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Abstract. Recommender systems (RSs) suggest a list of items to users by using
collaborative or content-based filtering. Collaborative filtering approaches build
models from the user’s past behaviors (items previously purchased or selected
and/or numerical ratings given to those items) as well as similar decisions made
by other users, while content-based filtering approaches utilize attributes of the
items to recommend additional items with similar properties. Although RS is
aplied in many real systems, it has several problems that need to be solved, e.g.,
cold-start (new users or new items) problem, data sparse problem, and especially
data scarcity problem since most of the users are not willing to provide their
opinions on the items. In this work, we present a semantic approach to recom‐
mender systems, especially for alleviating the sparsity and scarcity problems
where most of the current recommendation systems face. We create a semantic
model to generate similarity data given an original data set, thus, the prediction
model has more data to learn. Experimental results show that the proposed
approach works well, especially for sparse data sets.

Keywords: Recommender systems · Ontology · Data scarcity · Semantic
recommender systems

1 Introduction

Recommenders Systems (RS) help users to tackle the overloading problem by effec‐
tively presenting new contents adapted to the user’s preferences. This system is a type
of information filtering system. Indeed, RS is used to predict preference or rating that
user may like or rate on an item which has not been seen in the past (item could be song,
movie, video clip, paper, task, course… [15, 16]). For example, in an online shopping
system such as Amazon, to maximize the user shopping capability, the system usually
takes into account which user likes which item based on using the past behaviors of the
user (these behaviors could be the user’s rate, number of clicks, browsing time… on an
item). Using these behaviors, the system can automatically predict the items, which the
user may prefer and then recommend them to him/her [13].

However, current recommendation algorithms commonly suffer from data sparsity
and scarcity problems where the models have not enough data to learn.

In this study, we present a semantic approach to recommender systems by using an
Ontology model. From this semantic model, we can generate similarity data so that the
prediction model has more data to learn. We step-by-step present how to build the
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semantic model as well as how to integrate this model to the recommender systems.
Finally, we evaluate the proposed approach by using several public data sets.

2 Related Works

Several works have been published in using semantic for recommender systems,
however, each work has its own different purpose [14].

In [10], an ontological user profiling is employed for recommending academic
research papers. While relationships are rich in semantics, the authors found that this
approach has some limitations, as it fails to consider other types of concept relationships.
The authors proposed a classification algorithm, based on the k-Nearest Neighbor clas‐
sifier, that assigns topics to papers and the model predict topics for articles of similar
neighbors.

The Hermes framework [6] offers a semantic-based approach for retrieving news
which is directly or indirectly related to the concepts of interests from the domain
ontology, which is called the knowledge base. The ontology consists of classes, e.g.,
Company and CEO, and the relationship between these classes, e.g., is CEOOf and has
CEO. A concept is defined as either a class or an instance of a class, e.g., Company and
Microsoft. The Hermes News Portal (HNP) is a Java implementation of the Hermes
framework [6]. It allows the user to query the news and views the knowledge base. It
uses Jena library for manipulating and reasoning with the OWL ontologies. For
querying, it employs SPARQL and tSPARQL, which add time functionalities to the
queries. The classification of the news is done using GATE [8] and the WordNet [3]
semantic lexicon. Author used TF-IDF and Jaccard similarity for finding similar articles
to recommend for users.

Ontologies can be used to improve content-based search, as seen in OntoSeek [7].
Users of OntoSeek navigate the ontology in order to formulate queries. Ontologies can
also be used to automatically construct knowledge bases from web pages, such as in
Web-KB [5]. Web-KB takes manually labelled examples of domain concepts and
applies machine-learning techniques to classify new web pages. On the basis of auto‐
mated capture of information as well as user interests serve the recommendation.

Another relevance system is CiteSeer [1], which uses content-based similarity
matching to help searching for interesting research papers within a digital library. It used
Jaccard coefficient and TF-IDF similarity.

Quickstep recommender system is proposed in [7, 11]. This system combines AKT
ontology and OntoCoPI which has been shown that the system can reduce both the cold-
start and interest-acquisition problems. Quickstep is a hybrid recommender system,
addressing the real-world problem of recommending online research papers to
researchers. User browsing behavior is unobtrusively monitored via a proxy server,
logging each URL browsed during normal work activity. A nearest-neighbor algorithm
classifies browsed URL’s based on a training set of labelled example papers, storing
each new paper in a central database.

