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Abstract

Recently, the Internet has played a significant and substantial role in people's
lives. However, the content available in the global web environment should
align with users' daily needs, providing them with useful and up-to-date
information tailored to their tastes. In this context, recommender systems
assist users by suggesting items that closely match their preferences in less
time. Today, with the exponential growth of data, the utilization of
recommender systems has surged. Conversely, these systems encounter
challenges such as evolving user preferences over time, cold start problem,
sparsity within the user-item matrix, the infiltration of fake users in the
systems, and their adverse impact on the recommendation lists. The
objective of this paper is to propose a recommender system grounded in time
and trust factors to enhance the efficiency and precision of system
recommendations. Initially, the proposed system addresses the data sparsity
dilemma by incorporating reliable implicit ratings into the user-item matrix.
Subsequently, it constructs a weighted user-user network based on user
rating timestamps and trust relationships among users, thereby mitigating the
cold start problem and accounting for changing user preferences over time.
The proposed recommender system employs a novel community detection
algorithm introduced in this paper to identify the nearest neighbors of active
users and recommends the top @k items based on the collaborative filtering
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approach. Evaluation results of the proposed system, tested on a film
recommender system using the Epinions dataset, demonstrate its superior
efficiency compared to basic systems.

1. Introduction

Today, with the increasing tendency of users to use websites for
obtaining information, online shopping, and using social networks for
expressing personal opinions, the ways of obtaining information and
establishing connections among users have undergone significant
changes. Consequently, users are confronted with the big of data.
Managing this data and selecting the appropriate options from this
vast collection and presenting it to users is one of the main reasons for
the development of information retrieval systems and search engines.
In this regard, Recommendation Systems (RSs) help users choose the
best options and recommend items that are closer to their preferences
in the shortest possible time. Different models of RS such as
collaborative filtering, content-based, knowledge-based, and newly
developed context-aware RS, have been presented by researchers
(Casillo et al., 2022). Each has its own advantages and disadvantages,
which can be combined to create a hybrid RS. It should be noted that
RS face challenges, including changes in user preferences over time,
cold start for new users or items, sparsity of the user-item matrix,
attack by fake users, and their negative impact on the recommendation
list. In this paper, a time- and trust-based recommendation system is
presented to enhance the performance and accuracy of
recommendations. Our proposed system initially solves the data
sparsity problem by adding reliable implicit ratings to the user-item
rating matrix. It then generates a weighted user-user network based on
the time of user feedback on items and trust relationships among
users. This approach addresses the cold start problem and the change
in user preferences over time. Our system is based on a novel
community detection algorithm presented in this article, which
identifies the nearest neighboring users with similar tastes to the active
user and recommends the top-k items using the collaborative filtering
method. The evaluation of the proposed system is performed on an
Epinions dataset for a movie recommendation system. The evaluation
uses metrics such as accuracy, recall, F1 score, mean absolute error,
and root mean square error. The experimental results indicate the
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superior performance of the proposed system compared to similar
systems.

2. Literature Review

In the recent years, the researchers attempt to improve the accuracy of
their recommendation for retaining the users and increasing the profit.
Some of the papers has worked on optimizing the performance of their
proposed RS using evolutionary algorithms (Tohidi & Dadkhah,
2020) and the others used the additional information such as time,
location, etc. Trust-based RSs have been recently introduced to the
community of computer science. Recent studies have shown that
incorporating social factors or trust statements in RSs leads to the
improvement of recommendation quality (P. Moradi & Ahmadian,
2015; S. Ahmadian, M. Meghdadi, & Afsharchi, 2018b). So far,
several trust-based CF approaches have been proposed to overcome
data sparsity and cold-start problems as well as to increase
recommendable items (Ghavipour & Meybodi, 2016; Moradi,
Ahmadian, & Akhlaghian, 2015; P. Massa & Avesani, 2007; Ranjbar
Kermany & Alizadeh, 2017). Trust statements can be explicitly
collected from users or can be implicitly inferred from users behaviors
(S. Ahmadian, M. Meghdadi, & Afsharchi, 2018a; S. Ahmadian, P.
Moradi, & Akhlaghian, 2014). Liu and Lee proposed a specific
approach which does not directly use the trust information; instead
they take into account the number of exchanged messages among the
users of the system to construct the trust network (Liu & Lee, 2010).
Alahmadi and Zeng presented a framework to apply short texts posted
by users friends in microblogs as an additional data source to build the
trust network (Alahmadi & Zeng, 2015). Since explicit trust
statements are directly specified by the users, they are more accurate
and reliable than implicit ones in determining social relationships
among users (Cho, Kwon, & Park, 2009; Ingoo, Kyong, & Tae, 2003;
Lathia, Hailes, & Capra, 2008; Manolopoulus, Nanopoulus,
Papadopoulus, & Symeonidis, 2008).

The research In (Abdul-Rahman & Hailes, 2000) has been shown
that a user constructs his/her social connections with someone who
has similar tastes. Massa and Avesani showed that adding social
network data to traditional collaborative filtering improves the
recommendation results (P. Massa & Avesani, 2007). Gharibshah and
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Jalili studied the relation between RSs and connectedness of users-
items bipartite interaction network (Gharibshah & Jalili, 2014). Guo et
al. proposed a method which merged the ratings of users trusted
neighbors with the other information sources to identify their
preferences (G. Guo, J. Zhang, & Thalmann, 2014). Yang et al.
proposed a Bayesian inference based recommendation method for
online social networks (X. Yang, Y. Guo, & Liu, 2013). In this
method, the similarity value between each pair of users is measured
using a set of conditional probabilities derived from their mutual
ratings. Jiang et al. introduced a framework to incorporate
interpersonal influences of users in social network with their
individual preferences to improve the accuracy of social
recommendation (Jiang, Cui, Wang, Zhu, & Yang, 2014).

Purchase/rating time is one of the most important contextual
information that can be used to design RSs with high precision
(Xiong, Chen, Huang, Schneider, & Carbonell, 2010). The main
motivation for time-aware RS is that in realistic scenarios users tastes
might change over time.

3. Methodology
We propose a time and trust-aware RS using a graph-based
community detection method consists of four steps: 1: developing a
user-item rating matrix, 2: constructing a time weighted user-user
network, 3: performing graph- based community detection, 4:
recommending Top-N items. In the first step, the user-item rating
matrix is developed by adding some implicit ratings and the quality of
the implicit ratings is evaluated using a reliability measurement. In the
second step, a time-weighted user-user network is constructed based
on the combination of trust relationships and similarity between users.
Moreover, the timestamps of user-item ratings are considered to
calculate the similarity between users. In the third step, a graph-based
community detection method classifies similar users into appropriate
communities. Finally, in the fourth step, it predicts the rating for each
unobserved item and top-N recommendations is generated for the
target user.

We proposed a new community detection method that consists of
three phases. First, the initial centers of communities are obtained
using a sparsest subgraph of weighted user-user network. It should be
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noted that the initial centers must have the maximum dissimilarities
with each other based on the general concept of clustering and
community detection algorithms. Then users can be assigned to their
nearest communities. For each user proposed system calculated the
fitness function. User has associated to community which has high
value of fitness function. Then the centers of communities were
updated in order to maximize a fitness function. This process is
iteratively repeated until members of communities do not change and
steady state is achieved. A set of communities are identified where the
users are assigned to their corresponding communities. Some of the
communities may have overlap and they can be merged. The final
communities were used as the nearest neighbors set of the active user
in the same community for the recommendation.

