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Abstract

K-nearest neighbors (KNN) based recommender systems (KRS) are among the most successful recent
available recommender systems. These methods involve in predicting the rating of an item based on the
mean of ratings given to similar items, with the similarity defined by considering the mean rating given
to each item as its feature. This paper presents a KRS developed by combining the following
approaches: (a) Using the mean and variance of item ratings as item features to find similar items in an
item-wise KRS (IKRS); (b) Using the mean and variance of user ratings as user features to find similar
users with a user-wise KRS (UKRS); (¢) Using the weighted mean to integrate the ratings of neighboring
users/items; (d) Using ensemble learning. Three proposed methods EVMBR, EWVMBR and
EWVMBR-G are presented in this paper. All three methods are user-based, in which VM distance is
used as a measure of the difference between users / items, to find neighboring users / items, and then the
weighted average is weighted, respectively. Also, weights based on the Gaussian combined covariance
model are used to predict unknown user ratings. Our empirical evaluations show that the proposed
method EVMBR, EWVMBR and EWVMBR-G, which utilizes ensemble learning, are the most accurate
among the methods evaluated. Depending on the dataset, the proposed method EWVMBR-G managed
to achieve 20 to 30 percent lower mean absolute error than the original MBR. In terms of runtime, the
proposed methods are comparable to the MBR and much faster than the slope-one method and the
cosine- or Pearson-based KNN recommenders.

Keywords: K-Nearest Neighbor, Rating, Variance, Recommender System.
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(Figure-1): Demonstration of matrix factorization for the
MovieLens100k dataset
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%

if (k == 1) then
continue
endif
*[any item that is rated O cannot be a neighbor/*
if (s == 0) then
continue;
endif
mdy, = abs(u; — )
if (mdl-k < 6) then
nb=nb+1
nbsum = nbsum + sy,
endif
endfor

/* Step 2: Predict the rating of item i */
if (nb>1)then

__ nbsum
ui — nb
else
Pui = K
endif
end

RSMD ety 5o81 oS a1 (Y- JSCi)
(Figure-3): RSMD algorithm pseudo-code
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Algorithm 1: Pseudo Code of RSMD [5]
Inputs:

&: Neighborhood threshold

s: User-item table

m: Number of items

u: Target user index

i: Target item index

Outputs:

pyi: Predicted rating of item i by user u

[* Step 1: Determine the neighbors of item i */

nb = 0 // Number of neighbors of item i

nbsum = 0 // Sum of ratings given to the neighbors
of item i

fork=1tom

*/ item i cannot be a neighbor of itself /*
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(Figure-4): RMSE of the evaluated methods
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(Table-1): MAE of the evaluated methods

Method MovieLens100K DouBan EachMovie
P-kNN 0.8363 0.7089 0.2277
C-kNN 0.7487 0.6366 0.1980
Slope-one 0.7421 0.5902 0.2900
[35] 0.6214 0.6137 0.1477
[36] 0.6971 0.5740 0.1398
[37] 0.7741
[38] 0.6733 - -
MBR 0.7389 0.5869 0.1933
VMBR-I 0.6702 0.5296 0.1410
VMBR-U 0.7062 0.5794 0.1503
WMBR-I1 0.6175 0.4673 0.1294
WMBR-U 0.6572 0.5119 0.1437
WVMBR-I 0.6165 0.4637 0.1294
WVMBR-U 0.6565 0.5116 0.1435
EVMBR 0.6519 0.5310 0.1415
EWVMBR 0.5970 0.4636 0.1292
EWVMBR-G 0.5893 0.4612 0.1258
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(Table-2): Runtime of the evaluated methods (in seconds)
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Method MovieLens100K DouBan EachMovie
P-kNN 410.2365 120765.6565 21087.7639
C-kNN 399.6544 118654.7629 20546.6532
Slope-one 397.2097 117233.7626 20351.6334
[35] 4.3344 9765.2024 3232.5632
[36] 4.8934 9234.3250 8113.7501
[37] 3.3250
[38] 45634
MBR 2.3885 6543.0187 1072.4803
VMBR-I 0.5260 4040.3133 106.7081
VMBR-U 0.2961 66.5703 584.4321
WMBR-I 3.1222 8569.7917 1271.8774
WMBR-U 3.0339 835.3166 7145.0752
WVMBR-I 2.9670 4755.3064 1232.4631
WVMBR-U 3.2888 814.72806 7113.4829
EVMBR 0.6877 4093.5993 709.9855
EWVMBR 6.5287 9444.0830 8374.5360
EWVMBR-G 6.8901 9546.0932 8560.5500
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(Figure-8): Comparison of the final three proposed methods
in terms of execution time with competing methods
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(Figure-9): Accuracy of EVMBR method in user cold start
mode with different thresholds
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(Figure-10): Accuracy of EWVMBR method in user cold
start mode with different thresholds
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(Figure-5): Sensitivity of MAE of the WVMBR-I to the 8-
value for the Movielens100k dataset
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(Figure-6): Sensitivity of runtime of the WVMBR-I to the 8-
value for the Movielens100k dataset

