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Abstract— With the advent and explosive growth of the Web 
over the past decade, recommender systems have become at the 
heart of the business strategies of e-commerce and Internet-based 
companies such as Google, YouTube, Facebook, Netflix, 
LinkedIn, Amazon, etc.  Hence, the collaborative filtering rec-
ommendation algorithms are highly valuable and play a vital role 
at the success of such businesses in reaching out to new users and 
promoting their services and products. With the aim of improv-
ing the recommendation performance of such an algorithm, this 
paper proposes a new collaborative filtering recommendation 
algorithm based on dimensionality reduction and clustering 
techniques. The k-means algorithm and Singular Value Decom-
position (SVD) are both used to cluster similar users and reduce 
the dimensionality. It proposes and evaluates an effective two 
stage recommender system that can generate accurate and highly 
efficient recommendations. The experimental results show that 
this new method significantly improves the performance of the 
recommendation systems . 
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I.  INTRODUCTION 

Nowadays, recommender systems have become one of the 
most promising techniques for online companies specializing 
in Internet-related services and products. Google, YouTube, 
Facebook, Netflix, LinkedIn, and Amazon are typical exam-
ples, in which these recommender systems play a vital role into 
the core of their business model. These systems predict users’ 
preferences based on their behaviors and help improving the 
satisfaction of users towards the promoted items. Recommend-
er systems are now considered an essential part of many e-
business corporations and various domains ranging from mov-
ies, books, and news to research articles. These systems use 
sentiments that are acquired about products and services from 
communities of users and promote these products for other 
users with similar interests. For instance, recommender sys-
tems can explore the existing connections between users and 
their friends and automatically recommend new friends for an 
active user in a social network context.  

Recommender systems are divided into three categories: 
content-based filtering, collaborative filtering or hybrid meth-
ods [1–4]. Content-based filtering methods focus on both the 
profile of the user’s preferences and the item description in 
order to recommend items that are most similar to the items 
that are highly rated in the past. Collaborative filtering methods 
take into consideration a variety of criteria such as users’ pref-
erences, activities, and behaviors and recommend items based 
on the similarities to other users.  Hybrid methods combine 
content-based filtering and collaborative filtering and build on 
their advantages in order to recommend more items that are 
suitable.     

Collaborative filtering recommendation is popular and most 
commonly used in practice because of its simplicity and ease of 
implementation. The collaborative filtering recommendation 
systems can be classified into two groups: memory-based and 
model-based [5, 6]. In comparison to memory-based approach-
es that use the entire similarities between users or items to 
make predictions, model-based approaches use only a set of 
ratings to train the model, which is then employed to make a 
prediction for users’ rating of an unrated item or set of items.  

This paper introduces a new collaborative filtering recom-
mendation algorithm based on the dimensionality reduction 
and clustering techniques. The aim is to improve the perfor-
mance of recommender systems and to overcome their prob-
lems of sparsity and cold-start as well as their scalability issues. 
The k-means algorithm and Singular Value Decomposition 
(SVD) are both used to cluster similar users and reduce the 
dimensionality, respectively. SVD is one of the dimensionality 
reduction techniques that are recognized for their capacity to 
improve the scalability of recommender systems [7, 8]. The 
experimental results show that our method significantly im-
proves the performance of the recommendation systems.  

The rest of this paper is structured as follows: Section II 
discusses some related studies. Section III explains in details 
the proposed approach. Section IV describes the experimental 
results. Finally, Section V concludes this study and proposes 
the plans for future work.   
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II. RELATED WORK 

In the past decades, many studies have been conducted to 
develop methods for recommender systems and improve their 
accuracy. In [9], the authors proposed a fuzzy c-means ap-
proach for a collaborative user-based filtering system. They 
used the MovieLens datasets to compare the different tech-
niques of clustering. In [10], the authors investigated the ap-
plicability of the cluster ensemble approaches for recommend-
er systems. They utilized k-means and Self-Organizing Maps 
(SOM) as baseline clustering techniques, and the multiple 
clustering ensemble technique to combine the results of clus-
ters. In [11], the authors proposed a keyword-aware service 
recommendation method, named KASR, to indicate users’ 
preferences and generate appropriate recommendations on 
MapReduce [12] for big data applications. In [13], Lee et al. 
proposed an adaptive recommendation algorithm, ACFSC, 
that is focused on scalable clustering. They addressed the 
problem of scalability by composing neighborhood based on 
reducing time complexity. They also addressed the problem of 
sparsity by making items’ and users’ feature vectors incremen-
tally learning. In [14], the authors proposed a typical model 
that integrates collaborative filtering, clustering techniques, 
and social network analysis (SNA) in order to enhance the 
perdition accuracy results in recommender systems. Their 
model uses SNA to identify the people who are most influen-
tial on social networks and then uses these people to conduct 
clustering analysis. Following that, the model focuses on clus-
ter-index collaborative filtering to make accurate recommen-
dations. Additionally, Tian et al. [15] developed a new method 
for improving recommendation quality by formalizing trust 
relationships in online social networks. In [16], authors pro-
posed two varieties of algorithms for developing an effective 
recommender system. The first one uses the improved k-
means clustering technique while the second one uses the 
improved k-means clustering technique coupled with principal 
component analysis to enhance the recommendation accuracy 
for big data. 

