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Abstract
Recommender systems that predict user ratings for a set of items are known as subset of information
filtration systems. They help users find their favorite items from thousands of available items.
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One of the most important and challenging problems that recommendation systems suffer from is the
problem of dispersion. This means that due to the scatter of data in the system, they are not able to find
popular items with the desired reliability and accuracy. This is especially true when there are a large
number of items and users in the system and the filled ratings are low. Another challenging problem
that these systems suffer from is their scalability. One of the major problems with these systems is the
cold start. This problem occurs due to the small number of items rated by the user, i.e. the scatter of
users. This problem is divided into two categories: new user and new item. The main focus of this article
is on the problem of the new user type. This problem occurs when a new user has just logged in and has
not rated any item yet, or when the user has already logged in but has been less active in rating. The goal
is to address these three challenges.

In this study, an ontology-based hybrid recommender system is introduced in which ontology is used in
the content-based filtering section, while the ontology structure is improved by the collaborative filtering
section. In this paper, a new hybrid approach based on combining demographic similarity and cosine
similarity between users is presented in order to solve the cold start problem of the new user type. Also,
a new approach based on combining ontological similarity and cosine similarity between items is
proposed to solve the cold start problem of the new item type. The main idea of the proposed method is
to extend users’/items’ profiles based on different mechanisms to create higher-performance profiles for
users/items.

The proposed method is evaluated in a real data set, and experiments show that the proposed method
performs better than the advanced recommender system methods, especially in the case of cold start.

Keywords: Recommender System; Ontology; Profile Expansion; Hybrid Recommender System.
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(Figure-1): The scheme of the proposed method
Input:

1. Let’s U;. DI denotes demographic information of the ith user.

2. Let’s R;; denotes the rate value the ith user gives to the jth movie. Let’s R;. denotes the rate values the ith user gives to the
different movies; its transpose (i.e. R]) can be seen as a rate vector of the ith user. Let’s R,; denotes the rate values the
different users give to the jth movie.

3. Let’s [;. L denotes the language of the ith movie.

4. Let’s I;. D denotes the director of the ith movie.

5. Let’s [;. W denotes the writer of the ith movie.

6. Let’s [;. R denotes the average rate the ith item has gotten.

7. Let’s I;. Rt denotes the runtime of the ith item.

8.  Let’s I;. Rd denotes the release data of the ith item.

9.  Let’s I;.C denotes the country of the ith item.

10. Let’s I;. N denotes the number of rates the ith item has gotten.

11. Let’s I;. P denotes the producer of the ith item.

12, Let’s I;. G; is an asymmetric Boolean variable indicating whether the ith item has the jth genre or not.

13. Let’s I;. A; denotes whether the kth famous actor is available in the actors' list of the ith movie or not. A famous actor is the
one features in at least five movies. [;. A, is an asymmetric Boolean variable.

14. Let [ be expanding size of user profile or item profile

Output:
1. R matrix
Body:

1. Z=Q=25

2. Npags = Nemrs = Nomps =1

3. USf} = Sim(Ui. DI, U;. DI) where USg is the users’ similarity matrix defined based on users’ demographic information.

Ykea;:RikR;
4. USL-R} = AR \where USS- is the users’ similarity matrix defined based on users’ ratings and A;; =
Skeayj Rl Zkeayj Rk
{k|R;x # NaN ARy # NaN}.
YkeB;j RkiRkj . . L . .
5 ISf= SR \where ISf is the items similarity matrix defined based on users’ ratings and B;; = {k|Ry; #
ZkeBin;%iZkeBinkj
NaN A Ry; # NaN}.

6. Let’s 153 be the items’ similarity matrix defined based on items’ ontology information (features defined in lines 3-13 of
input section).

7. Define US;; = 6,(|4]) x US + (1 - 6,(|4;])) x USE.

8.  Define IS;; = Gi(|Bij|) X 155- + (1 - Hi(|Bij|)) X 155 is the items’ similarity matrix defined based on items’ ontology
information.

9. Use LARS or GMRS or LARS+GMRS to determine R;; and then expand user profile of the target user if the target user is
NU

O 2le ) 5, VP Jle
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O

11. If jth item is a cold item or NI
13. Elseif ith user is a cold user or NU
15. Else

non-

10.  Use ILMRS to determine R;; and then expand the target item profile if the target item is a NI

12. Use ILMRS to determine R;; on the expanded profiles of items

14. Estimate R;; using equation 6 on the expanded profiles of users either by GMRS or LARS or LARS+GMRS

16. Estimate R;; using ILMRS on the non-expanded profiles of items and with GMRS or LARS or LARS+GMRS on the

expanded profiles of users and then report average of the values obtained by two methods

olecin by O dud (Y- JSC)

(Figure-2): The general framework of the proposed method
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