SHRLAIE| A HEH| =27

Journal of The Korea Society of Computer and Information
Vol. 26 No. 5, pp. 47-53, May 2021
https://doi.org/10.9708/jksci.2021.26.05.047

Applying Different Similarity Measures based on Jaccard Index in

Collaborative Filtering

Soojung Lee*

*Professor, Dept. of Computer Education, Gyeongin National University of Education, Anyang, Korea

[Abstract]

Sparse ratings data hinder reliable similarity computation between users, which degrades the
performance of memory-based collaborative filtering techniques for recommender systems. Many works
in the literature have been developed for solving this data sparsity problem, where the most simple and
representative ones are the methods of utilizing Jaccard index. This index reflects the number of
commonly rated items between two users and is mostly integrated into traditional similarity measures to
compute similarity more accurately between the users. However, such integration is very straightforward
with no consideration of the degree of data sparsity. This study suggests a novel idea of applying
different similarity measures depending on the numeric value of Jaccard index between two users.
Performance experiments are conducted to obtain optimal values of the parameters used by the proposed
method and evaluate it in comparison with other relevant methods. As a result, the proposed

demonstrates the best and comparable performance in prediction and recommendation accuracies.

» Key words: Collaborative Filtering, Recommender System, Similarity Measure, Data Sparsity,
Jaccard index
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I. Introduction
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II. Related Works
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IV. Performance Experiments

1. Design of Experiments
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Fig. 1. Mean absolute error for varying alpha
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3. Performance Comparison
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Table 1. Results of mean absolute error with varying nearest neighbors

e S 10 15 20 25 30 35 40 45
Similarity Measure

MSD 0.9933 0.9795 0.9806 0.9856 0.9866 0.9878 0.9873 0.9872 0.9868
JAC 0.9828 0.9843 0.9817 0.9840 0.9849 0.9844 0.9821 0.9816 0.9809
JMSD 0.9807 0.9768 0.9808 0.9851 0.9847 0.9825 0.9821 0.9811 0.9805
PROP 0.9763 0.9638 0.9742 0.9789 0.9776 0.9800 0.9803 0.9795 0.9796
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Table 2. F1 results with varying nearest neighbors

_———number of NNs | ¢ 10 15 20 25 30 35 40 45
Similarity Measure
MSD 0.2567 0.2978 0.2518 0.2518 0.2518 0.2518 0.2518 0.2518 0.2518
JAC 0.2092 0.2894 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585
JMSD 0.2097 0.3088 0.3006 0.2585 0.2585 0.2585 0.2585 0.2585 0.2585
PROP 0.2629 0.2678 0.2623 0.2623 0.2623 0.2561 0.2623 0.2623 0.2623
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V. Conclusions

dlolg slad AL @2 e sjvio] 24 A|AH
o ThS AHA BARA A5 Aste] £a aglo]c,
2 ARoNE AtE ARE ol@slo] 4y BAIE
29d J|E AT Aute] BEe BAstn Az A
Ae 2 Aokt Aot We] £ ofocjole Wi
olf] 84 %o WE L] QAT Azo] AgoRA,
ABA R S Wlell g oixg ttat
7] 9l Awot gebd 4 ik webA ARgAte] Batol
= Sz} g0l B $U o] A% AEE A
841 71 Bl A7 Ao 37 xpgsiect ol A
7‘(_—]|£g] % }\-]% Al :]J‘y_} }\-124] O/\}\-]o] OIAH
Qe A5 A00)4 7|E SAlE A

=52 571

l—O
U
o
m\l

Aot Aet 8] Bt dlole) @740l -85tk Al
Az @9 JYROE 4B 59 B WYL 2EY £

A AARIER 1)) AMEATEO] B2} 3he Rolsls B¢
7t Al gk el AAglo] RlFshs PR
02, e slagh golg &g 7 el glo,
TR 2 A7) RAE AErt R85 2
c} e, Wet AH8%le) L elolept S 3%l
18 AR 283k A 5UT 452 TR
g ERolME T dojEittos Ay 3 25
fet. olohs T 549 tolEse 283t Al
oh MEO] 45 ASY Wast ok BRAA o
FALE AT FAA = & 71 stefolee] Az
3171 93l delo] of2] ARl dstol s AE
AAsIRoL, Bt SR Klst YRS 52 olé
stof A=k Ahgo] Jhssict AupdoR, B A7 At
2 B3 APIE Ales 283 RALE AHE W Al2e

A8 AEiglost §4 & O Syel qolEite o

I-H

}

ro ok

0]

o nlo

REFERENCES

[1] Z. Batmaz, A. Yurekli, A. Bilge, and C. Kaleli, “A Review on
Deep Learning for Recommender Systems: Challenges and
Remedies,” Attificial Intelligence Review, Vol. 52, No. 1, pp. 1-37,
2019. DOI: 10.1007/s10462-018-9654-y