III. PROPOSED APPRAOCH 

A key contribution of our work is to construct, in two main 
phases, an effective recommender system that can generate 
accurate recommendations regardless of the dataset size. The 
first stage is called offline model creation. In this stage, the 
model of recommendation is created by clustering the users’ 
ratings following their preferences, reducing the dimensions of 
data and then calculating the similarities. The k-means algo-
rithm and SVD technique are both used in this stage to cluster 
similar users and reduce the dimensionality, respectively. The 
second stage is the online model utilization wherein the created 
model is used in producing accurate recommendations for a 
given active user. 

A. Users Clustering 

K-means method is one of the most popular clustering algo-
rithms that has been used extensively in data mining and in 
most recommender system industry. In our context, we use k-
means to create k clusters, each of which contains users having 

similar preferences in terms of ratings. Therefore, the user 
clustering process helps in improving the recommendation 
performance because the considered cluster contains much 
fewer users in comparison with the general population that 
consists of all users.   
    To adapt the traditional k-means method to be used as a user 
clustering technique for recommender system, some of its 
steps need to be modified.  First, random k users are selected 
as the initial center of the k-clusters. Second, the rest of users 
are assigned to nearest clusters in terms of the distance be-
tween them and the center of each cluster. A similarity meas-
ure is used to calculate the distance value. Third, a new mean 
of the user’s cluster is calculated to define the new center for 
each cluster. Fourth, for each user, the distance is recalculated 
in order to define to which cluster the user should be added. 
Finally, the re-assignment of users according to their distances 
is repeated until the termination criteria are met. The steps of 
the user clustering are as follows: 
 
Step 1: Input user-item rating matrix, k cluster; 

Step 2: Randomly select initial k users clustering centers; 

Step 3: Calculate the distances between centers and users, then 
assign users to the most nearest cluster; 

Step 4: For each users’ cluster, calculate the average as new 
partition centers;   

Step 5: Use the new partition centers to redistribute users into 
new clusters; 

Step 6: Repeat Steps 4 and 5 until the algorithm converge to a 
stable partition; 

Step 7: Output k cluster represented as a center-items rating 
matrix. 

 

 
Fig. 1. Creation of cluster center-item rating matrix from user-item rating 
matrix.   
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Figure 1 shows how a new cluster center-item rating ma-
trix is obtained from the initial user-item rating matrix after 
applying the k-means algorithm. In the user-item rating ma-
trix, the columns represent items, rows represent users, and ri,j 
represents the rating of a user i on an item j. Similarly, in the 
cluster center-item rating matrix, the columns represent items, 
rows represent cluster centers of users, and cx,y represents the 
average rating of users cluster x on an item y. 

 

B. SVD Technique 

     Singular Value Decomposition (SVD) is one of the most 
important matrix factorization methods usually used for reduc-
ing the number of features of a set of data. This implies, for 
example, the reduction of space dimensions from A to B 
where B < A. The SVD theorem states that for all rectangular 
matrix X[n,m] in which the n rows represents the clusters 
centers of users and the m columns represents the items, X 
may be decomposed as follow: (X=U . S . VT ), where U is an 
orthonormal matrix of size m x r, in which its r columns are 
the left singular vectors, S is a diagonal matrix of size r x r 
having singular values of X, and VT is an orthonormal matrix 
of size r x n having the right singular vectors. More precisely, 
the matrix X includes m clusters centers of users and r factors. 
The r in the diagonal matrix S is the rank of the matrix and the 
V matrix contains n items and r factors.  
      Figure 2 shows how to reduce the dimension of a given 
center-items rating matrix by converting it into clusters cen-
ters, singular values and items matrices. Cosine Similarity 
(COS) is used to compute the similarity. COS is one of the 
most extensively used similarity measures in collaborative 
filtering recommendation systems. The formula is:   

 

 
 

where COS(x, y) denotes the cosine similarity between user x 
and user y, n is the dimension the rating matix, px,i is the 
preference of user x to item i, and py,i is the preference of user 
y to item i. Therefore, the steps of the offline stage algorithm 
are as follows: 

Step 1: Input user item matrix including users’ ratings data; 

Step 2: Create users clusters using k-means; 

Step 3: For each cluster, apply SVD to obtain the decomposi-
tion matrices; 

Step 4: For each matrix obtained from the decomposition step, 
calculate the similarity;   

Step 5: Output recommendation model. 
 
