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Abstract-- The proliferation of powerful smart devices
is revolutionizing mobile computing systems. A
particular set of applications that is gaining wide
interest is recommender systems. Recommender systems
provide their users with recommendations on variety of
personal and relevant items or activities. They can play a
significant role in today’s life whether in E-commerce or
for daily decisions that we need to make. We introduce a
hybrid approach for solving the problem of finding the
ratings of unrated items in a user-item ranking matrix
through a weighted combination of user-based and itembased collaborative filtering. The proposed technique
provides improvements in addressing two major
challenges of recommender systems: accuracy of
recommender systems and sparsity of data by
simultaneously incorporating users’ correlations and
items ones. The evaluation of the system shows
superiority of the solution compared to stand-alone
user-based collaborative filtering or item-based
collaborative filtering.
Keywords- Recommender system, Collaborative
filtering, Memory-based recommender, Model-based
recommender
I. INTRODUCTION
Mobile computing systems and applications are
continuously gaining much interest from academia and
industry given their impact on people’s daily lives and
given the technological advances in artificial intelligence,
integrated circuitry and processor speeds. Particular
applications that are capturing a lot of attention are
recommender systems due to their importance in helping
people with their life-related decisions such as: what book
to read, what movie to watch, what music to listen to,
where to eat, which links to visit on the web [1] and
several other situations where a decision is required.
Moreover, recommender systems are becoming more
necessary since the amount of information displayed to
the user is getting wider and thus, an automated system
can assist the users by displaying what is relevant to their
needs [2].
Several techniques have been proposed in the literature
for recommender systems, where most rely on the ratings
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provided by the users on different items. The primary idea
for a recommender system is to find the ratings of unrated
items and to suggest top recommended items for a given
user, given the ratings of different items. The major
approaches for recommender systems can be classified
into: collaborative techniques, content-based techniques
and hybrid models that cross both [3].
In this paper, a new hybrid approach within
collaborative filtering is proposed for estimating ratings
for unrated items based on a weighted combination of
user-based collaborative filtering and item-based
collaborative filtering. Given a user-item ranking matrix
with unrated items, we aim at finding these ratings and
thus, recommend the top ranked items. Unlike existing
collaborative filtering techniques that focus on either
user-based similarity or item-based similarity, the
proposed technique provides the ratings of unrated items
based on both aspects of similarity simultaneously, useruser similarity and item-item similarity.
In the rest of the paper, we start by presenting in
section II the state of the art techniques adopted for
recommender systems and pointing out the limitations
they incorporate, the challenges that are currently being
faced, and the new applications for recommender systems.
In section III, we propose a method that is based on a
combination of user-based and item-based collaborative
filtering. This method allows for the computation of
missing ratings by incorporating user-user and item-item
similarities. In section IV, we evaluate our proposed
scheme and compare it to state of the art techniques,
specifically user-based collaborative filtering and itembased collaborative filtering. In section V, we conclude
our paper by summarizing the results achieved.
II. LITERATURE REVIEW
In this section a literature review is conducted on
collaborative filtering techniques, user-based and itembased ones, content-based recommender systems, hybrid
recommender
systems
and
preference-based
recommender systems. We highlight the techniques used
and summarizing the challenges of recommender systems.
A. Collaborative Filtering Techniques
Sarwar et al. presents in [4] a technique that makes use
of collaborative filtering. This technique assumes a list of

m users U = {u1,u2,…,um} and a list of n items I={i1,
i2,…,in}. Each user ui has rated a list of items noted by Iui.
The purpose of this technique is to predict the ratings of
unrated items by a given user and recommend the Top-N
items.
Two approaches for collaborative filtering, which are
mainly user-based and item-based, can be distinguished as
follows: user-based collaborative filtering utilizes the
similarity computed between the active user and all other
users. Item-based collaborative filtering makes use of the
similarity available between two items. The similarity
measures rely on the ratings available for two queried
items. For instance, two users who gave close ratings to
the same set of items will most likely have a similarity
measure close to 1, whereas two users who have different
ratings for the same set of items are more likely to have
similarity measure close to 0. The definition of similarity
can be found through the Pearson correlation coefficient,
the cosine similarity or the adjusted cosine similarity as
described in [5]. An example of Pearson correlation
coefficient is given in (1). For users u and v, Iuv represents
the set of items rated by both users u and v, ru,i the rating
of user u to item i and ̅ the average of ratings provided
by user u.
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For each of the two above approaches, user-based and
item-based collaborative filtering, we describe two major
algorithms:
memory-based
collaborative filtering
algorithms and model-based collaborative filtering
algorithms. Memory-based algorithms exploit the entire
user-item database to make a prediction. Statistical
techniques are employed to find the nearest-neighbors for
a user if we consider a user-based approach or for an item
if we consider an item-based approach. The predicted
rating r is given in (2) based on a user-based approach
where v belongs to the user in the neighborhood of the
active user u:
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In order to normalize the result, the mean rating of the
user v is subtracted from his/her rating for item i and is
divided by the sum of the absolute value of the computed
similarities in order to make sure that the predicted rating
fall within the rating range, for example 1 to 5. Itembased collaborative filtering was proved to have better
accuracy in terms of lower MAE (Mean absolute Error)
compared to user-based collaborative filtering [4].
On the other hand, model-based algorithms suggest an
item recommendation by first developing a model of user
ratings using different machine learning techniques such
as Bayesian network, clustering and rule-based
approaches [4-5] and thus the collaborative filtering will