0.7

0.69

0.68

0.67

0.66

MAE

0.65

0.64

0.63

0.62

0.61

1 0.1 0.01 0.001 00001  0.00001
&2 0 ylaiio 4 WVMBR- | MAE Conluns (Y JSCi)

Movielens100k osloas gozxo

(Figure-7): Sensitivity of MAE of the WVMBR-I to the a-
value for the Movielens100k dataset

OF 2le Vo kel VP Jl



http://dx.doi.org/10.52547/jsdp.19.3.147
http://jsdp.rcisp.ac.ir/article-1-1244-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-12 ]

[ DOI: 10.52547/jsdp.19.3.147 ]

P (G 3haus) il )ly KoS by (5 )3 63403 Sty Aslobw

%

Sleeas (G5 L) pul anas, Sl e Sl
2 e slaghy, <Bs (5 L) enl sl S
i 092 |, MBR

6- References &y =%

[1] R. Logesh, V. Subramaniyaswamy, D. Malathi,
N. Sivaramakrishnan, V. J. N. C. Vijayakumar,
“and Applications, Enhancing recommendation
stability of collaborative filtering recommender
system through bio-inspired clustering ensemble
method,” vol. 32, no. 7, pp. 2141-2164, 2020.

[2] C. Qin et al., ““A survey on knowledge graph-
based recommender systems.”” Sci. Sin.Inf. vol.
50(7), pp. 937-956, 2020.

[3] T. V. Yadalam, V. M. Gowda, V. S. Kumar, D.
Girish, and M. Namratha, ”Career
recommendation systems using content based
filtering,” in 2020 5th International Conference
on Communication and Electronics Systems
(ICCES), 2020, pp. 660-665: IEEE.

[4] R. Van Meteren and M. Van Someren, “Using
content-based filtering for recommendation,” in
Proceedings of the Machine Learning in the
New Information Age: MLnet/ECML2000
Workshop, Barcelona, 2000, pp. 47-56.

[5] J. Salter, N. Antonopoulos, “CinemaScreen
recommender agent: combining collaborative
and content-based filtering”, IEEE Intell. Syst.
Vol. 21(1), pp. 35-41, 2006.

[6] F. Ortega, R. Lara-Cabrera, A". Gonza'lez-
Prieto, J.J.I.S. Bobadilla, “Providing reliability
in recommender systems through Bernoulli
matrix factorization”, Inf. Sci, vol. 553, pp.
110-128, 2021.

[7] M. Mohammadian, Y. Forghani, M.N. Torshiz,
“An initialization method to improve the
training time of matrix factorization algorithm
for fast recommendation”, Soft Comput, vol.
25(5), pp. 3975-3987, 2021.

[8] C. C. Aggarwal, Recommender Systems.
Springer, 2016.

[9] W. Yue, Z. Wang, W. Liu, B. Tian, S. Lauria,
X.JN. Liu, “An optimally weighted user-and
item-based collaborative filtering approach to
predicting baseline data for Friedreich’s Ataxia
patients,” Neurocomputing, vol. 419, pp. 287-
294, 2021.

[10] C. Desrosiers, G. Karypis, “A comprehensive
survey of neighborhood- based
recommendation methods, in Recommender
Systems Handbook”, ed. by F. Ricci, L.
Rokach, B. Shapira, B.K. Paul (Springer,
Boston, 2011, pp. 107-144, 2011.