   Once the recommendation model is created and trained in 
the offline stage, the tasks of prediction and the recommenda-
tion can be performed in the online stage. In this stage, we 
perform the SVD calculation to find the neighbors of active 

user using users’ clusters. Thus, the steps of the online stage 
algorithm are defined as follows:    

Step 1: Input active user u, item i and recommendation model; 

Step 2: Use the original matrix X to find clusters containing 
users who rated the item i; 

Step 3: Use formula 2 to predict the rating of the active user u; 

Step 4: Output rating recommendation. 
 
   The prediction of the rating for a given user is performed by 
using the following formula:  
 

 
 
where cij is the rating to be predicted for an active user i on 
item j,  is the average rating in the cluster,  is the jth col-

umn in the matrix  , is the ith row of the matrix 
resulting from dot product of . 

 
Fig. 2. SVD procedure.   
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IV. EXPERIMENTAL RESULTS 

To evaluate the effectiveness of the proposed approach, 
two of the most popular datasets are used. The first one con-
sists of MovieLens 1M that includes about one million of 
ratings made by about six thousand participants rating about 
four thousand online movies, while the second one consists of 
MovieLens 10M that includes about ten million of ratings 
made by about seventy thousand participants rating about ten 
thousand movies [17]. The ratings used in MovieLens 1M and 
MovieLens 10M ranging from 1 to 5 stars and both datasets 
were created by GroupLens Research, which is a research lab 
in the Department of Computer Science and Engineering at the 
University of Minnesota. All of these datasets were split in 
training and testing sets with a percentage of 80% and 20%, 
respectively. 

In order to compare the performance of the methods in the 
present experiment, the Root Mean Square Error (RMSE) is 
adopted as a predictive accuracy metric. RMSE was widely in 
evaluating recommender systems. More specifically, RMSE 
provides the difference between the true and predicted likeli-
hood about a user selecting an item. A smaller value of RMSE 
suggests better performance. RMSE is defined as follows:  
 

 

 
 
where pu,i is the predicted rating for user u on item i, ru,i is the 
actual rating, and N is the total number of ratings on the items 
set. 

Our approach uses k-means clustering and SVD tech-
niques, noted k-means-SVD-based recommendation, is com-
pared with k-means-based recommendation and k-nearest 
neighbor-based recommendation, respectively. The neighbors 
ranging from 10 to 100 are considered in this experimentation. 
 
 
 

 
 

Fig. 3. Comparing different methods in terms of RMSE for  MovieLens 1M.   

 

Fig. 4. Comparing different methods in terms of RMSE for  MovieLens 
10M. 

Figure 3 presents the RMSE results of the k-means-SVD-
based recommendation, k-means-based recommendation and 
k-nearest neighbor-based recommendation methods using 
MovieLens 10M. From this figure, it can be seen that our k-
means-SVD-based recommendation method outperforms the 
two other methods for all neighborhood sizes on MovieLens 
1M dataset in terms of the prediction accuracy. It can be also 
seen that the k-means-based recommendation method is better 
than the k-nearest neighbor-based recommendation method.  
 

Figure 4 shows the RMSE results for all considered meth-
ods using the dataset MovieLens 10M. In this way, it can be 
found that our method remains the lowest values in the RMSE 
curve in the whole neighbors range compared to that for the k-
means-based recommendation and k-nearest neighbor-based 
recommendation methods.  

 
From Figures 3 and 4, the better prediction accuracy results 

can be explained by the fact that in the proposed method we 
use the potentialities provided by k-means clustering and SVD 
techniques.   

V. CONCLUSION 

In this paper, we proposed a new method for recommender 
systems that benefits from the potentialities provided by the 
k-means clustering algorithm and SVD technique. Firstly, the 
k-means clustering algorithm was adopted to cluster users in 
the same partition according to their preferences, and then the 
SVD was used in each cluster not only as a dimensionality 
reduction technique but also as a powerful mechanism, which 
could efficiently help in finding the most similar users. To 
evaluate the performance of the proposed method, we conduct-
ed experimentations on two real-world datasets for movies 
recommendation called MovieLens 1M and MovieLens 10M, 
which contain about 1 million and 10 million ratings made by 
anonymous users, respectively. In addition, RMSE metric was 
adopted to evaluate the predictive accuracy of the proposed 
method in comparison with well-known k-nearest neighbor-
based recommendation and k-means-based recommendation 
methods.  
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The experimental results showed that our method improved 
significantly the performance of the recommendations and 
remained the lowest values in the RMSE curve in the whole 
neighbors range. As part our future work, we intend to experi-
ment the proposed method on other datasets using other met-
rics such as precision and recall. We also plan to study the 
scalability of our method. 
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