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Abstract. Due to the explosion of e-commerce, recommender systems are rap-
idly becoming a core tool to accelerate cross-selling and strengthen customer 
loyalty. There are two prevalent approaches for building recommender sys-
tems � content-based recommending and collaborative filtering (CF). This 
study focuses on improving the performance of recommender systems by using 
data mining techniques. This paper proposes an SVM based recommender sys-
tem. Furthermore this paper presents the methods for improving the perform-
ance of the SVM based recommender system in two aspects: feature subset se-
lection and parameter optimization. GA is used to optimize both the feature 
subset and parameters of SVM simultaneously for the recommendation prob-
lem. The results of the evaluation experiment show the proposed model�s im-
provement in making recommendations. 

1   Introduction 

Recommender systems are the information filtering process to supply personalized 
information by predicting user�s preferences to specific items. In a world where the 
number of choices can be overwhelming, recommender systems help users find and 
evaluate items of interest [11]. Due to the explosion of e-commerce, recommender 
systems are rapidly becoming a core tool to accelerate cross-selling and strengthen 
customer loyalty. To date, a variety of techniques for building recommender systems 
have been developed. These techniques can be classified into two main categories: 
content-based filtering and collaborative filtering (CF). CF is the most successful 
recommendation technique, which has been used in a number of different applica-
tions such as recommending movies, articles, products, Web pages [1, 10]. CF is built 
on the assumption that a good way to predict the preference of the active consumer 
for a target product is to find other consumers who have similar preferences, and then 
use those similar consumer�s preferences for that product to make a prediction [6].  

Support Vector Machines have attracted most interest in the last few years which is 
developed by [16]. SVM implements the principle of Structural Risk Minimization by 
constructing an optimal separating hyperplane in the hidden feature space, using 
quadratic programming to find a unique solution. Compared with most other learning 
techniques, SVM has shown remarkable results in pattern recognition [13], text cate-
gorization [9], speaker identification [12] and financial time series prediction [2, 4, 
8]. But only a small number of studies used SVM in recommendation problem. Fur-
thermore there has been few research which uses optimized SVM model in recom-
mendation problems. In general, the performance of SVM model is sensitive not only 
to some parameters but also to feature subset. Therefore it is very critical to optimize 
SVM model for more accurate performance. 
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This study proposes an SVM based recommender system. Furthermore this study 
presents the methods for improving the performance of the SVM based recommender 
system in two aspects: feature subset selection and parameter optimization. GA is 
used to optimize both the feature subset and parameters of the SVM simultaneously 
for more accurate recommendations.  

2   Background 

2.1   Genetic Algorithm 

Genetic Algorithm (GA) is an artificial intelligence procedure based on the theory of 
natural selection and evolution. GA uses the idea of survival of the fittest by progres-
sively accepting better solutions to the problems. It is inspired by and named after 
biological processes of inheritance, mutation, natural selection, and the genetic cross-
over that occurs when parents mate to produce offspring [5]. GA differs from con-
ventional non-linear optimization techniques in that it searches by maintaining a 
population (or data base) of solutions from which better solutions are created rather 
than making incremental changes to a single solution to the problem. GA simultane-
ously possesses a large amount of candidate solutions to a problem, called population. 
The key feature of a GA is the manipulation of a population whose individuals are 
characterized by possessing a chromosome.  

Two important issues in GA are the genetic coding used to define the problem and 
the evaluation function, called the fitness function. Each individual solution in GA is 
represented by a string called the chromosome. Initial solution population could be 
generated randomly, which evolve to the next generation by genetic operators such as 
selection, crossover and mutation. The solutions coded by strings are evaluated by the 
fitness function. Selection operator allows strings with higher fitness to appear with 
higher probability in the next generation [7]. Crossover is performed between two 
selected individuals, called parents, by exchanging parts of their strings, starting from 
a randomly chosen crossover point. This operator tends to enable to the evolutionary 
process to move toward promising regions of the search space. Mutation is used to 
search further space of problem and to avoid local convergence of the GA [15].  

2.2   Support Vector Machine(SVM) 

Support Vector Machine (SVM) is a novel learning machine introduced by [16]. The 
SVM has emerged in recent years as powerful techniques both for regression and 
classification. The SVM learns a separating hyperplane to maximize the margin and 
to produce good generalization ability. Recently the SVM has been successfully ap-
plied in many areas and has shown remarkable results. 