[11] X. Ning, C. Desrosiers, G. Karypis, “A
comprehensive survey of neighborhood-based

BY oly ¥ 5l 1F4) JLu

064 EWVMBRG | e
o == 5=0.0001
060

y 058

~ 056
054
052
050

50 75 100 125 150 175 200 225 250
Number of learning objects

Sy £ 9y <> ,0 EWVMBR-G ov9) Or-KY HO B L))
liseo ‘_thdL'.i.wi L.,

(Figure-11): Accuracy of EWVMBR-G method in user cold
start mode with different thresholds

S 325 4 -0
MBR e golgiiing prawnw oo Lo llas ol o
NSV SR ERI SN ST
s5lassly
olsear el ganas; )y 5 5eSilee 5l oolial @
3,509y 5> alie lagnl (28L ln ol oS
Glaco slaen] o 2S00
Olgeas Ol)5 gy (uilyls 9 (el Sl oozl @
555y 5% ablie ol)l8 8L 6l )5 sla S
wlaad G5 2 2S00
2ty el sl s eSen g 5 oolisl ®
Glaor slapnl /o) p,l8
o> 3ol sl eolanul e
olid (8l eoldacgorme aw b oulplonl &Y gou
; EWVMBR EVMBR olyiin class, a5 ols
WS o oolii] mezr oS0l 5l &5 EWVMBR-G
i 0dd bl Sty (5o Ry, (P33
Yo b Yo EWVMBR-G .oolgiiuy bsy ooy eds
MBR & o s e8 loe sl oufile o
sleig, el by s sl cal eols gl Lo
S Seee e s MBR L alie B oolpiin
&y g slope-one 4 C-KNN P-kKNN  sla s,
4 Cad S slagnl slasws a5 pleoslsacgesme
S o] e oloiday glangy o Gl)lS
1S 7S ey B )5 (e slahs) 4
3 eS 5l eolatnl b lgi oo conis] sla IS 5o
wle syl Sluogas plo b uib)ly 5 uSike


http://dx.doi.org/10.52547/jsdp.19.3.147
http://jsdp.rcisp.ac.ir/article-1-1244-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-12 ]

[ DOI: 10.52547/jsdp.19.3.147 ]

IEEE Transactions on Knowledge and Data
Engineering, vol. 28, pp. 2363-2375, 2016.

[23] J. Salter and N. Antonopoulos, "CinemaScreen
recommender agent: combining collaborative
and content-based filtering," IEEE Intelligent
Systems, vol. 21, pp. 35-41, 2006.

[24] J. Salter, N. Antonopoulos, "CinemaScreen
recommender agent: combining collaborative
and content-based filtering”, IEEE Intell. Syst.
vol. 21(1), pp. 35-41, 2006.

[25] J. Qi, T. Qian, and L. Wei, "The connections
between three-way and classical concept
lattices,"” Knowledge-Based Systems, vol. 91,
pp. 143-151, 2016.

[26] Y. Yao, "Rough sets and three-way decisions,"
in International Conference on Rough Sets
and Knowledge Technology, 2015, pp. 62-73.

[27] Y. Yao, "Three-way decisions with
probabilistic  rough  sets,” Information
Sciences, vol. 180, pp. 341-353, 2010.

[28] M. K. Condli, D. D. Lewis, D. Madigan, and
C. Posse, "Bayesian mixed-E ects models for
recommender systems," in ACM SIGIR, 1999.

[29] Y. Yuan, X. Luo, and M.-S. Shang, "Effects of
preprocessing and training biases in latent
factor models for recommender systems,"
Neurocomputing, vol. 275, pp. 2019-2030,
2018.

[30] L. Ren and W. Wang, "An SVM-based
collaborative filtering approach for Top-N
web  services recommendation,”  Future
Generation Computer Systems, vol. 78, pp.
531-543, 2018.

[31] M. A. Hearst, S. T. Dumais, E. Osuna, J. Platt,
and B. Scholkopf, "Support vector machines,"
IEEE Intelligent  Systems and their
applications, vol. 13, pp. 18-28, 1998.