4. Conclusion

Our proposed algorithm solves the sparsity of rating matrix by adding
the implicit rating and solved cold-start problem for new users by
considering the trust between the users. We applied the proposed
algorithm on extended Epinions dataset and compared its performance
with similar algorithms. The experimental results showed that our
proposed algorithm outperforms the other algorithms according to the
accuracy and recommends the top@N items with high precision.

Keywords: Recommender Systems, Time, Trust, Community
Detection, Collaborative Filtering.



\f~\/~A/~\‘:dLﬂ)l@)U a5 dllis

.“JU

AR/ 5/ f xS0

. “JU

iy
%

-3

ARERVERVARS

ISSN: 2821-0964 elSSN: 2821-0816

Ladgn )55 S o pute Slalllas
Y. U“*V Jp ;\i'* utnmdj A1 D)LQ.\: evﬁé}‘jé JLw

ims.atu.ac.ir
DOI: 10.22054/ims.2023.70722.2247

&olo i 1 o8l b bue dlodel 9 Olo) 7 4o o5 yiusns
SIS 9 (o

5 rar Gid a8 salS aige ) s sl

03,5 3 5elS 8K (s el i oKl S AWy bl

Ol Olg (£ 5wan 5oa

055 ¢35l aaStils ¢ s sb Al gl mano ol sl

Ol Olg ((f5wrr Shsn

U g gsls )

0 S

23 gmge g Lol (0l 03,8 1oy Lol S5 55 meall 5 b 28 So ) slas d
i bl 5 5558 5 ke SledbI 5 AL 010 555 Sbajli @ e g bl o Sler Lo
y il 5 058 S 0,8 4 S0 5 (Sla gt clily ol 53 das 13 LOT Slastl 3 1 )l
RIPI L o) ol S o o 5 San Dlej o a8 53 WOT & 1) Sl 5605 01 )8 a4
bl b bz ol K05 3b Sl (Il 4 5y S a0 5 sla gt 1 oslizal cosls e
L g OB (@l )8 ey 5l O35 Dglt 03y 69,0 Ol (b )3 O At ok alex
G ) Wlie ol Codn s 5555 s 405 S 53 BOT (e ST 5 (2 53 i 513
s ol @ St 5 33 B 5 DS ;Mg.eug;u»l,ou;,?w,;w
S o5 = )18 (aslaal e e 4 slazel BB e slajlal (S 03550 L Il 55 (golniy
s )8 L5 150 Oloj bl oy 8= )18 515055 4l G s 5 03503 Jo 1y 00ls ST,
2 ik 5 55 s b IS 55 i 8T Wl o 5 Ol Obe slazel alys 5 o5
26 S dmale Gasi 05, S el y (3lgtin Sao 5 e S on 515 0L b )
Pl 2 5 03505 Iy 1) b p)l57 b a5 wluas Ol 0 5055 el o 1) Wlas )

Sl p @3Nty o 51l as e Sl S 4 1) @ o SVl Ren 2V s

dadkhah@ kntu.ac.ir : J gus s 5 3%


https://journals.atu.ac.ir/
file:///H:/فصلنامه%20ها/مطالعات%20مدیریت%20کسب%20و%20کار%20هوشمند/شماره%2046/صفحه%20آرایی/ims.atu.ac.ir
https://doi.org/10.22054/ims.2023.70722.2247
https://orcid.org/0000-0001-7579-8094
https://orcid.org/0000-0002-9836-9388

Y | ol g3l 5 e Loy 8NS5 hes sl anis 3l 03kl b Ls 3Lizsl 5 0L) a5 i

S (§3lgthy s 45 A o 0125 EPINIONS 0313 46 gazmn (555 » ok » (20 S 405

e 12555 5 6 VL S Sl e e 4



VEY Sl | F5 0lad] 0233155 dlo | diadi s )5 S o s Slallas | Y

4o s
Slaes Al Slidos Calites lacjsm 53 wpr Dlegbpn I S 65500l
el Sl s (laosls I (6345 pomm el o fi "Ly slad 5 5 elel
oA b ol en G i sl e Mg oY1 L5 ps Ol e
LT & le slaao g 451 5 IS Sl 3 (S3ladle Gl L5 0 plim 1)l
SN s BBl ane g oy i el 6, "Saes Sl 3 5 o3lasl
03 3sm s Sesls 65y &S s Ll Gbdle js 5 sslS r}l:« ol Sole sb 40
S Sk 23 Sao s Glaptan LS o S plbie s sl glaass
(S Ak a3 5,8 Gbasl Oy Olmie (pdy crl:é Ll s
2 gt s Jelie O senS wT ladie (S S Dol o Kas 8
oslizulsge Lol Gladle 43 (5meludd g0 o) soas daliid\: 5 e sl 8
Al § 513

Ol s r Gl paind S ao g Slagtomn 53 Y gons biaro 5 STl
Shaws sy S o Sil)s il Glaaw s il S slaes S L
(duady ol (ab.dl 03 s e Sl el (gduas (}Kél B (e (I
A 3 ieebe alussiome 5 Lyl bl B S e SN (e
Sy 3 S s il LOT dade b Gudate 457 01 )8 (6l 5 1) Sleds 5 Y gz
(RICC1, 2010) 45" oo (55T pazr 15 0L 238 sl 2815 ( Glhas i JoaSS
3 208 G S5 s (kasl Sl L3l Calen (glosls wlin 1S4 5 (Slaptunsn
5 ST ol S e e3lizad 1 5 O (Soan ol ial s 030

s 4 Ol s 1y Sanys St (AGGARWAL, 2016) ;5 4o s sba s,

1. Data Mining

2. Online

3. Item

4. Recommender Systems



YO | o133l 5 o Ly s NS 5 s sl anild 31 03kl b Ls 3Lizsl 5 0L) a5 i

SleMbl e ((KB) _ils o e ((CF) s)Kea (2L ((CB) | o
A8es 2V e 58 s CHR) oS 5 e 5 ((DB) SIS e
4 5k Ol Ol (amtw Cals ol s s oo 4 b 01,8 4 &7 plaeco 5
(Wl pyl87 5 b oddesls Slael oS i p Ml & Cad @ 010 aled K 4
35555 53 ool s Ol )8 4SS5 (555 2 S a5 W £ 5 2] 53 S
3l )l 5 a5 ST s oM Gla Shs el (i Zald Iy e
Jie 53 s dal i (e 45 53 (650 OIS ple Sl 5 oias 8 ks
(e S 5 5 03503 Mol 1) 3 5 a5l o D)ot OLST Bs s
Qi 3 6 018 e S (65L S0s 5 33,8 e S 3L ol b Giate
S (1 (sl Vigmme 3,055 ol oo bl 0Ty o g 411 5 b )l
L Je s el plawl (8ST5 OT 4 s DL Sy ST S sph e B S
Ao gm0 o s sbas Jjin b 5l b )8 Jadl sy J3e o 5 b ST ol
Vet S e b ol BT 5o b als oSG sl Jpe e S B 53 1y
2 5 Sl 53 8 Ll o 55 ) AT 0 Ol g6 g 0 Doty 0 5 plo
T 5 Dl 2y eddedalin I 5o b 80 ki lael Lk S YL
lv\ﬁ@4;,-}:\{6@\,@,>,\v\3>ﬁjwﬁjl@g&wﬁgulole
SBIS g0s 5 e 38005 02308 &Ll Glaas s 5l L dike op 01 055
s r ool Lo bao 5 55 0, 5 Jad 5 iz 5 o S5 010 LGy
23Sy 2l S 5L bl s s 5 Do bl slls s By ol 51 plaS s

s g o3litnl Sao 5 s Shos 5 085 5540 53 WOT &8 bl 5l (oS 5 ko

1. Content-Based

2. Collaborative Filtering
3. Knowledge-Based

4. Demographic-Based
5. Hybrid System



VEY Sl | §5 0lad] 0233155 dlo [ iiadign H 5 Sy pos Slllls | YT

33l ot Sl LS 53 oS e p (e Olse Zond (5,05 aiBlytnnn 5 Jike 05l
Ol gre DB Ol (oWlir 086 dsle JLS1 Sledbl 51 oI5 )
My 1 rmns 32008 cdles oo o3lizul s (slaao 5 53 0,8 5 plozrl Dbl
(AGGARWAL, 2016) sl 65 S