In [12], the research approaches a search architecture that combines classical search
techniques with spread activation techniques applied to a semantic model of a given
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domain. Spread activation techniques are used to find related concepts in the ontology
given an initial set of concepts and corresponding initial activation values. In this
approach, the structure inherent in the basic ontology used clearly and automatically in
training and updating the user profile. The authors use cosine similarity measure to
compare the similarity of two documents. Research uses Protégé tools for building
ontologies and uses SPARQL as a data query language.

Many researches have been focused on exploitation of semantics to improve the
technical quality of their prediction. Most of them use the same approach semantics
(semantic similarity) to enhance the performance of the approach based on the content,
however, there are also some systems using collaborative filtering methods based on the
user’s profile stored in the Ontology. For example: ePaper [9] is a recommender system
of scientific papers using the inheritance relationships of concepts in the domain to
calculate the combination of concepts and describes an item concept which is collected
from the user’s preferences. FOAFing music project [4] is a recommender system using
standard music vocabulary FOAF to set up user profiles and exploit the semantic
description of songs, mainly the relationship of technology officers, to find similar songs
listening habits of users to implement recommend.

Another recommender system uses semantic inference methods in both phases of
the process that AVATAR [2] which is a recommender system for TV channels using
back-propagation method (upward-propagation) and semantics similarity methods.

In this work, we focus on pre-learning step, which means that we propose building
sematic model to generate more data before training the prediction model.

3 Proposed Approach

In this study, we propose a semantic approach to recommender systems. The purpose is
to overcome the sparsity and scarcity problems in the current recommender systems.
We create ontology models to store the items so that given an active item, the models
can easily retrieve other semantically similar items which are already having user rating/
feedback in the past.

The main idea of the proposed approach is given by a following example. Suppose
in the past data we have “John like a car (e.g., Toyota Camry car) very much”. In this
example, the user is “John”; the item is “Toyota Camry car”; and the rating is “5 stars”.
Using the proposed semantic model, we can find the (top-N) highest similarity cars in
the ontologies and assign them with the same user (John) and the same rating (5 stars).
Thus, the original data set can be enriched after applying the proposed semantic model.

Moreover, this approach can also be used for the cold-star (new user) problem where
the new user comes to the system in the first time and has no rating/feedback in the past,
as introduced in the first case of the following figure.

3.1 Overall Model for Integrating Semantic into RS

An overall model for integrating semantic into recommender systems is proposed in
Fig. 1. There are two possible contexts in this model.
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Fig. 1. Overall model

Context 1: For new users and guests. In this case, the users do not have any feedback/
rating information in the system, i.e. they have no “User-ID”, thus, the RS cannot
recommend the items to those new users. However, in the proposed semantic model, we
can provide recommendations for them easily by the following steps.

Step 1 (basic recommendation): The system recommends n-Top items for the user
by using popular methods, e.g., most popular items, most buying items, most viewing
items, or the new items, etc. This case depends on specific objectives of the application

Step 2: After the user chooses or views or even rates for an item, the system starts
processing in the Ontology to find and recommend top-N items that are semantically
similar to the active item (the item that is currently interacted with the user).

Context 2: For existing users. For the users who already have their information in the
system, i.e., they had “UserID” and historical feedback (rating), the system recommends
items to them as the following steps

Step 1: The system uses recommender algorithms, e.g., matrix factorization, to give
n-Top items that the users might be interested.

Step 2: After the user chooses, views or rates for an item, the system start processing
in the Ontology to find all items with semantically similar to the active item. Then, this
result is combined with the results in the Step 1 to returns n-Top items for the current
user. This can be considered as an ensemble approach.