[32] H. Wu, Z. Zhang, K. Yue, B. Zhang, J. He, and
L. Sun, "Dual-regularized matrix factorization
with deep neural networks for recommender
systems,” Knowledge-Based Systems, vol.
145, pp. 46-58, 2018.

[33] K. Bagherifard, M. Rahmani, M. Nilashi, V.
Rafe.  “Performance  improvement for
recommender systems using ontology”,
Telematics Informatics, vol. 34(8), pp. 1772-
1792, 2017.

[34] K. Bagherifard, M. Rahmani, M. Nilashi, V.
Rafe, M. Nilashi, “A Recommendation
Method Based on Semantic Similarity and
Complementarity Using Weighted Taxonomy:
A Case on Construction Materials Dataset”, J.
Inf. Knowl. Manag. vol. 17(1), pp. 1-26, 2018.

[35] M. Nilashi, O. Ibrahim, K. Bagherifard, “A
recommender system based on collaborative
filtering using ontology and dimensionality

recommendation methods, in Recommender
Systems Handbookm”, ed. by F. Ricci, L.
Rokach, B. Shapira (Springer, Boston, 2015),
pp. 37-76, 2015.

[12] G. Jain, T. Mahara, K.N. Tripathi, “A survey
of similarity measures for collaborative
filtering-based recommender system”, in Soft
Computing: Theories and Applications. ed. by
M. Pant, K.T. Sharma, O.P. Verma, R. Singla,
A. Sikander (Springer, Singapore, 2020), pp.
343-352, 2020.

[13] H. Liu, Z. Hu, A. Mian, H. Tian, X.J.K.B.S.
Zhu, “A new user similarity model to improve
the accuracy of collaborative filtering”,
Knowl. Based Syst, vol. 56, pp. 156-166,
2014.

[14] B. M. Sarwar, G. Karypis, J. A. Konstan, and
J. Riedl, "ltem-based collaborative filtering
recommendation algorithms,"” Www, vol. 1,
pp. 285-295, 2001.

[15] H. J. Ahn, "A new similarity measure for
collaborative filtering to alleviate the new user
cold-starting problem,” Information Sciences,
vol. 178, pp. 37-51, 2008.

[16] Y. Park, S. Park, W. Jung, and S.-g. Lee,
"Reversed CF: A fast collaborative filtering
algorithm using a k-nearest neighbor graph,"
Expert Systems with Applications, vol. 42, pp.
4022-4028, 2015.

[17] J. Wang, A. P. De Vries, and M. J. Reinders,
"Unifying  user-based and item-based
collaborative  filtering  approaches by
similarity fusion,” in Proceedings of the 29th
annual international ACM SIGIR conference
on Research and development in information
retrieval, 2006, pp. 501-508.

[18] M. Zheng, F. Min, H.-R. Zhang, and W.-B.
Chen, "Fast recommendations with the m-
distance," IEEE Access, vol. 4, pp. 1464-1468,
2016.

[19] D. Lemire and A. Maclachlan, "Slope one
predictors for online rating-based
collaborative filtering," in Proceedings of the
2005 SIAM International Conference on Data
Mining, 2005, pp. 471-475.

[20] J. Li, L. Sun, and J. Wang, "A slope one
collaborative  filtering ~ recommendation
algorithm  using  uncertain  neighbors
optimizing," in International Conference on
Web-Age Information Management, 2011, pp.
160-166.

[21] Q.-X. Wang, X. Luo, Y. Li, X.-Y. Shi, L. Gu,
and M.-S. Shang, "Incremental Slope-one
recommenders,” Neurocomputing, vol. 272,
pp. 606-618, 2018.

