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Collaborative filtering algorithm has been successfully employed in 
e-commercial and academic application. However, traditional 
collaborative filtering methods use only users’ evaluations and do 
not consider the change of the users’ preferences over context. They 
give a same treatment on user’s score in different contextual 
situations. In order to solve above problem, this paper proposes a 
new item-based collaborative filtering algorithm in order to 
incorporate contextual information of users and items. The proposed 
algorithm endows the rating of a user on an item with a weight 
function which takes into account the importance of each contextual 
information for users. Experimental results from Movielens data set 
show that the proposed algorithm outperforms the traditional item-
based collaborative filtering algorithm.  

 
1.	Introduction	
 

Nowadays, it is very difficult for users to 
find the most desirable information in a short 
time due to the increasing information in the 
world [1]. A recommender system offers a 
feasible solution to this problem. It aim to 
provide information or items (such as music, 
movie, books, etc.) that are likely of interest to a 
user, it has been successfully employed in e-
commerce and academic applications [2]. 
Recommender systems can be largely divided 
into two categories: content-based 
recommendation and collaborative filtering 
recommendation. Content-based approach tries 
to predict the utility of items for a particular 
user based on the significant features describing 
the content of an item [3,	 4]. Whereas, 
Collaborative Filtering approach  ignores the 
contents of the item, and makes 
recommendations only based on the items 
previously rated by other users [5]. Despite its 
success and popularity, this technique suffers 
from several limitations including sparsity, 
system scalability, and synonymy. Moreover, the 
traditional collaborative filtering method does 

not incorporate contextual information in the 
recommendation process. They ignore the 
changes of user’s interests over context because 
they suppose that user’s preferences are 
stationary [6]. However, in the real world, item’s 
evaluation can be influenced by additional and 
varying contextual information. In addition, 
every user has a different importance or priority 
on each contextual feature. For instance, in many 
situations, evaluation time, user’s gender or 
item’s genre plays an important role in defining 
a user's preference for an item. In this paper, we 
propose a Context Aware Collaborative Filtering 
algorithm to incorporate the contextual 
information in the recommendation process. 
Firstly, the proposed algorithm uses the Genetic 
Algorithm to calculate the influence of each 
contextual parameter on users' preferences. 
Then it computes the weight function for each 
rating when calculating user predictions. The 
proposed weight function is a simple linear 
combination that reflects the similarity between 
two user’s contexts. 

The rest of the paper is organized as 
follows. Section 2 presents related works. 
Section 3 describes in details the proposed 
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algorithm. Section 4 presents experimental 
works. It provides data set details, evaluation 
metric and results of different experiments. The 
final section provides a conclusion. 
2.	Related	works	

 
More recently, a number of researches 

attempted to improve the quality of 
recommendation systems by taking contextual 
information into account. Such systems are 
called Context aware system [7‐10]. Context is a 
multifaceted concept; it includes any 
information that can be used to characterize the 
situation of an entity [11].  

Si et al. [12] present a system that 
incorporates user’s dynamic contexts into the  
traditional Collaborative Filtering algorithm. 
Instead of using ratings, the authors use a 
dynamic profile vector. Park and Kahng study 
the temporal dynamics in users’ music listening 
behaviors by considering periodicity of the time 
dimension and popularity change [6]. Sun et al. 
[1] divide the user’s rating history into several 
periods, then analyze user’s interests 
distributing in these periods by a phrased 
forecast method. To integrate context into 
Collaborative Filtering, Chen determines 
relevant ratings for a given context using the 
similarity of context proposed [13].  

At the same time, several researchers 
use machine learning methods to ameliorate 
recommender systems. Genetic algorithms are 
randomized search and optimization technique 
based on the evolutionary ideas of natural 
selection and genetics. It has mainly been used 
in two aspects of a Recommender System: 
clustering [14,	15] and hybrid methods [16,	17]. 

Abdul Hameed et al. propose a method 
combining Genetic Algorithms based clustering 
algorithm with Collaborative Filtering [18]. 
Salehi et al. consider weights of implicit or latent 
attributes of materials for learner as 
chromosomes in Genetic Algorithm and 
according to historical rating they optimize the 
weights [19]. Then, they generate 
recommendation by Nearest Neighborhood 
Algorithm using the optimized weight vectors. 
Karatzoglou et al. present a Genetic 
Collaborative Filtering model that is based on a 
generalization of matrix factorization to address 
contextual recommendation problems [20]. 
	
