数据集
	4.2. 评价指标
	4.3. 实验结果与分析
	4.3.1. 权重系数λ对推荐结果的影响分析
	4.3.2. 聚类数对推荐结果的影响分析
	4.3.3. 跨类数n对推荐结果的影响分析
	4.3.4. 实验对比结果


	5. 结论
	参考文献