[22] J. Bu, X. Shen, B. Xu, C. Chen, X. He, and D.
Cai, "Improving collaborative
recommendation via user-item subgroups,"”

OF 2le Vo kel VP Jl


http://dx.doi.org/10.52547/jsdp.19.3.147
http://jsdp.rcisp.ac.ir/article-1-1244-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-12 ]

[ DOI: 10.52547/jsdp.19.3.147 ]

P (G 3haus) il )ly KoS by (5 )3 63403 Sty Aslobw

21y 09> Odlaxs (wey s>
Q‘J“"? oKl 5 stb.&)lf éla.a,o
Syoe glaal b, GLL @ Slsal
olBails jo Iy 1S 5 o)l cwlis IS
Ol 5l ome 908 2y caio 5 ole
obTyg axly ool o] olKisls  ale QL.m Cugac &

2Bl axly otz 50 (9STee 55 EVRVY IO
6&4.;.3.4)’ - g 4 JM & fg-»-a-ols aLL, o
(St slapi K s gole g chagh
Ll oold (gainaigs g (gaail
5wl @yle lasl aellly glas

parvin@iust.ac.ir

oaSlisle )Qo&u‘ @La)b).o.o ‘)-u.n
oRasls ganals 095 (cwiige 5 (S
Sladss 5 pele axly oD ol
Sype sBRe Slaaie) s o4
5 ol xSl plal aBde
ol g Ll
5l Cowl Oyle lisl asbll, Sl
mirzarezaee@srbiau.ac.ir

P e |y ogs ad)l pwlil)ls
oKislo )’| \YAY 9 \YA- (_gLasJL..:

D, O ke Canp g 5lad

o Slpbre g Gp (o
YWAY Jlo o 1y 0g5 (ol iSs am o olasl o5 cdl o
s Slplee Al 0 eyde Cony oRails
e 09,5 il eiSTen (g5 Cewl 03,57 L0
3,90 (dsh e ol o B mds olRisls 5,
O30 9 S i 5l Caal il plagl aBMle
(Ean yigp 5 ol Hrble (( Sbj yolal
5l el @yle lasl aellly glas
a.keshavarz@pgu.ac.ir

OF 2l Vo, VP4 Jlo

reduction techniques”, Expert Syst. Appl. vol.
92, pp.507-520, 2018.

[36] H. Wang, N. Wang, "Collaborative deep
learning  for  recommender  systems",
Proceedings of the 21th ACM SIGKDD
International Conference on Knowledge
Discovery and Data Mining, 2015, pp 1235—
1244,
https://doi.org/10.1145/2783258.2783273.

[37] J. Jeevamol, V.G. Renumol, "An ontology-
based hybrid e-learning content recommender
system for alleviating the cold-start problem",
Educ. Inf. Technol, pp. 1-30, 2021.

[38] J. Joy, N.S. Raj, V.G. Renumol, "Ontology-
based E-learning content recommender system
for addressing the pure cold-start problem",
ACM J. Data Inf. Qual, vol. 13 (3), pp. 1-27,
2021.

oy aFgeltils (Sl by
ol ol3T o8l saass glpSs
) 5 ol Slisis g pole 9ol
S (]S FoalS (cwoiee
lie )38l 5

Sl plaal e 9j50 ctegh slaans)
5 wobiglive  (Oldbl cusl sbaaleln i
el S olgeiny slaaibels
5l el @le plasl aeblly glas

bahranipayam@gmail.com

gl (il (Mo o2loo 940
o Kl Bt Ul olKils
b Sgeals (owiige 5 psle il
- 6?5“‘0 9 Fyhan phgp aass

ol gas ol b o sl ol
5 ple ol FanalS cwiige caSiils [Loiils 5 cole

5 slably ol lags jsld iyl 09,5 (s e
“©y Slewls .a)lo oME A |) ‘_gjlfo.)b oli...uLo)—‘ B
«59lS (yie (g3 eals glaill, slassL cyolo SrSob
Ao 0)90 dgh laaiw; (b by Ghilop g

el & ke Hlal aallly oles
b_minaei@iust.ac.ir


https://doi.org/10.1145/2783258.2783273
mailto:mirzarezaee@srbiau.ac.ir
mailto:a.keshavarz@pgu.ac.ir
http://dx.doi.org/10.52547/jsdp.19.3.147
http://jsdp.rcisp.ac.ir/article-1-1244-fa.html

[ 21-20-5202 uo 1rde-dsinrdps( wouy pspeojumo( | [ 2vTe6Tdpslizpszs ot (10a ]


http://dx.doi.org/10.52547/jsdp.19.3.147
http://jsdp.rcisp.ac.ir/article-1-1244-fa.html
http://www.tcpdf.org