3.	Proposed	algorithm	

 
The challenge of collaborative filtering 

system is to improve the quality of 
recommendations for the users. Traditional 
collaborative filtering methods do not exploit 
any contextual information about the users or 

items. They ignore the changes of user’s 
interests over context because they suppose that 
user’s preferences are stationary. Thus, ratings 
produced at different contexts are weighted 
equally. Nevertheless, in real life, to say that two 
people are similar is not based solely on their 
opinions on a specific topic, but also on other 
factors such as their age and profession. Under 
the framework of item-based collaborative 
filtering, this paper proposes a new hybrid 
algorithm which considers the influence of each 
contextual parameter on users' preferences. The 
weight function is introduced to endow each 
score with a weight value according to context. 
In order to assign the optimal value for each 
contextual information, the proposed algorithm 
uses a genetic algorithm. 
	
3.1	String	Representation	
	

The chromosome is a string of length 5. 
It is encoded with real numbers between 0 and 
1; the number of genes in each chromosome is 
equal to the number of features (user’s age, 
user’s gender, user’s occupation, movie’s genre, 
time evaluation).  A simple chromosome may 
look like as follows: 

 
W1 W2 W3 W4 W5 

 
Where  w1 is the weight associated to the user’s 
age. 
w2is the weight associated to the user’s gender. 
w3 is the weight associated to the user’s 
occupation. 
w4 is the weight associated to the movie genre. 
w5 is the weight associated to the time 
evaluation. 
the sum of the weights in a chromosome should 
be equal to 1. 

 
∑ w୧୧ ൌ 1    (1) 

 
The initial population is formed by 

generating N random strings represented in 
figure 1.  
	
3.2	Fitness	function	

 
In this paper the fitness function will be 

the Mean Absolute Error (MAE) of the 
Recommender System. The fitness function used 
for evaluating the fitness of our Genetic 
Algorithm is determined by equation (2): 

 

fitness ൌ
∑ ቚ୔౟ି୯౟ ቚ౟

୬
  (2) 
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For each prediction-rating pair <pi,qi>, the 
fitness function treats the absolute error 
between pi and qi,  
The lower the fitness value is, the more 
accurately the recommendation engine predicts 
user ratings. 

In order to calculate the fitness value, it 
is necessary to follow the next steps for each 
user x: 

 
‐	Calculating	the	set	of	K	neighborhood	of	user	u:		
	

The most important phase is to measure 
the similarities between users [4]. Firstly, the 
proposed algorithm collects those users who 
shared common items with the active user. Then, 
the similarity weight between the active user 
and his neighborhood is computed by Pearson 
correlation coefficient:  
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Ru,i denotes the rating of user u on item i. 
Idenotes the set of common items for usersu and 
v. 

uR is the average ratings of user u. 
 

‐	Calculating	the	prediction	:	
	

The predicted value of the user u to 
unrated item iis computed using the following 
equation: 
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Where jucorr , is the similarity weight between 

usersu and j. 
Rj,iis the rating of user j for item i. 
K is the number of neighborhood of user u. 
f(u,	j) representsthe degree of similarity between 
the contexts of user u and  j. 
0 ≤ f(u,	j)≤1 is the weight function defined as:  

 
𝑓ሺ𝑢, 𝑗ሻ ൌ ∑ 𝑤௟𝑓௟ሺ𝑥௨, 𝑥௝ሻ௟     (5) 
 

𝑓௟൫𝑥௨, 𝑥௝൯ ൌ ൜
 1         if       𝑥௨ ൌ 𝑥௝

0       if       𝑥௨ ് 𝑥௝
 

     
Where wl, is the weight for contextual feature l ∊ 
[user’s age, user’s gender, user’s occupation, 
movie’s genre, time evaluation]. 

xu and xj are the feature’s value of users u and j, 
respectively. 
	
3.3	Selection	

 
Selection is a genetic operator that gives 

preference to better chromosome. The goodness 
of each individual depends on its fitness which is 
be determined by an objective function. The 
probability of an individual to be selected is 
computed using the following equation:  

 

Pi =Fi  / 


N

j 1
Fj  (6) 

   
N is the size of the population. 
Fi represents the fitness degree of an individual 
i. 
	
3.4	Crossover	

 
Crossover is a genetic operator that 

exchanges genes between two chromosomes for 
generating two new chromosomes. In this work, 
single point on both parents' chromosome is 
selected(figure 1). All data beyond that point in 
either string are exchanged to produce two 
children for the next generation. 