(s3aze NS n Lol (sl 03 31 5T g0 S 40 55 (Sla e 3l o3lial 4 S
B9 Lper s dem 5 S pdy e 0 £ 8 Dbkl e Sl 055 D Ale
Fo Sbkael e 5l 03 Sl S s o Slaal @M1 51 oS sl 4 O )
S 55T Slels aysa Ol e 1) Je )8 O leer camiys 5 Aad o0
3 Llodd (e 3l S ba S e Eo ML i 018 (6l 5 a5
€3, 3 525 e M1 (51 01 DB L 5 L ) Dbl S slable s
g g e ezl BB b 4 b el Sae 8 b i Sl Sl slne 5L
03 3 g b Kin J Gl 03, Ks) slazel 5 s Lals) (oo glacielS
S8 2V e Sawy St & 5sb0les dis ol Ll
e oo 5o Ll Ll (605 sl Slas )5 5 An ogh 5 S 3 LB 4
bag SNl Ol 5 plols @l ol Tt o Wb pdponT
ol asdllass, s (Rezaimehr & Dadkhah, 2021) ;5 457 Wlods 5 ae i
P

b o @3l (1l g (A35lnel Olej 5 sbezel Lalyy 3l clie oyl s
3055 Cald lssel oSSl (oolgity Sao s e ol odd 4yl YU S
O oS dmalo sl g glulisi 1y 315 5 o St w5 il |y oy 8= 187
3397 0 s 4 lie pl 53 o diailyl ansly glulid dyd r;i,}in S ol 1y
2 Colgn sl 03 gas eslizul 01,8 Ole slazel 5 Ol Sledbl 1 OT &l
o A83 g 3lgii 1 o8 0 SV Jlab )87 4 Tl o 55 -1 b

1. Context-based
2. K Nearest Neighborhood (KNN)



YV | olg31s 5 o Ly 8NS5 ien sl anidd 31 03kl b Ls 3Lizsl 5 0L) a5 i

Al 035 sl 5 (S8 ez ST ol Ol ColB lae 1 ool
355 oy AT 5 55 Olbpras amalr el e By, ESC 1 e 5 Sl
.,\56‘ oslatwl

W) 33 by LS TGl eld sl 5 DHsea dlie Hlle
Sl ¥ b 53 b e gy ¥ i 53 Ls slezel 5 0lo) S 5 (slaptens
GOSN P e 3|l Pt 335 o &1y golgrin (o
S35 0T la)lS 5 (S et O tdm (Zulgiys ol 0k Oly (815 0315 4 pozes
S

IR, Ay
ob b S a5 gt Glato 55 53 b Wlos S A Olliee 5 (sladla o
5l Fao s St 059l s a3l es g a1 5 01187 Bad (sl 1,
s & Olsiea OT dhudgo p 45 X550 cpl p opliiee 5 dilodd 2ol 5550 i
Afsar, Crump, & Far, ) 558 qteewm )8 g Jol o L5 0 (55 sl
(GNN") o1 §  pnae St oSS codiail )l Ll sla i, 3 (s b 53 (2022
2 iizes 45T el 03 208 eslinul s ol 4§ 15 oslinals y e 03 2.8 sba
38505 5513 0 sl Lo Lol Faro 5 (gl pim 53 DA 2ty o Wilos 5 55l o
.(Wu, Sun, Zhang, Xie, & Cui, 2022) 5,15 s 5 » ;15 a5 islad L;ﬁf.sli 45GNN
S eslizal b s (oolgity Uaptem 5 Slos Gilutig 35 2 piie S| (S
31 85 & 5 (Tohidi & Dadkhah, 2020) wles S IS LSS (slagz S
2 Gose S ol 53 Llesged eslitel 6 5 O Ol dsle slsl Sledb

bl SLl ol ot b alia s,

1. Top-K Items
2. Graph Neural Network


https://dl.acm.org/doi/abs/10.1145/3535101
https://dl.acm.org/doi/abs/10.1145/3535101

VEY Sl | §5 o)lad] 0233155 dlo | diadi s )5 S’y s Slllas | ¥YA

3 lokd e &1 pole analr 4 1l slezel  xe Fao s slagto
3 Pl Glaas 3 Coda I8 b slezel 35 50 01T Sl il cla gt 5 pl
Jolse S 5 &S ol oals Ol Ll Sldllas 508 0 8 8 5 55 as s AT B 5o
S $ Sapts 33 40§ oS pp 4 e 01l Obe slezel wile elaz
338

2ok glp olael e S BYL e 3 S5y piky 05STL
baro o Oliebl b (5l 6l 5w a8 NS 5 baesls ST,
(Ghavipour & Meybodi, 2016; Massa & Avesani, 2007; .l odd slgiiny
Moradi et al., 2015; Ranjbar Kermany & Alizadeh, 2017)

S, 5l e 5 b b3S (6o sT paz OIS 5l ol oty 015 a1 sleze
Sl ey 53 SELKes 5 Obdest 5 ges blizul asjlasl Sledbl Wil ol 8
L las or Sl s 53 5l Skael il 2 587 o (sl slezel Sl eSS okdosls
) Lt 48 L3 8 slgiiey 1y ol 5,55, J 5 53 .(Ahmadian et al., 2020)
DS e ods dsle (slaply 3ltad LOT (258 )3 S i eslizal slazel Sleb|
Slr s el e 5 53,091 (Liu & Lee, 2010) &,8 o i )3 1) e
0313 e Ol ey 15 M 5 ,Sn 55 018 Ol 53 Lo 5 ookl oS 0 20 Sl
« » (Alahmadi & Zeng, 2015) &> S 5 e slazel &Ss sl gl SLS]
3ol edidl G n 4 4K 53 Wlesls oS ke oI5 6 @ 187 55 4T STl
GR3 m 3l g dal s 2 (0T ik dl555) LOT Oba sbezel ol sy 5 2 O
S Ol Bl 3 el o o Sl (el Sl I slazel g o gla B9 )3
O Ly luditn o sl o lawT)) S e oslinal olanrl 05
Aited tens | ialazel BB g 5385 elemr| Ly 53 058 o0 Lo

53 by slanl gaSs 01,8 B8 L s b oeddslgiin ol sle,S
das a0l Oyl 4 et cpl ol 0d &1 sbezel 51 o8T Sao S



