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Abstract

The recommender systems are models that are to predict the potential interests of users among a
number of items. These systems are widespread and they have many applications in real-world. These
systems are generally based on one of two structural types: collaborative filtering and content filtering.
There are some systems which are based on both of them. These systems are named hybrid
recommender systems. Recently, many researchers have proved that using content models along with
these systems can improve the efficacy of hybrid recommender systems. In this paper, we propose to use
a new hybrid recommender system where we use a WordNet to improve its performance. This WordNet
is also automatically generated and improved during its generation. Our ontology creates a knowledge
base of concepts and their relations. This WordNet is used in the content collaborator section in our
hybrid recommender system. We improve our ontological structure via a content filtering technique.
Our method also benefits from a clustering task in its collaborative section. Indeed, we use a passive
clustering task to improve the time complexity of our hybrid recommender system. Although this is a
hybrid method, it consists of two separate sections. These two sections work together during learning.
Our hybrid recommender system incorporates a basic memory-based approach and a basic model-
based approach in such a way that it is as accurate as a memory-based approach and as scalable as a
model-based approach. Our hybrid recommender system is assessed by a well-known data set. The
empirical results indicate that our hybrid recommender system is superior to the state of the art
methods. Also, our hybrid recommender system is more accurate and scalable compared to the
recommender systems, which are simply memory-based (KNN) or basic model-based. The empirical
results also confirm that our hybrid recommender system is superior to the state of the art methods in
terms of the consumed time.

While this method is more accurate than model-based methods, it is also faster than memory-based
methods. However, this method is not much weaker in terms of accuracy than memory-based methods,
and not much weaker in terms of speed than model-based methods.

Keywords: Recommender System; Ontology; Memory-based Filtering; Model-based Filtering;
Clustering; KNN.
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(Table-3): Comparison of different methods in terms of MAE criteria

Number of KNN
5 10 15 20 50 60 80
Method
LMR 11075541 | 1.1512821 | 1.0064977 | 1.0599112 1.0462548 | 1.0075896 0.9201686
GMR 1.0075541 | 1.0612821 | 0.9787374 | 1.0742112 0.9049137 | 0.9004336 0.8792492
LMR+ 09411229 | 0.9120105 | 0.9089575 | 0.8760508 | 0.8639927 | 0.8199077 0.8004988
LULCS 1.0062576 | 0.9747877 | 0.9578965 | 0.912306 0.8620667 | 0.8525098 0.824147
User- and Item-
Eblslsf-(:);tsc\)llgg; 0.93532 0.88901 0.81480 0.80042 0.75672 0.73342 0.63422
[85]
[55] 0.8102836 | 0.8068856 | 0.7905467 | 0.790009 0.7783540 | 0.7506440 0.7503783
[56] 0.7802768 | 0.7769650 | 0.7690481 | 0.766301 0.7085576 | 0.7006634 0.6800476
[57] 0.6172945 | 0.5517851 | 0.5426238 | 0.5369432 | 0.52845077 | 0.5176570 0.4949458
Proposed 0.5502844 | 0.5569947 | 0.5005291 | 0.558579 0.4583577 | 0.4006688 0.4000473
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