_ - Ol Wonligh 9 (5518 (Sl S ylulio 05" (yroiid
-""L‘:M:h::g\' Z ; A . 90 . - 9 . _5":0“-_“'.’:':"‘-:.-.
T W(/m sl w/cm
I‘.:Jﬂ-HT’—r-l‘ Y -'-'f;-'.'i'.;"." ' .l
Nsmadls et Olpl e IYAY oge - ) A,

FNHSM_HRS: Hybrid recommender system using fuzzy
clustering and heuristic similarity measure

Mostafa Khalaji*, Faculty of Computer Engineering, K. N. Toosi University of Technology,
Tehran, Iran, Email: Khalaji@email.kntu.ac.ir, ORCID: 0000-0002-5019-1824
Chitra Dadkhah, Faculty of Computer Engineering, K. N. Toosi University of Technology,
Tehran, Iran

Abstract

Nowadays, Recommender Systems have become a comprehensive system for helping and guiding
users in a huge amount of data on the Internet. Collaborative Filtering offers to active users based on
the rating of a set of users. One of the simplest and most comprehensible and successful models is to
find users with a taste in recommender systems. In this model, with increasing number of users and
items, the system is faced to scalability problem. On the other hand, improving system performance
when there is little information available from ratings, that is important. In this paper, a hybrid
recommender system called FNHSM_HRS which is based on the new heuristic similarity measure
(NHSM) along with a fuzzy clustering is presented. Using the fuzzy clustering method in the
proposed system improves the scalability problem and increases the accuracy of system
recommendations. The proposed system is based on the collaborative filtering model and is partnered
with the heuristic similarity measure to improve the system's performance and accuracy. The
evaluation of the proposed system based results on the MovieLens dataset carried out the results using
MAE, Recall, Precision and Accuracy measures Indicating improvement in system performance and
increasing the accuracy of recommendation to collaborative filtering methods which use other
measures to find similarities.

Conference: 7th Iranian Joint Congress on Fuzzy and Intelligent Systems, 18th Conference on
Fuzzy Systems and 17th Conference on Intelligent Systems, Bojnord, Iran, University of Bojnord,
p.p. 562-568, January 2019.
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