Y| ol gls 5 e Ly 8NS5 s sl aniS 3l 03kl b Ls 3Lizsl 5 0L) a5 i

(Abdul- s .S sl 515 552y (ails (5L 3 4T alin g o slezel Laily, b
L oalie glaaide L Ol p,8 &8 Cl odi e3ls Olz; Rahman & Hailes, 2000)
i glaosls 035581 & wisls Olis SlusT 5 Lale S w15, blsyl KuS
Massa & )disu o 35 1) Lo 5 mls iw 4l 8en (2L 5 S, 4 olez!
O e Sl3Lial 7 s S slgriy 1y ohsy LK 5 5,5 (Avesani, 2007
ploal LOT 3o glulis @l Sl e ple b 1y 010 slasl 35
Sy ly wsols Obdes! 5 (631 (Guo, Zhang, & Thalmann, 2014)xs S
51T .(Moradi & Ahmadian, 2015) L 57 slgid po e 5 (el Slazel S 5
L3S oslizal ges sbeel 35T, K& bisl sl Olebl Sl olalas
ol Gl oo gl p e woy Gy &G LK 5 KL
(Yang, Guo, & Liu, 2012) L5 ses 41,1 Las-
i 8l 5 (Sla g5l 53 oS ool 0l 0l 51T S 5wt ol 05K
baosls 1 e Saro s slapns S ST LS 105 0loj J b 53 ol (Seae 01,18
SV e s SGa 5 st e (651 0 e O )lS Solh s O g
A s e oz ) S b g 4oy lataT 5 55 0L dide o8 4,
53 bjlaal o Sdam 51 ealiad g (Sl o ey d‘ﬂva_ui“ 23 el 0w 8
b baesls Loy 31 0l gme slaBay 03 ishipe 8 B 3w T
385 b RS 5 gmlh lagslasloal 055 03,8 oS 5 ot slajlaal 5
03,57 0alinal Jales Oloj o 2 (Gt 3 5 oot dnloms (5l w6 G 51 558000
Sl O Jels &S s Sl 5Ly S By, ¢SS 0,5 (Zheng & Li, 2011)
55 LS 5 aatils (Koren, 2010) Sl 63 goi (b e S 4 55 s (11 Sl
LT el 5l eslizal L 1) el (sla Sausls 8 0l 51 68T Sao s Y
QT,:;I .(Daneshmand, Javari, Abtahi, & Jalili, 2015) Lsls &1,) 65 S (s lwd e

5 e i bl L Slide ) 6 Olgea St Olales 5



\fo ¥ ul...w:) I s o)\.a..ﬁnl rh:)'\jbgj\.w IM}A)K}JQ\{J{MQWM I Y.

Sl p e S a5 Gt oy a8 dald (ot bl
e IS i (et ol e B o Glagtnn SN mles s
Hui, Zhang, Zhou, Wen, ) 18" s o 1 e3ls (S ST, oS i 5 5 g3 Lile
L (Bansal, Flannery, & Woolhouse, 2021) ;s i, Kes 5 Jlus .(& Nian, 2022
o jor il i go (glaas saze Ola 53 01,8 BMes )00 K FUST|, oy
GBSy s S e 8 5 e OIS S 8 5, ol

LS Jdon gy o 1 ke

$3lge 29

IS ol o8 Sler 51 ol e chyled oo sdalie ) S5 55 oS sboles
Y QJ.:)K_ J.:)K )\JOJ) 4§...3' RIC A | QV.G —J.:)lf wj\.ﬁ W}S’ N o] e

-';45 S AV ao 5 5 s F el ool

slajlel 165355

403,55 i

slazel 5 0lej al,.n
ST
! ! o8 oV
Bl Jlasl ® Lol $ 5 e
Olabl S cxlae Laad 4= slousl @ Bkl
cn 5= S odaline )8 oS
olos 5 slazsl o 053
$olgntny e 5L e
1. Download

2. Top@k items



YRV | olgals 5 g2l 8318 s pal sz ansild 3l 03Ul b Ls 3Lizsl 5 OLo) S 4 5 i

v.\S—J.ulS g sb an i iyl clf

o5 el oSy Sl o8 = 5187 (s 5lel s Sle ¢ 8ly Sl 51 (65l )2
g P e I S NN TE PP KO & bl Toes 01,8
oalial 1l 53 5 gt oyl 5l Tl K ) e shaingy @6 — IS as Ll
D5 oh ges o O )8 o g 0l odaline EBEAREIPE]

IR =y ZuENa,i Sima,u (ru,i - 77u)
ai=Ta

' ZueNa,i SiMgy

")

$8E 3 3 30 Slean 01,8 1 (Slas sazes N )8 ljlasl Kk T oS
La sU )l Ole alis simg, Al g cLlosls Ll i vlé S a p,8 sl
355 gn nlone ¥ dlaily b Oy (Sat s 5 S 03liz

0, e T, T
NN IS

sim, , [ )

Alods as3lael QU 58 95 Lo 5 &S G oM ST ol Ly
oslaw! r.lé—ﬂ)\f kel e 5l 53 3 g DLl S S slae ol dcwlms (sl
B ol sl aihe oa Sl 7 (5,17 55 kel ol (Son ol 0k
S L,gu) Sl ol rl:u‘ V.G—J.:)K wjl.a QJ;JL S Ja.EsJ.A‘ u-l‘ .J)‘v.\i.:
s polie ol AL a3l SSILE Tl el ot Slkel 31
Hernando, Bobadilla, Ortega, & ) Olueb! jlae ¢S 5 oo ol gl s lesT
slael Oljm amlbs gl (fy) 2w 5 (fP) Cuie ,s56 Jols (Tejedor, 2013

J}.&GA Mbr.ﬁ“ Aka\) )‘ oalain! Lv )‘J.EA U‘il "\'i"""’u‘“ oalaiw! avuw&ﬁ L;LA)L::A‘

1

Roi = (fp(ra,i)'fn(ra,i)fp(ra'i)>m )

LS et 1y ol O lees 5 Js )8 s Sllael Cte S Cote L STB

31 oslizal b 0T OB ls 0 5635 5 O )18 o Calid pasr lal il )



VEY Sl | §5 0lad] 0233155 dlo | diadi s J 5 S o s Slallas | FFY

S35 r s ¥ alai]

f[S,, [ 1 P )
* SOS,;

33,8 (oo dlon O alasly 51 oS bl o Sao 5 ot 61 Saj 23lie (sile Il S

Sai = Z Simgy ®)

UENg;

Uty el s S e aloes 1) b )8 Sljlael e ST (e L STB
g g demloma A 5V 8 Loy, 3 eslizal b Js iy O Luas (sl jLiel

)

max — min — Va,i)y

fo(Vai) =

max — min

_ ZuEKa_i simgy. (fy; — Ty — IRq; + 7@)2

Vg = : W)
’ ZuEKa,i SiMgy
In 0.5
y=  TRAX = min -V W
max — min

4 oddosls Sljlael pasts 5 ear ST i 5 4 MIN s MAX Vi p3lis (sl HlAisV
T e
550wl dm 6K I daly 53 sddacmls Olibl B lie ST Culgys

A= 8 S0y &S A 55 tp s ¢
izl 53 2,187 53 0T o cdibly o313 OLES Do S 2t lag ki 4 v u,,K 5 5
Sar o 3l o3l LV 5 Ul 55 o iS5 Olje 5 03 ged sbul b K
w8 ki 5 b 0js Olsea s amlbme a3kl Ol B85 55 L s O

5o 0l (b 53 ) Ak i oS 550 o0 o se (2 5kael Olej 5l enlil 54k e



Y | olgals 5 g0 2Ly 8IS (s pal sz ansdd 3l 03Ul b Ls 3Lizsl 5 OLo) S a5 i

2 gd bl

ety b s el 03l Slanl £ o) ays3 3 Ee w @ S S 55 ol
w5 53 )5 4 ao g S Ol SO & T 0l (sl oassbael ol Sl 05
W = [Wij] wrile €K 5 odbdumlos palis sled 335 o dmlous (Sl old
Ly o0 0

wt, = {e‘(T‘t)/f’ if t>0

0 otherwise ©
g Al sde ok O by S O [0-25 ¢ 1-25]°}\e 2 el ¢S 8
el Grep s g a8 Ol BB el (IB el cpl e 4 il
LW ile 5 adsl oim )87 o ile oS5 Sl eslizal Lt DLl s Sle
5 n atla Ve kel 3l eslinud

try; = {ra,i X Wy ifry; > 0 0

' 0 otherwise

Y- 5405 5 5 9 ad ‘..Ls—ﬁ,lfwwsu)a,u\;i (..G@a,:,\SS;M\ ol Iy
O3 a3 0L Ole 4l o ey flo u3lie ) oolitel b (3lgity i
el o deloen V) sl 5l oslizal 1y as jLal

t_sim, )
Ziela'u (tra,i - tra) (tru,i - tru)