[2] R. A. Mancisidor, M. Kampftmeyer, K. Aas, and R. Jenssen,
“Learning Latent Representations of Bank Customers with the
Variational Autoencoder,” Expert Systems with Applications, Vol.
164, 2021. DOL: 10.1016/j.eswa.2020.114020

[3] M. Aamir and M. Bhusry, “Recommendation System: State of
the Art Approach,” International Journal Computer Applications,
Vol. 120, No. 12, pp. 2532, 2015. DOIL: 10.5120/21281-4200

[4] M. Jalili, S. Ahmadian, M. Izadi, P. Moradi, and M. Salehi,
“Evaluating Collaborative Filtering Recommender Algorithms: A
Survey,” IEEE Access, Vol. 6, pp. 74003-74024, 2018. DOI:
10.1109/ACCESS.2018.2883742

[5] B. Shao, X. Li, and G. Bian, “A Survey of Research Hotspots
and Frontier Trends of Recommendation Systems from the

with

Perspective of Knowledge Graph,” Expert Systems



Applying Different Similarity Measures based on Jaccard Index in Collaborative Filtering 53

Applications, Vol. 165, 2021. DOIL: 10.1016/j.eswa.2020.113764

[6] J. Bobadilla, F. Serradilla, and J. Bernal, “A New Ccollaborative
Filtering Metric that Improves the Behavior of Recommender
Systems,” Knowledge-Based Systems, Vol. 23, No. 6, pp. 520-528,
2010. DOI: 10.1016/j.knosys.2010.03.009

[7] S.-B. Sun, Z.-H. Zhang, X.-L. Dong, H.-R. Zhang, T.-J. Li, L.
Zhang, and F. Min, “Integrating Triangle and Jaccard Similarities
for Recommendation,” PLoS ONE, Vol. 12, No. 8, 2017. DOI:
10.1371/journal.pone.0183570

[8] S. Bag, S. K. Kumar, and M. K. Tiwari, “An Efficient

Recommendation Generation using Relevant Jaccard Similarity,”
Information Sciences, Vol. 483, pp. 53-64, 2019. DOIL
10.1016/).in5.2019.01.023

[9] S. Kosub, “A Note on the Triangle Inequality for the Jaccard

Distance,” Pattern Recognition Letters, Vol. 120, pp. 36-38, 2019.
DOI: 10.1016/j.patrec.2018.12.007

[10] S. Lee, “Performance Analysis of Similarity Reflecting Jaccard
Index for Solving Data Sparsity in Collaborative Filtering,” The
Journal of Korean Association of Computer Education, Vol. 19,
No. 4, pp. 59-66, July 2016.

[11] K. G. Saranya, G. S. Sadasivam, and M. Chandralekha,
"Performance Comparison of Different Similarity Measures for
Collaborative Filtering Technique, Indian Journal of Science
and Technology, Vol. 9, No. 29, Aug. 2016. DOIL: 10.17485/ijst
/2016/v9129/91060

[12] A. Iftikhar, M. A. Ghazanfar, M. Ayub, Z. Mehmood, and M.
Magsood, “An Improved Product Recommendation Method for
Collaborative Filtering,” IEEE Access, Vol. 8, pp. 123841-1238
57, 2020. DOIL: 10.1109/ACCESS.2020.3005953

[13] J. Guo, J. Deng, X. Ran, Y. Wang, and H. Jin, “An Efficient
and Accurate Recommendation Strategy using Degree
Classification Criteria for Item-based Collaborative Filtering,”
Expert Systems with Applications, Vol. 164, 2021. DOI: 10.1016
/j.eswa.2020.113756

[14] Y. Mu, N. Xiao, R. Tang, L. Luo, and X. Yin, “An Efficient
Similarity Measure for Collaborative Filtering,” Procedia
Computer Science, Vol. 147, pp. 416-421, 2019. DOL: 10.1016
/j.procs.2019.01.258

[15] S. Lee, “Improving Jaccard Index using Genetic Algorithms for
Collaborative Filtering,” Lecture Notes on Computer Science,
10385, pp. 378-385, 2017. DOIL: 10.1007/978-3-319-61824-1 41

[16] B. Zhu, R. Hurtado, J. Bobadilla, and F. Ortega, “An Efficient
Recommender System Method Based on the Numerical
Relevances and the Non-Numerical Structures of the Ratings,”
IEEE Access, Vol. 6, pp. 49935-49954, 2018. DOI: 10.1109/AC
CESS.2018.2868464

Authors

Soojung Lee received the B.S. degree in
Mathematics Education from Ewha Woman’s

- University, Korea in 1985. She received M.S.

- and Ph.D. degrees in Computer Science from
Texas A&M University in 1990 and 1994,

respectively. Dr. Lee joined the faculty of the Department of
Computer Education at Gyeongin National University of
Education, Gyunggi-do, Korea, in 1998, as a professor. She
is interested in recommender systems, information filtering,

data mining techniques, and computer education.



