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Abstract

A recommendation system is a subcategory of information filtering systems; Offering the user
items he or she might be interested in according to their past preferences and behavior based on
many different factors. These systems predict the most likely item of interest to the user, and they
are used by large tech companies such as Netflix, Amazon and Youtube to help their users decide
which products or movies might be their favorites. In general, traditional recommendation systems
of all kinds use User-Profile and Item-Profile as well as User Similarities in order to predict ratings
of invisible items.

The main challenges facing most traditional recommendation systems are that the user data and
items, as well as user preferences, are constantly updated over time. and these systems do not take
into account the change in similarities between users, as well as between items, and the change in
preferences of the user himself over time. This makes them limited to providing accurate
recommendations.

In this research, we present two recommendation models, the first model uses Time-Aware
Collaborative Filtering in addition to exploiting the user's temporal context and measuring the
change of similarity between users over time to improve prediction accuracy, and the second model
uses the Matrix Factorization by taking advantage of neural networks in addition to exploiting the
temporal context in the recommendation process, The two models were used and tested on the
same dataset, and the results showed that the two proposed models provided a more accurate
recommendations than the traditional models that do not use temporal context in the
recommendation process.

Keywords: Recommendation System, Collaborative Filtering, Content-Based, Time-Aware
Recommendation Systems, Decay Function, Sliding Window, Machine Learning, Deep Learning,
Matrix Factorization, Embeddings, Deep Neural Networks.
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