be treated as a classification problem. An example of the
user-based collaborative filtering process can be
summarized in Fig. 1.

Figure 1. The Collaborative Filtering Process using user-based approach.

In order to improve the accuracy of typical
collaborative filtering technique, several methods have
been proposed to enhance it such as aggregating external
ratings [6], or applying matrix factorization [7]. We now
move to over viewing content-based recommender
systems.
B. Content-Based Recommender Systems
In [3], the authors describe content based
recommendation methods which are inspired from
information retrieval and information filtering research.
The content-based recommender system looks at the
content of a certain item depending on its type and tries to
analyze the commonalities among the items that the user
has highly rated. Then, based on the analysis, the system
will detect items with high degree of similarity to the
user’s preferences. Typical applications for content-based
recommender systems are the ones that deal with items
with textual information, such as documents, web sites or
movies descriptions.
In a more detailed manner, consider the content of an
item profile s and a set of attributes characterizing item s
which represent extracted features from the item s. Hence,
the content can be represented as a vector of length k
representing
the
extracted
features:
Content(sj)=(w1j,w2j,…,wkj), where w1j represents the
value for the given feature 1 out of the k features. Based
on
the
item
profile
vector,
ContentBasedProfile)=(wc1,wc2,…,wck) which is related to
users is a vector of weights where each weight represents
the importance of each feature extracted for a certain user
c. Similar to collaborative filtering, similarity measures
can be used to find the highest scoring item, or
probabilistic techniques can be employed to estimate if a
certain item belongs to a certain class of users and thus,
the problem becomes a classification problem where one
can make use of generative approaches that rely on

maximum likelihood. The features of the item will be
used to compute the conditional probabilities [3].
C. Hybrid Models
The two techniques described in sections II-A and II-B
incur some limitations and can be summarized mainly by
four problems. The new user problem makes it hard for
the system to learn about the new user preferences
especially if he/she did not rate enough items; this is also
known as cold-start users [8] and was discussed in [9].
The new item problem is also an issue for collaborative
filtering since even if the item has a high rating, the
recommender system will not be able to recommend it
unless a minimum number of users have rated it. Sparsity
of data which means that the number of existing ratings is
relatively low compared to the number of users and items
on the system. This can impact negatively the accuracy of
the recommender system. Finally, content-based
recommender systems can sometimes be hard to
implement for items where feature extraction is not
feasible.
Due to the above limitations, hybrid models were
developed as discussed in [3, 10] where the two
techniques described in section II-A and II-B are merged
in four different ways. The first one works by combining
the separate recommenders ratings using a linear
combination or a voting scheme which basically selects
the recommendation that is seen better in terms of quality
and more consistent with past user’s ratings. As for the
second method, it adds the content-based characteristics
to collaborative models which can help in overcoming the
sparsity problem since we are not only relying on ratings
but also on item profiles for our prediction. The third way
is to add collaborative characteristics to content-based
models where latent factors are introduced to describe the
user preferences. The fourth mode is to develop a single
unifying recommendation model based on content-based
and collaborative characteristics using probabilistic
approaches such as rule-based classifier or Bayesian
regression models.
D. Preference-based Recommender Systems
A newly introduced approach for recommender
systems is the preference-based one that instead of relying
on item ratings provided by the users, it identifies abstract
features and relations based on the user profile. For
instance, based on the profession of the user, his location,
his gender and other preferences, the preference-based
recommender system constructs abstract relationships that
are relatively more general and can capture a larger set of
people with similar preferences extracted from their
specific profiles. The authors in [11] introduce a
preference-based recommender system for the conference
recommendation problem that recommends conference
sessions for a new set of users based on user profiles and
conference themes constructed using nonnegative matrix
factorization. The advantage of the proposed technique is