 
 
 

 
 

 
Fig.	1	:Single-point crossover 
	
3.5	Mutation	

 
Mutation is a genetic operator that 

alters one or more gene values in a chromosome 
(figure 2). A random position is chosen in the 
chromosome and all data beyond that point are 
replaced by a random number between 0-1. 
Each chromosome applied mutation with a 
probability pm. 

 
 
 
 
 

Fig.	2	:Single-point mutation 
 
3.6	Termination	criterion	

 
In this paper the processes of fitness 

computation, selection, crossover, and mutation 

Mutation 

Crossover 
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were evolved for M number of iterations or 
stopped when no change had occurred for over 
10 generations. The best chromosome seen up to 
the last generation provides the solution to our 
problem. 

 
 
 

	
4.	Experiments		

 
In order to evaluate the effectiveness of 

the proposed algorithm, we compare the results 
of the proposed system to those traditional 
Collaborative Filtering algorithms. We repeated 
the experiments by using different parameters 
to show how the feature weights affect the 
fitness accuracy and performance. 
	
4.1.	Dataset		

In order to evaluate the 
recommendation quality, the algorithm was 
tested using Movielens1, a data set widely used 
to evaluate collaborative filtering algorithm. This 
data set is provided by the University of 
American Minnesota GroupLens project group. It 
contains 10000054 ratings on a scale from 1 to 5 
and 95580 tags applied to 10681 movies by 
71567 users. Users were selected at random for 
inclusion and each one had rated at least 20 
movies.  

MovieLens dataset contains much 
contextual information (such as age, gender, 
occupation and postal code) which can be 
exploited to improve the prediction accuracy of 
Recommender Systems. The information of a 
user includes: UserID, Gender, Age and 
Occupation and those of the item are MovieID, 
Title, Genres.  
	
4.2.	Prediction	and	recommendation	results	

 
Experiments were performed to show 

the performance of the proposed 
recommendation method. The Pearson 
correlation coefficient is used for finding the 
neighbor users with different values for the 
number of neighbors k. Table 1 informs about 
the MAE error obtained for Movielens when 
applying Pearson correlation.  The results show 
that each recommendation method has obtained 
its best result for a different number of neighbor 
users. Moreover, for any value of K (the number 
of neighbors for each user) the results obtained 
with our genetic algorithm are better that the 
ones obtained with the traditional collaborative 
filtering algorithm. 

 
1 http://www.grouplens.org/   

So, experimental result from Movielens 
data set validates that the weight function 
proposed in this paper improves the quality of 
recommendations. In fact, this function 
incorporates the contextual factors that 
influence the users’ decisions. It integrates also a 
degree of importance for each contextual 
parameter. 
 
 
Tab.	 1	: Mean absolute error comparison of 
different number of neighbors 
 

K	
TraditionalCollaborati

f	filtering	
Proposedalgorith

m	
8 2,32 1. 21 

9 2,03 1.15 

10 1,75 1. 29 

11 1,39 1. 20 

12 1,14 1. 08 

13 0,91 0. 83 

14 0,83 0.75 

 
Moreover, parameters setting for the 

Genetic Algorithm could be found that gives 
better results. The values of Genetic Algorithm 
parameters are listed in table 2.  

 
Tab.	 2	: The parameters of the Genetic 
Algorithm 
 

Population Size 80 
Crossover Rate 0.8 

Mutation Rate (pm) 0.2 
Crossover method Single point
Selection method Tournament

 
Table 3 shows the best approximate 

weighting values generated by the Genetic 
Algorithm. Obviously, we assume that time 
evaluation,  gender and occupation still play an 
important role in preference prediction. 
 
Tab.	3	:The weight of each contextual parameter 
 
Weight of age 0,22
Weight of gender 0,20
Weight of occupation, 0,10
Weight of genre 0,15
Weight of time evaluation 0,33
 
5.	Conclusion	
	

Collaborative filtering based item has 
been known to be the most successful 
recommendation technique [4]. However, 
Traditional collaborative filtering methods are 
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only rely on the user’s preferences, which is 
insufficient in real world problem. In recent 
years, contextual information is more and more 
important in collaborative filtering. Thus, 
Several researchers try to exploit contextual 
features to improve the prediction accuracy of 
Recommender Systems. 

This paper proposes a new hybrid 
collaborative filtering algorithm that takes 
contextual information into account. Genetic 
Algorithm is used to find an optimal combination 
of weight features. Then, The weight function is 
introduced to endow each score with a weight 
value according to context.  Experimental results 
from Movielens data set show that the new 
algorithm outperforms the traditional item-
based collaborative filtering algorithm. 
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