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Abstract

Recommendation systems, or also known as recommendation engines, have become an important research
area and are applied in various fields. In addition, the technologies behind these systems have been
developed over time. In general, these systems help users to find products or services (such as books or
music) through analyzing and aggregating other users' activities, primarily in form of reviews, and then

forming recommendations. Recommendations help facilitate the user's decision-making process .

While single-criterion (traditional) recommendation systems have been very successful in a number of
applications, the research for multi-criteria recommendation systems is still not in its mature stages. In order
to obtain the overall benefit from multi-criteria ratings, new recommendation techniques need to be

developed.

Traditional Recommendation systems mainly measure the similarity between users using the reviews given
by these users to the studied items. Traditional systems operate on a single-criterion rating system, i.e, the
user evaluates the item by a single value (representing the overall rating). Advanced systems have detailed
user needs and preferences to several criteria that express the user's preferences for the item in detail, away

from the overall rating that does not reflect well the user's preferences for the item .

In this thesis, we present a state-of-the-art study of the traditional single-criterion recommendation systems.
We then turn to the main study of the thesis, which is, the multi-criteria recommendation systems, and how
multi-criteria decision support systems can be applied so that the recommendation can be formulated as a
decision support problem for the target user. The proposed solution represents a new way to solve the multi-
criteria recommendation problems by studying the correlation of criteria and then forming a model that
benefits from this correlation so that we can build a model that integrates traditional methods such as

collaborative filtering (based on user similarity) and the suggested method which is "Criteria Chaining."

Keywords: recommendation systems, single-criterion recommendation systems, multi-criteria
recommendation systems, multi-criteria decision support systems.
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# Ry £ Java @ Python (8 Nodejs  php PHP

var client = new RecombeeClient("dstabase_id", secretToken);

/1 Send purchase of item “item_x" by user "user_42". Create user and/or item if it doesn't exist yet.
client.Send( new AddPurchase("user_42", “item x", cascadeCreate: true) );

// Get 5 recommended items for user 'user_42'. Recommend only items which haven't expired yet.

var recommended = client.Send( new UserBasedRecommendation("user 42", 5, filter: " 'expires’ > now()") );

() see Recombee API Client for NET on Github

Real-Time Integration
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