JZiEIa_u(tra,i —try)? \/Ziela,u(tru,i — try)?
S ol i @ Ly 5 Sl @ ) Glej Sl jLsel ol T oS Ol o &S

Sl ol asiliald gU )8 95,8 bu g
G Y sl lenlinal e Gl s 5 slazsd dlasly oS5 51 01,8 Ole alis Culgi o



VEY Sl | §5 0lad] @233155 dlo | diad s )5 S’y s Slallas | ¥FE

2 Xt sim,, X T QaY)
( 2L 2 t_sim,, > 0 andT,, > 0

t_simy y + Ty y
Hyy = t_sim, ,t_sim,, > 0 andT,, <0
Tautsimy, < 0andT,y, >0
Otsim,, < 0andT,, <0

358 p damlima VW el Sleslizal LA U O 58 Ol sad slazelTy y
dmax - da,u +1 Y

Ta,u =

dmax

w\xsﬁ)waJU}aﬁJlfﬁs&ngpJWIS@ujéz%w
.%LJ@@WbL@JT&ﬁN&a&\W«la.gbysx?}:l{.ul{

dewloes VF Aoty 5l oslizul b dipay s slezel 4K j3@ 5 U 01,8 Ole 4ol dyy

Py

In(n)

dmax = In(k)
B H sl bl slazel 6K 53 01 455 5 Kke 5 031l 5 5 a K gN o

(\F)

b o 0303 olantl 055 G 8 I8 4 53 3 50 sladl ples

SIS ol i i g o8

Ayl st S o Fage s or ol mal g eSS ol ) )3
ooy ESG A pe oty Sl bad g ST e Bolal Obnl uaeen 5 baad g5 slia
S Ol 1) 0328 LU dals b glae 8 4 sdbtly] sl ol Ll
e 8 pla LSl g i b oo S laat 5 S Gole w08 0 5 st s
— S L5058 Sk Olseaw G = (VEH) G 8 s o mns 05 53 352 g0
Q;,“Q\ﬁ,lfogaj@l,)‘wotﬂlfom>&iu;.,:;J:gV,E,HSQ\JJJK
V0 daly jl eslizul L SEV 1 5 J&Ks kil e (Y daly 3b) Loy, oyl
3 55 0 dloms

ZeeE(S) He
N

p(S) = 0



YEO | olgals 5 g2l 1S s pal sz andd 3l 03Ul b Ls 3Lizsl 5 OL) S a5 i

205 S e 0 S BIE 5 sladl s saxs E(S) s € JL 055 He € HS
355 oo delona V9 alasly 3l oslizul LI E S 6 S
st(l) = Z Hei]- V7
e;;€E(S)
olbdumlons 4T d 31 5YU (glamyo b gl & Jals LS (glae £ 45 sams A(S)
Ll VY el y Lo
((2 + 2¢) * p(S)) W

bl 2 1 01l e, S bl on Ol 1y s S m 8L (2 S ) 2, S
opl AS o0 od as gazea I L Is 1y s o YL AT S1 58 5 AST e LS e 4 s
oS K i e Sl 7 glae 8 sl S gl B 355 0 1SS L e 0, S
265 ol ol OIS S1sle Sk 1S 15 K oz (s 5 s L
Lo 55 3l Ol st K el 358 o o pums 455 6 S 10 Ol giey 0 8 okt
&?)J'U.\BQT‘QS&M)?@:ﬁr#:@)mﬂj\.\iav\ipam}i@a;,]éj):
S oS (S B0T 4 5 ad s a3 05 (WS sl L abs ook sl oS sl

.m;pm\;ufﬁ);af)wglmpufws

s 5510 o8l Y o S

£>056=(V,E H),K>0 s

s ads) Sa{Inite} o>
{Initc} <V, {Initz} <0 >
ot el {IMitc} Qs Slst Y
{A(Inito)} < {vie{Init}|wdp,, (D) = (2 + 2&) = p({Initc)}; v
oS Wi (D) Js5 w5 ol 2T E {ﬁ(lnitc)} s F
r=——x|[{AUnito)}]; »
s Ot {AUIMIEE)} ol sse |, {ATMELE)Y 55 55m 30 oo S W LT slas ¢ 7
o [{AUnite)} ==k 5 A




VEY Sl | §5 0lad] 0233155 dlo | dindi s )5 S’y s Slllas | W88

it 3510 3 1 s S

{Initz} < {A(Init;)} o

P SIENAR

{A(Init)}| > k and p({Vie{A(Init)}|p(D)}) <51 oo ) 2 »
——AVG_p({Init;})

{Initz} < i oy

s ot | {AUMELE)Y ==k 51 oy

Cose ol gt s MY

{Initz} « {A(Initc)} vo

WS oLy P

Y5 oLy Y

return {Initz} A

g gr 03ls polamt) 4l 5SS 5 4 0Ll el adsl ST e Bl Sl
elos Gl WY daly by 1y IS oVl sl esalyl olgtiy s
s |y 25l mb o e &S Gl g wly )5 505 S a3 g slaad =
AV B 555 r Slaiasn ad B S e A e 0 50 e o ol il

35 g Dol ab g S e Dl yea 21 oluis

thECj,vtztvi Hvi,vt v

fvi

thecj,vt#:ui Hvi,ut + ZCkEC,Ck:th theck,vtivi Hv,-,vt

S Cwl vy 9v; obf,.s;,ﬁojj Hy, ool 5 52 50 C\ﬁ- 48 gazes C VY J g0 2 3
S (¢t el sldel 7 ol B LT 8l il 08 VY J g bl eslin L
b oo sl
An3 gr OLES 1) (53lghdy s 53 i e ol aints 2, ¥ o) S
Al S el api e SIS bt s S e S ) 2SIl o

1. Fitness Function



YRV [ olg3ls 5 g0 2l 8318 5 s pal sz ansdd 3l 03Ul b Ls 3Lizsl 5 OLo) S 4w 5 i

el el oz S S ¥ an, S s plesl paly sl e (il Slises
ke o O len b p)lS7 2 5 Liloks (sutvad g5t Oyl o ol OLL 3 ol

g e 0313 1 5 anela &K 5 55

OIS 5 e ol g i Y o, S

.G = (V,E,H), iter 1,5y

{C} ol i a5 5

{Mite} s 1wl sl e o, S slesliaal L)

k' = |{Initz}|

Al s plf amelr O G SV =1, K ai 2 810 Gl o€ = Initgl. 4 gems Y
vev—{Initg} ¥

oy ol iter »llle O

S amloa €,V =1, 0 K 61 1T alal 5l eslinal LINGNEY 2l 2
Jj= Community withargmax fy v