that it does not require item ratings but instead it relies on
user behavior and sessions’ attendance for this specific
case. Other possible types of matrix projection that are
used to learn abstract relationship about users or items
based on tangible data are Singular Value Decomposition,
Principal Component Analysis and Vector Quantifization.
The preference-based model was adopted by several ecommerce companies such as Amazon.com and Netflix
[12].
E. Challenges of Recommender Systems
As the amount of information is increasing
tremendously on a daily basis and as the number of Ecommerce users is also increasing, challenges for existing
recommender systems are being more crucial to tackle.
Scalability of recommender systems is currently a major
point to achieve in order to accommodate for the
increasing number of users/items [13]. Moreover, since
recommender systems are heavily based on users’
interventions on the web and their opinions, privacy
issues should not be violated by recommender systems
and this makes it challenging for systems that rely for
instance, on the cache of a web-browser [14]. Collection
of data is sometimes hard to achieve. Hence, implicit and
user-friendly ways are required to avoid having sparse
data and simplifying the retrieval of ratings from users.
Typical techniques for collecting user input on items are
performed when the user is signing up for the first time on
the website or through a survey. Last but not least,
evaluation metrics are being discussed more recently
since sometimes a low root-mean-square-error system
does not guarantee a good quality recommendation. In
fact, users are becoming more curious in knowing why
these specific items were recommended and not others. In
the same context, research in recommender systems is
now considering recommending new items not only based
on preference of the users but also on providing them with
diversified items that they did not explore before as
described in [15].
F. Recent Applications for Recommender Systems
Recommender systems are being utilized in different
contexts. The authors in [16] present a technique for
recommending social events based on the user
geographical location extracted from his mobile phone
device and based on his movements. From social events
to travel packages, the authors in [17] address
customizing recommender systems to help the users in
selecting their travel packages by exploiting online travel
information and focusing on the specific characteristics of
this information. A Tourist-Area-Season Topic model is
developed and is tested for its effectiveness. Social
networks have also got their shares of recommender
systems [18]. For instance, TWITOBI, a recommendation
system for Twitter using probabilistic modeling for
collaborative filtering can recommend top-K users to
follow and top-K tweets to read for an active user. Web

page recommendation is also a hot topic area for
recommender systems as discussed in [19] where a graph
based iteration algorithm is proposed to discover the
topics of interest for each user and a topic-aware Markov
model to learn the navigation patterns for each user.
Finally, recommender systems are also proposed to solve
patent maintenance related issues that can sometimes
induce a high cost on companies or patent owners. In
[20], the authors model the patents as heterogeneous timeevolving information network and propose new patent
features to build a model for a ranked prediction on
whether to maintain or abandon a patent.
III. PROPOSED APPROACH
In this paper, we propose a hybrid model that
combines simultaneously user-based collaborative
filtering and item-based collaborative filtering by adding
the predicted ratings from each technique and multiplying
them with a weight that incorporates the accuracy of each
technique alone. The proposed approach benefits from
correlation between not only users alone or items alone
but from both simultaneously. Hence, the predicted result
will combine two aspects of similarities: user-user
similarities and item-item similarities. The rating ̂ for an
item given a specific user is given as follows:
̂
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The item rating ̂ can be computed using the following
equation:
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where sim(i,j) is the similarity between active item i and
item j, and N(i) is the neighborhood of the item i. The
user rating ̂ is computed as shown in (2) where sim(u,v)
is the similarity between user u and user v, and N(u) is the
neighborhood of the user u.
Once the ratings of the items are predicted for an
active user, the Top k items are selected based on the
highest ratings. Furthermore, the proposed algorithm
deals with cold start users by relying on item similarity
and with cold start items by relying on user similarity. We
can, therefore, overcome the challenge of cold start
users/items too, namely the challenge of data sparsity.
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The lower the MAE the better the accuracy is. As a
result, the choice of the weights (
) needs to minimize
the MAE as shown in (6)
(
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Where, ̂ is predicted using user-based collaborative
filtering and ̂ is predicted using item-based collaborative
filtering for the same item and user. α and β are weights
given to each of the relative ratings ̂ and ̂ . α and β are
both fractions, satisfying the following conditions:

̂

A. On the choice of the Weights
To select the optimum values, the weights α and β
have to be selected to maximize the accuracy of the
resulting MAE evaluated with the combined rating.
Alternatively, the choice of the weights needs to minimize
the error resulting from the difference between predicted
ratings and actual ratings available in training data.
While several measures are possible for assessing the
accuracy of the system, we use mean absolute error
(MAE) to measure the deviation of recommendations
from their true user-specified values. For each ratingprediction pair <pi,qi>, pi being the predicted value and qi
the correct value available in the training data, the
absolute error is computed as |pi-qi |. The MAE is then
evaluated by examining N ratings-prediction pairs, and
computing the average error as shown in the equation
below:
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To simplify the search space for (
), we propose a
simplified empirical approach. Based on [4], the accuracy
of item-based collaborative filtering was proved to be
more accurate than user-based collaborative filtering. As
a result, we propose a higher weight, β, be given to the
prediction performed by item-based collaborative
filtering. Furthermore, since the rating scale in a
recommender system consists of integers or decimals with
one decimal digit, several cases are considered for the
weights α & β and they are represented in Table I. The
more we increase β, the more the impact of item
similarities is compared to user similarities and vice
versa. Fig. 2 shows the different MAE values obtained for
the proposed α & β values. We also add a case (α = 2 β, or
α=2/3 & β=1/3) to make sure that item-based
collaborative filtering is indeed more accurate than userbased collaborative filtering. It is worth noting that the
two special cases: (α=1, β=0) and (α=0, β=1) correspond
to using user-based collaborative filtering alone and itembased collaborative filtering alone respectively.
TABLE I. Values used for testing the proposed method
Case
β=α
β = 2*α
β = 3*α
β = 4*α
β = 5*α
β = 6*α
β = 7*α
α = 2*β

α
1/2
1/3
1/4
1/5
1/6
1/7
1/8
2/3

β
1/2
2/3
3/4
4/5
5/6
6/7
7/8
1/3

The MAE for each case is computed by making use of
different combination of data sets and the optimal weights
will be the ones corresponding to the case with the lowest
MAE as illustrated in equation (6). Moreover, in order to
improve the time performance of the system, a fixed
neighborhood size N is set. The highest N similarity
values are selected for each technique, i.e., the user-user
similarity measure and the item-item similarity measure.
Since the closest users and items are expected to have the
biggest impact on accuracy, the impact of choosing only
N neighbors to perform the calculation of the ratings to be
predicted is expected to be negligible on accuracy
compared to the gain in performance.
IV. EVALUATION
In order to evaluate the proposed system, experiments
are conducted on data selected from MovieLens[21], a
web-based research recommender system that debuted in
1997. The data was collected from hundreds of users who
visit MovieLens to rate and receive recommendations for
movies. Several data sets exist on the site [21], and the
100k ratings was used for the evaluation. The selection of
this dataset specifically is made in order to compare our
results to user-based collaborative filtering and itembased collaborative filtering performed on the same
dataset as described in [4].
The data is stored in text files that we transformed to a
user-item matrix. The data is divided into 5 training sets
and 5 corresponding testing sets and thus, a 5-fold cross
validation approach was applied (i.e. 80% training data
and 20% test data) to evaluate our system. The accuracy
of the proposed technique was compared to user-based
collaborative filtering as stand-alone and item-based
collaborative filtering as stand-alone.
We search for the best weights following the proposed
values of α & β using an empirical approach by observing
the MAE for the different combinations of α & β as
described in the previous section and listed in Table I. It
was observed that α=1/6 and β=5/6 produced the lowest
MAE compared to the other suggested combinations as
depicted in Fig. 2. Although the combination α=1/8 &
β=7/8 was expected to represent the optimum solution
since the weight accorded for item-based collaborative
filtering is higher. This behavior can be explained by
observing that the relatively reduced α factor hides the
intrinsic similarities and relations that can be extracted
among users through user-based collaborative filtering.
Thus, α=1/6 and β=5/6 were the optimal coefficients as
found through empirical analysis.
To test the proposed technique, a neighborhood size of
N = 20 was used based on [4] where a neighborhood size
of 20 was optimal in terms of MAE and performance. For
larger neighborhood sizes, no significant improvement
was obtained in terms of MAE. The simulation was
performed in MATLAB on a Windows 7 with Intel I7
2.4GHz as CPU and 6GB RAM. The results are shown in

Fig. 2. 2 where for α=1/6 and β=5/6 we obtain the lowest
MAE compared to the other combinations and hence, this
is the optimal solution. In order to compare our proposed
approach to state of the art techniques, we select the
optimum evaluated combination and compare the
resulting MAE to the ones measured by using user-based
collaborative filtering and item-based collaborative
filtering separately. As shown in Fig. 3, the proposed
technique gives a better accuracy with an improvement of
23% over user-based collaborative filtering and 16% over
item-based collaborative filtering.

Figure 2. Simulation results for different values of α & β.

Figure 3. Simulation results for user-based, item-based and our proposed
hybrid-base collaborative filtering.

V. CONCLUSION
In this paper, we proposed a new hybrid method for
recommender
systems
based
on
simultaneous
combination of user-based and item-based collaborative
filtering. The results showed improvements in accuracy
compared to using user-based or item-based collaborative
filtering separately. Moreover the proposed technique
addresses two common challenges of recommender
systems, namely sparsity of data and improved accuracy
of recommender system by combining the hidden
relations between users and items.
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