The SVM is based on the Structural Risk Minimization principle for which error-
bound analysis has been theoretically motivated. The SVM performs pattern recogni-
tion for two-class problems by determining the separating hyperplane with maximum 
distance to the closest points of the training set. These points are called support vec-
tors. In its simplest linear form, an SVM is a hyperplane that separates a set of posi-
tive examples from a set of negative examples with maximum margin. Suppose N 
observations has a pair (x1, y1), (x2, y2), (x3, y3), �, (xn, yn): a vector 
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}1,1{, −∈∈ ini yRx . The task of the SVM is to learn mapping the pair, 

}1,1{−∈→ ii yx . The formula for the output of a linear SVM is bxwu −⋅=  where 

w  is the normal vector to the hyperplane, and x  is the input vector. In the linear 
case, the margin is defined by the distance of the hyperplane to the nearest of the 
positive and negative examples. Maximizing the margin can be expressed as an opti-

mization problem: minimize 2||||
2
1 w subject to  ibxwyi ∀≥−⋅ ,1)(  where xi is the 

ith training example and yi is the correct output of the SVM for the ith training exam-
ple.  

The algorithms for solving linearly separable cases can be extended so that they 
can solve linearly non-separable cases as well by either introducing soft margin hy-
perplanes, or by mapping the original data vectors to a higher dimensional space 
where the new features contain interaction terms of the original features, and the data 
points in the new space become linearly separable [3]. In the non linear problem, we 
first map the data to some other Euclidean space H, using mapping, ΗΦ !dR: . 
Then instead of the form of dot products, �kernel function� K is used such 
that )()(),( jiiiK xxyx Φ•Φ= .  

3   Hybrid GA-SVM Model 

This study presents the methods for improving the performance of an SVM based 
recommender system in two aspects: feature subset selection and parameter optimiza-
tion. GA is used to optimize both the feature subset and parameters of SVM simulta-
neously for recommendation model. 

3.1   Optimizing Feature Subset 

Feature subset selection is essentially an optimization problem, which involves 
searching the space of possible features to find one that is optimum or near-optimal 
with respect to certain performance measures such as accuracy. In a classification 
problem, the selection of features is important for many reasons: good generalization 
performance, running time requirements and constraints imposed by the problem 
itself.  

In the literature there are known two general approaches to solve the feature selec-
tion problem: The filter approach and the wrapper approach [14]. The distinction 
made depending on whether feature subset selection is done independently of the 
learning algorithm used to construct the classifier (i.e., filter) or not (i.e., wrapper). In 
the filter approach, feature selection is performed before applying the classifier to the 
selected feature subset. The filter approach is computationally more efficient than a 
wrapper approach. Wrapper approach train the classifier system with a given feature 
subset as an input and estimate the classification error using a validation set. Al-
though this is a slower procedure, the features selected are usually more optimal for 
the classifier employed.  
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In a classification problem, feature subset selection plays an important role in the 
performance of prediction. Furthermore its importance increases when the number of 
features is large. This study seeks to improve SVM based recommender system. We 
propose the GA as the method of feature subset selection in the SVM system. This 
study uses the wrapper approach to select optimal feature subset of the SVM model 
using GA.  

3.2   Optimizing the Parameters of SVM 

One of the big problems in SVM is the selection of the value of parameters that will 
allow good performance. Selecting appropriate values for parameters of SVM plays 
an important role in the performance of SVM. But, it is not known beforehand which 
values are the best for one problem. Optimizing the parameters of SVM is crucial for 
the best prediction performance. 

This study proposes GA as the method of optimizing parameters of SVM. In this 
study, the radial basis function (RBF) is used as the kernel function for SVM based 

recommender system. There are two parameters while using RBF kernels: C and 2δ . 
These two parameters play an important role in the performance of SVMs [2]. In this 

study, C and 2δ are encoded as binary strings, and optimized by GA. 

3.3   Simultaneous Optimization of SVM Using GA 

In general, the choice of the feature subset has an influence on the appropriate kernel 
parameters and vice versa. Therefore feature subset and parameters of SVM need to 
be optimized simultaneously for the best prediction performance. The proposed 
model optimizes both feature subset and parameters of SVM simultaneously. The 
overall procedure of the proposed model starts with the randomly selected chromo-
somes which represent feature subset and parameters of SVM. Each new chromo-
some is evaluated by sending it to the SVM model. The SVM model uses the feature 
subset and parameters in order to obtain the performance measure (e.g. hit ratio). This 
performance measure is used as the fitness function and is evolved by GA. 

The chromosomes for the feature subset are encoded as binary strings standing for 
some subset of the original feature set list. Each bit of the chromosome represents 
whether the corresponding feature is selected or not. 1 in each bit means the corre-
sponding feature is selected, whereas 0 means it is not selected. The chromosomes for 
parameters of SVM are encoded as a 16-bit string which consists of 8 bits standing 

for C and 8 bits standing for 2δ . Fig. 1 shows examples of encoding for GA. 
Each of the selected feature subsets and parameters is evaluated using SVM. This 

process is iterated until the best feature subset and values of parameters are found.  
The data set is divided into a training set and a validation portion. The training set 

(T) consists of both T_1 and T_2. 
GA evolves a number of populations. Each population consists of sets of features 

of a given size and the values of parameters. The fitness of an individual of the popu-
lation is based on the performance of SVM. SVM is trained on T_1 using only the 
features of the individual and the values of parameters of the individual. The fitness is 
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the prediction accuracy of the SVM model over T_2. At each generation new indi-
viduals are created and inserted into the population by selecting fit parents which are 
mutated and recombined. 