Sl Cia I, N A

S Shoisnlh Cjasels S0 A

Felobl e

0P8 OLL M

S Aloa |y sl plesl Y V%))QU‘ oslizal LY

oS, {CY oy

Ola gy pol g ploal ¥ ‘..-.,.,,Ksl

P25 P1{CY oz 5 ad ig3505
{0 lor Gle o s >

+paXp1—
Calculate(:pz’"p# A
1

_ max(|cp|'|cq|)
S e UTpg = Taiclich) P T AP A4EC S T

cyNnC
=ﬂXM+(1— 5 Ll O P 5wl 55 ple amys Tpg < {81 Y

Pa |€puCql




VEY Sl | §5 0lad] 0233155 dlo [ diadi g H 5 S’y pus Slallas | ¥FA

O gen aal g plisl ¥ 0, oKl

[NCpnNCy|
oS plme L B) X |NCpUNCy|

|CpnCq|

Calculate 6pq = m

PROWSININCYY /Y e e e N £ =X O LA
S Al |
S SFP s el 538p0 > P 51 0

b s.u{C'} s

q Esp € {1, K} & Libo plg 5 plp OLispn maly Cgs Cpot ﬁ)}iﬂ 53
s Dy gty 45 Azt Cg 5 Cp wlaen Gl S 4e goms NCq s NGy {1, K]}
UKo 55 dzen 63555 gl bl P P2 € [0,1] dimen oles 55 anelr glae S
.,\ﬁu@mmbw\?ﬁx;ﬁ)}f\s\sﬁwj\éwﬁw

Pl s (28 Sas 5l (s1aged Y S

(@) (b)

(©)



ved | o\?:l:;,@»@u)f&\ﬁﬁW@\ﬁﬂﬁ}\nml\gw:hxl}&u})fw}:r..':....,u

Pl o5 5 ol pS

J}bf):fé.,\;{u?u.«l.wlﬁc.,\;:.wag\.l:_-_ﬁ)lf&\ﬁ‘tf@ﬁlbf@\):

g oo dalous WA bl alil s ol oo Ty

— Du N vIHu,\/ [ru,i HE]
a D H

UTN,,; UV

A

Qlﬁ)lf) a J.:)K Q@.w )\ 6‘4&}056 Na'ija_}.u\f CJ\)\:.‘IA‘ u._:ia\:ﬁﬁdT B ny
wlas Hy, o Llesls laal i V.LSQS(AJ\:JLJQTQaﬁ)KS‘_g\wl;-): 390
ﬂ.}ULA ‘_gu\..a‘t.;) )‘ u .u;.w\ o.,\.&wbr.a \Y M\) _}‘ oslawl Lv SV}U J.g_)lf Ql:.a

D 5dgn 0313 a5 a8 4 oIS oy SV dlol-

$olgtny o (215

Sl 03 505 3l 5 ol (n S 4o 5 e 3,8 K Ol oy (g3lgity
5018 Ol szl Sledbl fals 45 EPINIONS o315 45 yoze (535 5 bl 1
et 3Ll AYYYEA 5 (L3 YAPYVY )l8 YYNEF Lo 5 sdodalie okd o3 5Lzal O
Sl Calitn blie 4 018 S lel Ll w8 5 byl 5y el 0 I
3 s 9wl g L oleln Sy ml prmes Aledd i
KMCF-U', TRACCF (Birtolo & Ronca, 2013), i Sawy (glagtes
o35 4y lis TOTAR(Feng et al., 2015), KMCF-I',

5L RMSE’ ;RC® (MAE" (F-measurecRecall Precision b1 jlas i

1. Epinions and Ciao Datasets (msu.edu)

2. User-Based k-means Collaborative Filtering
3. Item-Based k-means Collaborative Filtering
4. Mean Absolute Error

5. Rate Coverage

6. Root Mean Square Error


https://www.cse.msu.edu/~tangjili/datasetcode/truststudy.htm
https://www.cse.msu.edu/~tangjili/datasetcode/truststudy.htm

\fo ¥ ul...w:) I s o)\.a.(l'al rh))'\)bdl.d IM}.&)K}J«.«{J{MQNM I Yo

CPU L ol o5 65y 2 b ila3T ol 48,8 513 oy 23550 YF 61 Laily,
sl 0 (6 5lwosly CH#F o siasl s 0L Low 5 BGB RAM L core-i7

Precision HED _P__
n . LTP OFP

355 deo $ BOT & (Jy S DM 01,087 (612 87 (M1 (3T e :(FP)
Al M OT 4 0,87 bl L g sl o 5 oS N80 :(FN)

s 1S BNy 30 5 Kl Ao 5 i yoas &S &M (TN)

Recall ]ED TP "

n TP IFN

20 precision [Tecall 3
F1 2 PreC
precision [ recall

N

i P
MAE [ DI 1N p ‘ Yy

onﬂQbk&a‘Jf)‘MN)lrﬁ&\)}a-\ﬁw&ﬁ)lﬁh|gﬂ;j4;rljp14§

0 #number of predicted ratings
#number of all ratings

N
RMSE [ /NiZ(riupi) A
il

J)\J}- RGO 429; )‘j; L&JLﬂ)J‘ S48 Epinions 03l 48 gaes (S9) p 5)% uiﬁ)
Sy A ke L;urg,;s\ F1 5 Recall Precision sla las ,slie o 5 Y )

RC T

s e UW#JJSYB—KWJJ Slp ¥ s Yo N0 A 0N Calises 3lis (ol
&ty s Shas e TRACCF gy el odd o5l OLiS Y Jod 53 &S sbolen

Al oo EalS IS Hlaas Liolsl L Precision g s,ls ¥ lude a0 Nojslas ples



YOO | olgls 5 o Loy 8NS5 ien sl sz anidd 31 03litel b Ls 3Lizsl 5 0L) a5 i

oMl 1S sl gl TRCCF 25, 51 2o slas 6l oolgiiny s ST g 5l
(3l s e 3, Shee Sl O slae s bl Gl 03,5 e g o5l
5 85 Hlae Ols (ol O jlae .ol U‘gv-:iui” S r%ui" o) 4 Sl

toddosls 4o 5 pMBI slas (R 31 L 4 ol S5 4 Y a5 ol s s O B

s 53 b o 3 TRACCF (2, 81 4 Sl 35 53l gy (ablS 2d

($3\giiy s 3 () Sl o TSl 5 b ol 438 5 )3 W FP (o35

st et 4ol ol g (o3l o) 51 s sl iy S8 s Sl i

St 08 o Zr SBFN (220 857 ats S 5)) aomd Ol ey s |) Ol

Precision jlas aver 5l gz, S anglis N Ui

Algorithm TopS | Topl0 | Topl5 | Top20 | Top30
TRACCF 0.9462 | 0.8981 | 0.8981 | 0.8981 | 0.5319
KMCF-U 0.7857 | 0.7857 | 0.7857 | 0.7857 | 0.7367
KMCEF-I 0.7472 | 0.7361 | 0.7361 | 0.7361 | 0.7361
TOTAR(Fe“g’zggr)l’ Wang, & Li, | ( 8550 | 0.8521 | 0.8416 | 0.8281 | 0.8237
©3leay s 0.8502 | 0.8527 | 0.8543 | 0.8541 | 0.8543
Recall las 4> 3 uﬁ,,ﬁn Ay is Y J g

Algorithm TopS Topl0 | Topl5 | Top20 | Top30
TRACCF 0.5239 | 0.5399 | 0.5399 | 0.5399 | 0.5481
KMCF-U 0.4158 | 0.4158 | 0.4158 | 0.4158 | 0.4257
KMCEF-1 0.6481 | 0.6481 | 0.6481 | 0.6481 | 0.6481
TOTAR (Feng et al., 2015) 0.4356 | 0.5467 | 0.7322 | 0.7985 | 0.8134
S 2 ) 0.8152 | 0.8509 | 0.8635 | 0.8657 | 0.8679