For building the semantic model for RS, we will describe the structure of the
Ontology as well as how to integrate it to the recommender system.
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3.2 Ontology Structure

In order to store the items for processing as described in Fig. 1, the Ontology structure
(RDFS Graph) is proposed Fig. 2. In this structure, the RDFS:Class is the class of all
classes, RDFS:subClassOf transfers properties of the superclass rs:item into the new

Fig. 2. Ontology structure

Fig. 3. An example of ontology structure
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class rs:sub_item, RDFS:domain specifies domain of an attribute, RDFS:range specifies
range of properties, rdf:property is the class of all properties, rdf:type specifies class of
new classes or resources. In particular, for each instance of the Item class, we have many
[privateproperty] and that is the same for each subclass of the Item class. This depends
on the particular data set which is used to build the Ontology.

An example for this structure is presented in Fig. 3. This figure demonstrates for a
record in MovieLens data set, which will be described in the experimental section, for
example:

(Movie_id=1, Movie_title=Toy Story (1995), Video_release_date=01-Jan-1995,
Movie_genre (attributes) = {Comedy, Amination, Childrens}

This record will then be mapped (dash arrows) to the ontology structure as seen in
the below part of Fig. 2.

3.3 Building the Ontology

To be able to store and retrieve the items that the users rated in the past, we propose to
build an Ontology as modeled in Fig. 2. This Ontology can be shared and reused of the
knowledge of a domain. For building the Ontology, we perform the following steps:

Step 1. Create an empty OWLModel
Step 2. Using the structure in Fig. 2, we create a Class Item type, all classes [Private‐

properties] and [Publicproperties]; note that [Privateproperties] belongs to Item
domain, and [Publicproperties] is the [Class] type

Step 3. Create an instance of the class [Publicproperties], i.e., its corresponding Indi‐
viduals

Step 4. Read each item from data. Each ItemID is an Individual (instance of the class
Item) and the subclass is sub_item; Each item’s properties is properties of
Individual that has just created; Note that every [Publicproperties] is the prop‐
erty of Individual of class [Publicproperties] that was created in step 3;

3.4 Integrating Ontology into the Recommender Systems

To integrate Ontology into RS, the system needs to transfer the active ItemID which the
current user is currently selecting/viewing to the RS-Integration as in Fig. 4. The main
idea of this function is to combine the results from the recommender system with a list
of items which have the highest semantic similarity retrieved from the Onlology for the
active item.

In this study, we have used Jaccard coefficients similarity to calculate the similar
between items which are stored in the ontology structure. Jaccard index, also known as
Jaccard coefficients similarity, is a statistical coefficient was used to compare the simi‐
larities and diversity of the sample (sample sets). Jaccard coefficients similarity between
samples A and B is defined as
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3.5 Data Enrichment from Semantic Model

For tackle the problem of data sparsity and scarcity, we propose using semantic model
to generate similarity data. The generation procedure is described in Fig. 5. This process
is done through two main stages, as follows:

Fig. 5. Procedure for data enrichment

Fig. 4. Integrated procedure
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Stage 1: Preparation. 

– Prepare data (collect the data from public data sets which have rating/feedback in the
past). This data will be used for building semantic models.

– Sort the data (ASC/ DESC) by the UserID.
– Store the items to the Ontology structure as described in Sessions 3.2 and 3.3.

After data preparation phase is completed, we proceed to stage 2 for generating data.

Stage 2: Data enrichment. In this stage, we use the Ontology to retrieve all the rated
items which are semantically similar to the given item.

After having enrichment data set, we can build the prediction model by using any
method in recommender system. For testing purpose, in this work we have used the
state-of-the-art method in Collaborative Filtering, which is Matrix Factorization [13,
14], however, other methods can also be applied.

Matrix Factorization (MF) is a technique that decomposes (approximately) a large
matrix X into two smaller matrices W and H, such that X can be rebuilt from W and H
as closely as possible [14], that means , as illustrated in Fig. 6. In this figure,
W ∈ ℜ|U|×K is a matrix where each row u is a vector with K latent factors which describe
for user u; and H ∈ ℜ|I|×K is a matrix which each column i is a vector with K latent
factors that describe for an item i (please note that K<<|U| and K<<|I|)

Fig. 6. Matrix factorization

Let  and  be the elements of W and H, then the rating by user u on item i is
predicted by:

(1)

The critical issue in the MF is to determine the values of two parameters W and H.
These two parameters can be obtained by optimizing an objective function such as in
the following (this optimizes for the squared error)
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After optimization process, we get the parameters W and H, then we can predict for the
unseen data using formula (1). Please see more details in [13, 14].