The fitness function is represented mathematically as follows: 

n

H
Fitness

n

i
i∑

== 1  
(1) 

where Hi is 1 if actual output equal to the predicted value of the SVM model, other-
wise Hi is zero. 

(a) Feature Subset

(b) Parameters � and C 
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Fig. 1. Examples of Encoding for GA 

4   Experimental Evaluation 

We conducted experiments to evaluate the proposed model. For experiments we used 
the EachMovie database, provided by Comaq Systems Research Center 
(http://www.research.compaq.com/SRC/eachmovie). The dataset contains explicit 
rating data provided by each user for various movies. The EachMovie dataset has 
rating information on 1,628 movies by 72,916 users during an 18 month period from 
1996. The ratings in the EachMovie are discretized into six levels, as 0, 0.2, 0.4, 0.6, 
0.8 and 1. In the following, we defined a move �interesting� to an individual cus-
tomer if his/her preference rating for this movie is greater than 0.5.  

We used hit ratio as our choice of evaluation metric to report prediction experi-
ments. First we selected 1000 users with more than 100 rated items. We divided the 
data set into a training set and a test portion.  

We use the term, �GA-SVM� model as the proposed model which is simultaneous 
optimization of SVM using GA. To compare the performance of the proposed GA-
SVM model we used the traditional CF algorithm as the benchmark model. The tradi-
tional CF recommendation employs the Pearson nearest neighbor algorithm.  

Table 1 shows the classification accuracies of various parameters in SVM. The ex-
perimental results show that the prediction performance of SVM is sensitive to vari-
ous parameters. Table 2 describes the average prediction accuracy of each model. In 
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SVM, we used the best result on the validation set out of results of Table 1. In Ta-
ble 2, the proposed GA-SVM model shows better performance than SVM and TCF 
model. 

The McNemar tests are used to examine whether the proposed model significantly 
outperforms the other models. This test is a nonparametric test for two related sam-
ples using the chi-square distribution. The McNemar test assesses the significance of 
the difference between two dependent samples when the variable of interest is a di-
chotomy. It is useful for detecting changes in responses due to experimental interven-
tion in "before-and-after" designs. 

Table 3 shows the results of McNemar test. As shown in Table 3, GA-SVM out-
performs SVM and TCF with the 5% statistical significant level. 

Table 1. Classification accuracy of SVM 

2δ  C 
1 10 30 50 80 100 200 

1 65.02 64.51 63.51 60.47 60.98 59.97 58.45 
10 64.51 63 65.03 65.52 64.51 64.01 64.51 
30 58.96 63 62 65.02 64.01 64.51 64.01 
50 57.95 62.49 62.5 61.99 64.51 64.51 64.51 
70 58.96 63.5 64.01 61.99 64.01 64.01 63.5 
90 58.45 64.51 63 61.99 62.49 64.01 63 
100 58.96 66.03 63 62.49 62.49 64.01 63 
150 60.47 64.51 62.49 63.5 62.49 62.49 63 
200 58.45 65.02 63 63.5 61.99 63 63.5 
250 57.44 64.01 63 63 61.99 62.49 63 

Table 2. Average prediction accuracy 

Model Hit Raio(%) 
GASVM 67.85 Proposed Model 
SVM 66.03 

Traditional Model TCF 65.58 

Table 3. p values of McNemar test 

p-value Model 
SVM TCF 

GASVM 0.032a 0.017** Proposed Model 
SVM . 0.363 

Traditional Model (TCF)   
a Significant at the 5% level 

5   Conclusion 
Due to the explosion of e-commerce, recommender systems are rapidly becoming a 
core tool to accelerate cross-selling and strengthen customer loyalty. This study fo-
cused on improving the performance of recommender system by using data mining 
techniques. This paper proposed an SVM based recommender system. Furthermore 
this study presented the methods for improving the performance of an SVM based 
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recommender system in two aspects: feature subset selection and parameter optimiza-
tion. GA was used to optimize both the feature subset and parameters of the SVM 
simultaneously.  

We conducted an experiment to evaluate the proposed model on the EachMovie 
data set and compared them with the traditional CF algorithm. The results show the 
proposed model�s improvement in making recommendations. 

In our future work, we intend to optimize kernel function, parameters and feature 
subset simultaneously. We would also like to expand this model to apply to the in-
stance selection problems.  
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