F1l-measure ;L 4> La(.:wjﬁt Ao ¥ J g
Algorithm TopS Top10 | ToplS | Top20 | Top30
TRACCF 0.6744 | 0.6744 | 0.6744 | 0.6744 | 0.5399
KMCF-U 0.5438 | 0.5438 | 0.5438 | 0.5438 | 0.5395
KMCF-1 0.6941 | 0.6893 | 0.6893 | 0.6893 | 0.6693
TOTAR (Feng et al., 2015) 0.5636 | 0.6660 | 0.7830 | 0.8130 | 0.8185
St 3 ) 0.8323 | 0.8518 | 0.8588 | 0.8599 | 0.8610




\fo ¥ (JL:....A)' I fs a)Lo.il| rh:)'\}bdl.«» IM}A)K}&SQ,{MQHU& I Yay

MAE,  las 4w > Jf\l: s ey b eolgin wa}; I s o @w‘v ng
53 olgii sy ol s edalin 57 shilen ol o sdalin 1) RC 5 RMSE

15 (6 S Glles awlie gla Sg) il b awslas

MAE, RMSE,RC L5, sl bae ai> 3 u‘.;wzn anglin Hls ged ¥ IS

ol R TRACCF KMCF-U KMCF-I
® RMSE EMAE =RC

1/4

172

[y

0

=
e9)

0

=
(o))

0

N

0

=
N

o

oamas 4 0T 3 Sles 5 Sl (050) b5 BB bl s Jeld oolgiiy )
PS5l i @m0 5 F S sl (Ko bl ol 4 clie plie

wuﬁsu,lmd;«‘@udw@}:g.m:wowuﬂbg@\ﬁwﬁuﬁ

el ot b 8 L5 5P =1 502025 bagz, SN ple b o3l s,



rov | e\y:\:;wdu)&d\fﬁg&ge\;&#}\o:migp:w\ja%;v}; "

Sl Sy 69y 20 L4 PRI I

0/87
0/86
0/85
0/84 -
I e Precision:
N 0/83
o
1 )
o 0/82 e Recall:
0/81
c— 1 -
0/8
0/79
0/78
) e 8 e .
Top_N
0/87
0/86
0/85
0/84
5 0/83 e Precision:
£
0/82 s ReCalll:
c— 1 -
0/81
0/8
0/79
o 20
Top_N
0/87
0/86
0/85
0/84
<
E 0/83 e Precision:
® —— .
0/82 Recall:
e— ]
0/81
0/8
0/79
e o I

Top_N



1/4

12

0/8

0/6

0/4

0/2

0/88
0/87
0/86
0/85
0/84
0/83
0/82
0/81

0/8
0/79
0/78

0/88

0/86

0/84

T o082

0/8

0/78

0/76

\fo ¥ (JL:.“.A)’ I fs a)me»| rb:jbb Jw IM}A)K}JQJ;“M Ollas I Yot

e

e Precision:
e Recall:

— 1

Top_N

u MAE:

HRMSE:

uRC:
Yy e \

&3\ P Sas 2 @ L S0 IS

—

e Precision:
e Recall:

— 1

Top_N



YOO | olsals 5 el 4318 1 s gl pawdi ) 03lital b Ls 3Leisl 5 Bbj S 4 5 s

0/87
0/86
0/85

0/84

=04

0/83 e Precision:

e Recall:

0/82
] :

0/81
0/8

0/79

Top_N

0/88
0/87

0/86

0/85

- 0/84 e Precision:
e Recall:
0/83

e— 1

0/82
0/81

0/8

Top_N

1/4

12

0/8 B MAE:

®RMSE:
0/6
HRC:

0/4

0/2




\fo ¥ ul...w:) I s o)\.a.(l'al rh))'\)bdl.d IM}.&)K}J«.«{J{MQNM I Yos

Shad el ol o3l iles baaz, S (sl sl Slinse Ole3 ¥ Js s

C_,.wll.h@;:— sl OMJOWC)mJ{‘J{ r%‘.\\-\&'{)nj\fd\j)\;

Ly o bawslie 5o golgnin By, Sl (S £ Jgds

Algorithm Time | Trust | Graph-based | Time complexity
TRACCF No Yes No O(nmc + nm)
KMCF-U No No No O(nmc + nm)
KMCF-I No No No O(nmc + nm)

TOTAR (Feng et al., 2015) Yes No Yes 0(n’m)

Slgiy s Yes | Yes Yes 0(n’m)

S S o

ol et il oy 5 55 ok a3 ,1)lS Fao 5 Glaptm 055
5 0Ll e glaesls Wile Calites mlie UMb I 5 azils aﬁ;,&;y,rg,
diden b Gbote (Saao 5 ) (1 010K ST aomies 5B (5 L) ksl )
b pd81 szl Ol ot 8 HISG (o s 3l (Sskms 3 S oo o3lizal 01,18
Slresss 53 )8 dide ol (S & Sos3 bl S 55 bS5
S ezl aaSs 53 e 33l 3y pimmen LS ok Calibes S
2 R e s gt S Wlie pl 53 Lol 0dd Sao§ laptece Slraw s i
o2 S Sl eslinal b 01yl o slazel Ll cpmen 5 a3kl Oloj el
ool 0 gty OIS o dmalor 5l (028 (5 o O e el e
Jo 5 e il 03330 L1y Wl S e Sl (S8 (ool g'-’w}i“
03505 Jom 0L o slazel (3,5 55 b1y ok 0108 6l 3 8 S
S35 2 kb g e Sao g e &K B 3 (o3l gt b5 S !
Rl 4 Cod @olgty e YL LI KL EPINIONS (slesls 45 gems
&lyl ¢l TOTAR (KMCF-I (KMCF-U (TRACCF sl 4l Sata ‘SLAM
G0 ST Gl e il Sl Sy (BB 0 (b Y-

Olsi s d.Sl)Li.u: w‘ﬁ\g waj L;LAW 03 O gl L 1)y (golgiy




YOV | olg31s 5 ol s NS 5 ien sl anidd 31 03kl b Ls 3Lizsl 5 0L) a5 i

bﬂq& LS))J’, LAQTJ.;JE) OJ}Q.; &qu ‘) Lfl» C‘?} c.\‘.\ )|J§ w)j})y
ﬁﬁjd&\;bw

ORCID
Fatemeh Rezaimehr https://orcid.org/0000-0001-7579-8094
Chitra Dadkhah https://orcid.org/0000-0002-9836-9388


https://orcid.org/0000-0001-7579-8094
https://orcid.org/0000-0002-9836-9388
https://orcid.org/0000-0001-7579-8094
https://orcid.org/0000-0002-9836-9388

VEY Sl | §5 0lad] 0233155 dlo | diad s )5 S’y s Slallas | ¥OA

References

Abdul-Rahman, A., & Hailes, S. (2000). Supporting trust in virtual
communities. Paper presented at the 33th Hawaii International
Conference on System Sciences, Hawaii, USA.

Afsar, M. M., Crump, T., & Far, B. (2022). Reinforcement learning based
recommender systems: A survey. ACM Computing Surveys, 55(7), 1-
38.

Aggarwal, C. C. (2016). Recommender systems (Vol. 1): Springer.

Ahmadian, S., Joorabloo, N., Jalili, M., Ren, Y., Meghdadi, M., &
Afsharchi, M. (2020). A social recommender system based on reliable
implicit relationships. Knowledge-Based Systems, 192, 105371.

Alahmadi, D. H., & Zeng, X.-J. (2015). ISTS: Implicit social trust and
sentiment based approach to recommender systems. Expert Systems
with Applications, 42(22), 8840-8849.
doi:http://dx.doi.org/10.1016/j.eswa.2015.07.036

Bansal, J., Flannery, M. B., & Woolhouse, M. H. (2021). Influence of
personality on music-genre exclusivity. Psychology of Music, 49(5),
1356-1371.