4 Experimental Results

4.1 Data Sets

(a)Movielens data set (www.grouplens.org/datasets/movielens). This data set has
many different versions: MovieLens 100 k, MovieLens 1 M and MovieLens 10 M. In
this work, we have used the MovieLens 100 K which has 100,000 rating and it made by
943 users on 1682 films; each user rates for a films from 1 star (the worst) to 5 stars (the
best). This data set is not sparse since we have counted that there are at least 100 ratings
per user. The Movielens data set also has several attributes that can be used for building
the Ontologies of the proposed semantic model, for example: movie title, IMDb URL,
movie genre (action, adventure…), etc.

(b)MovieTweetings dataset. This dataset is available at github.com/sidooms/Movie‐
Tweetings. This is a dataset including the rating of 3,906 films collected on the Twitter
website. MovieTweetings data is classified into the specific data segments: 10 k means
previous data set collected 10,000 reviews; and 20 k means data collected before 20,000
reviews and similar data sets 200 k; This dataset also has several attributes, e.g.,
movie_title, movie_year, genre,… In this work, we have used MovieTweetings 10 K
dataset; The original rating is assigned from 1 to 10.

(c)Restaurant & Consumer Data dataset (RCData). This dataset is stored at
archive.ics.uci.edu/ml/machine-learning-databases/00232. It was collected from a part
of the Restaurants recommender system rated by customers in Mexico City. Several
attributes of this data set can be used to create Ontologies, such as Alcohol,
Smoking_area, Accessibility, other_services, etc.

Table 1 presents the number of users in each data set on average. For the Movielens
data set, it is not sparse while the Movietweetings and RCData are very sparse.

Table 1. Average number of ratings per user

Data sets Number of users Number of ratings AVG rating
MovieLens 943 100,000 106
Movietweeting 3,794 10,000 3
RCData 138 1,161 8
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4.2 Data Pre-processing

In order to store the Items in the Ontology structure in Fig. 2, the data needs to be pre-
processed. For this purpose, we have presented Items as the following format

For example: the MovieLens data is stored as the following:

4.3 Evaluation Measures

In this work, we have evaluated the models using 3-folds cross validation. The popular
measures in RS, which are Root Mean Squared Error (RMSE) and Mean Absolute Error
(MAE), are used for assessment. These measures are defined as the following formulas:

Where  is the test set; U: the set of users; I: the set of items; :
actual value (rating); : predicted value.

4.4 Experimental Results

The information from each data set before and after generating using semantic model is
presented in Table 2. From these results, we can see that the MovieLens100 k data set
after enrichment increases by 12.8 times compared to the original training data; For
MovieTweetings and RCData data sets increase 41.34 and 4.15 times, respectively.

Table 2. Statistics on original data and enrichment data
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Experimental results using RMSE and MAE on 3 data sets are presented in Figs. 7
and 8. In these results, we have used the same well-known technique in RS, which is
Matrix Factorization [13, 14], on the original data (denoted as OldData) and enrichment
data by using semantic model (denoted as SemData).

Fig. 7. RMSE results

Fig. 8. MAE results

From these results, we can see that by using semantic model to generate more data,
the prediction model has more data to learn, thus, the model can reduce the prediction
errors on both RC-Data and Movie Tweetings data sets, especially the error is signifi‐
cantly reduced on Movie Tweetings data set.

However, using enrichment data on Movielens data set, it does not help but
producing negative results. The reason for this case is that the Movielens data set is not
sparse (more than 100 ratings per each user, on average) thus, after generating more
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data, the model gets over-fitting. These results help us validating that the proposed
semantic recommendation approach can be used for tackling the sparsity and scarcity
problems.

5 Conclusions

In this work, we have proposed a semantic approach to recommender systems, especially
for alleviating the sparsity and scarcity problems where most of the current recommen‐
dation systems face. We create a semantic model to generate similarity data given an
original data set, thus, the prediction model has more data to learn. Experimental results
show that the proposed approach works well, especially for sparse data sets.

Using semantic model for tackling the cold-start (new user/ new item) problem could
be a potential topic for future work.
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