Casillo, M., Gupta, B. B., Lombardi, M., Lorusso, A., Santaniello, D., &
Valentino, C. (2022). Context aware recommender systems: A novel
approach based on matrix factorization and contextual bias.
Electronics, 11(7), 1003.

Cho, J., Kwon, K., & Park, Y. (2009). Q-rater: a collaborative reputation
system based on source credibility theory. Expert Systems with
Applications, 36, 3751-3760.

Daneshmand, S. H., Javari, A., Abtahi, S. E., & Jalili, M. (2015). A time-
aware recommender system based on dependency network of items.
The Computer Journal, 58(9), 1255-1266.

Feng, H., Tian, J.,, Wang, H. J., & Li, M. (2015). Personalized
recommendations based on time-weighted overlapping community
detection. Information & Management, 52(7), 789-800.

G. Guo, J. Zhang, & Thalmann, D. (2014). Merging trust in collaborative
filtering to alleviate data sparsity and cold start. Knowledge-Based
Systems, 57, 57-68.

Gharibshah, J., & Jalili, M. (2014). Connectedness of users—items networks
and recommender systems. Applied Mathematics and Computation,
243, 578-584.

Ghavipour, M., & Meybodi, M. R. (2016). An adaptive fuzzy recommender
system based on learning automata. Electronic Commerce Research
and Applications, 20, 105-115.
doi:http://dx.doi.org/10.1016/j.elerap.2016.10.002

Guo, G., Zhang, J., & Thalmann, D. (2014). Merging trust in collaborative
filtering to alleviate data sparsity and cold start. Knowledge-Based
Systems, 57, 57-68.

Hernando, A., Bobadilla, J., Ortega, F., & Tejedor, J. (2013). Incorporating



http://dx.doi.org/10.1016/j.eswa.2015.07.036
http://dx.doi.org/10.1016/j.elerap.2016.10.002

Y04 | olg3ls 5 e Loy s NS 5 ies sl aniS 3l 03l b Ls 3Lizsl 5 0L) a5 i

reliability measurements into the predictions of a recommender
system. Information Sciences, 218, 1-16.

Hui, B., Zhang, L., Zhou, X., Wen, X., & Nian, Y. (2022). Personalized
recommendation system based on knowledge embedding and
historical behavior. Applied Intelligence, 52(1), 954-966.

Ingoo, H., Kyong, J. O., & Tae, H. R. (2003). The collaborative filtering
recommendation based on SOM cluster-indexing CBR. Expert
Systems with Applications, 25, 413-423.

Jiang, M., Cui, P., Wang, F., Zhu, W., & Yang, S. (2014). Scalable
Recommendation with Social Contextual Information. IEEE
Transactions on Knowledge and Data Engineering, 26(11), 2789-
2802. doi:10.1109/TKDE.2014.2300487

Koren, Y. (2010). Collaborative filtering with temporal dynamics.
Communications of the ACM, 53(4), 89-97.

Lathia, N., Hailes, S., & Capra, L. (2008). Trust-based collaborative
filtering. Paper presented at the Proceedings of trust management I1.

Liu, F., & Lee, H. (2010). Use of social network information to enhance
collaborative filtering performance. Expert Systems with Applications,
37, 4772-4778.

Manolopoulus, Y., Nanopoulus, A., Papadopoulus, A. N., & Symeonidis, P.
(2008). Collaborative recommender systems: combining effectiveness
and efficiency. Expert Systems with Applications, 34, 2995-3013.

Massa, P., & Avesani, P. (2007). Trust-aware recommender systems. Paper
presented at the Proceedings of the 2007 ACM conference on
Recommender systems.

Moradi, P., & Ahmadian, S. (2015). A reliability-based recommendation
method to improve trust-aware recommender systems. Expert Systems
with Applications, 42(21), 7386-7398.

Moradi, P., Ahmadian, S., & Akhlaghian, F. (2015). An effective trust-based
recommendation method using a novel graph clustering algorithm.
Physica A: Statistical Mechanics and its Applications, 436, 462-481.
doi:http://dx.doi.org/10.1016/j.physa.2015.05.008

P. Massa, & Avesani, P. (2007). Trust-aware recommender systems. Paper
presented at the 2007 ACM conference on Recommender systems,
Minneapolis, Minnesota, USA.

P. Moradi, & Ahmadian, S. (2015). A reliability-based recommendation
method to improve trust-aware recommender systems. Expert Systems
with Applications, 42(21), 7386-7398.
doi:http://dx.doi.org/10.1016/].eswa.2015.05.027

Ranjbar Kermany, N., & Alizadeh, S. H. (2017). A hybrid multi-criteria
recommender system using ontology and neuro-fuzzy techniques.
Electronic Commerce Research and Applications, 21, 50-64.
doi:http://dx.doi.org/10.1016/j.elerap.2016.12.005

Rezaimehr, F., & Dadkhah, C. (2021). A survey of attack detection
approaches in collaborative filtering recommender systems. Artificial



http://dx.doi.org/10.1016/j.physa.2015.05.008
http://dx.doi.org/10.1016/j.eswa.2015.05.027
http://dx.doi.org/10.1016/j.elerap.2016.12.005

\fo ¥ ul...w:) I s o)\.a.(l'al rh))'\)bdl.d IM}.&)K}M‘«.«{J{MQNM I Ys.

Intelligence Review, 54(3), 2011-2066.

Ricci, F. (2010). Mobile recommender systems. Information Technology &
Tourism, 12(3), 205-231.
doi:https://doi.org/10.3727/109830511X12978702284390

S. Ahmadian, M. Meghdadi, & Afsharchi, M. (2018a). Incorporating reliable
virtual ratings into social recommendation systems. Applied
Intelligence, 48(11), 4448-4469.

S. Ahmadian, M. Meghdadi, & Afsharchi, M. (2018b). A social
recommendation method based on an adaptive neighbor selection
mechanism. Information Processing & Management, 54(4), 707-725.

S. Ahmadian, P. Moradi, & Akhlaghian, F. (2014). An improved model of
trust-aware recommender systems using reliability measurements.
Paper presented at the 2014 6th Conference on Information and
Knowledge Technology (IKT).

Tohidi, N., & Dadkhah, C. (2020). Improving the performance of video
Collaborative Filtering Recommender Systems using Optimization
Algorithm. International Journal of Nonlinear Analysis and
Applications, 11(1), 283-295.

Wu, S., Sun, F., Zhang, W., Xie, X., & Cui, B. (2022). Graph neural
networks in recommender systems: a survey. ACM Computing
Surveys, 55(5), 1-37.

X. Yang, Y. Guo, & Liu, Y. (2013). Bayesian-Inference-Based
Recommendation in Online Social Networks. IEEE TRANSACTIONS
ON PARALLEL AND DISTRIBUTED SYSTEMS, 24, 642-651.

Xiong, L., Chen, X., Huang, T.-K., Schneider, J., & Carbonell, J. G. (2010).
Temporal Collaborative Filtering with Bayesian Probabilistic Tensor
Factorization. In Proceedings of the 2010 SIAM International
Conference on Data Mining (pp. 211-222).

Yang, X., Guo, Y. & Liu, Y. (2012). Bayesian-inference-based
recommendation in online social networks. IEEE Transactions on
Parallel and Distributed Systems, 24(4), 642-651.

3 eslizal b Lis sbezel 5 0b) S e e VFOY) L ol sl canbls ¢ g Lo, B0 ol 4 SU!
NP XYY CPNY cebind g J1T5 oS Sy ke Slalllon 315 1 n il yaints
DOI: 10.22054/ims.2023.70722.2247

Journal of Business Intelligence Management Studies is licensed
under a Creative Commons Attribution-NonCommercial 4.0 International License..


https://doi.org/10.3727/109830511X12978702284390

