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    Abstract: Recommendation systems (RSs) are an application of 
community detection, becoming more significant in our daily 
lives. They play a significant role in suggesting information to 
users such as products, services, friends and so on. A novel 
community driven collaborative recommendation system 
(CDCRS) has been proposed by the authors, in this particular 
paper. Furthermore, K means approach has been utilized to 
detect communities and extract the relationship among the users. 
The singular value decomposition method (SVD) is also applied. 
Issues of sparsity and scalability of the collaborative method are 
considered. Experiments were conducted on MovieLens datasets. 
Movie ratings were predicted and top-k recommendations for the 
user produced. The comparative study that was performed 
between the proposed as well as the collaborative filtering method 
dependent on SVD (CFSVD) as well as the results of experiments 
shows that CFSVD is outperformed by the proposed CDCRS 
method. 
 

Keywords: collaborative filtering, community detection, 
recommendation system, scalability, sparsity   

I. INTRODUCTION 

   One of the latest phenomena is Recommendation System 
(RSs) because of the advanced development in the online 
social networks as well as electronic commerce all over the 
network. The RS’s primary objective is to help users find 

the products and services of their interest and saving them 
time when searching [1]. Recommendation systems can 
efficiently address the overload of information, a problem 
initiated by the increasingly overwhelming amount of data. 
It does so by filtering relevant information, predicting the 
likely preferences of users and then recommending items 
closer to users’ preferred pastimes to facilitate further 
decision-making [2]. Belonging to communities also points 
to preferences and non-preferences of a given user. 
     Nowadays, a new type of collaborative recommendation 
method called clustering/community-based recommendation 
[3],[4],[5], has emerged. Using clustering/community-based 
approaches, the collective behavior of users is predictable. 
Such RSs mostly utilizes the community users, extracted 
from the social network data of many users, so that items 
can be recommended to such users. Among the community-
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based approaches, CF methods have been widely used for 
RSs. Although, they managed recommending famous items 
that majority of users as well as their friends have some 
interest in but there may not be any equivalent user 
preferences individually that leads to the problem of sparse 
data [6]. 
     Scalability as well as sparsity are the recommendation 
systems’ most critical issues. When the system is being 

scaled up the item number increases to millions or billions, 
resulting in a lower likelihood that similar items are being 
focused by two different users. The clustering-based 
recommendation is used as one of the common approaches 
for alleviating the issue of data sparsity [7]. It is found that 
the scalability of RSs are not good because the CF 
(Collaborative Filtering) methods complexity precisely 
based on the users and item number. The increase in the 
items as well as users number leads in requiring more 
resources or slowing down the resources. One way to handle 
both the sparsity and the scalability issue in CF is by 
employing the SVD approach [8]. The SVD model helps in 
extracting latent features. Essentially, it can map each user 
and each item in a latent space. Therefore, it helps gain 
understanding of the relationship of users and items as they 
become directly correlated. 
     In this paper, the community driven collaborative 
recommendation system (CDCRS) is proposed as a new 
method; it explores the relationship between users 
employing the user-rating matrix by the k means clustering 
method [9]. It detects groups of users based on the ratings it 
assigned.  
     This paper mainly contributes as:  
(a) a user level community driven collaborative 
recommendation system using K means;  
(b) incorporating SVD to address issues of sparsity and 
scalability;  
(c) Proposed method evaluation using the MovieLens 
dataset. Furthermore, the movie rating is predicted as well as 
then top-k recommendations are produced for the user; and 
(d) The comparison of the results from the new method with 
the CFSVD method. 
     Further, the remaining paper is arranged as: Section 2 
represents the related work’s brief review and a discussion 

of the proposed community driven collaborative 
recommendation system (CDCRS) in Section 3, 
furthermore, section 4 presented proposed method’s 

experimental results. In the end, conclusion and future work 
are discussed in section 5. 

II. RELATED WORK 

     Several studies on user recommendations have emerged 
during the past decades.  
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Most of the recommendation approaches experience 
scalability and sparsity issues. Recommendation methods 
that depends on the Community/Clustering have been 
developed to address these limitations by grouping users 
(items), identifying similar users. Generally, rating data 
dependent similarity is computed by the majority of 
clustering-based recommendation methods as well as after 
that a basic clustering algorithm, like K-means method, is 
employed so as to generate the groups of items (users).  
     Ji et al. [10] discovered the items and user’s implicit 

similarity. For this, initially item (or user) latent factor 
vectors’ are clustered into item (or user) cluster-level factor 
vectors. After that, original approximation is compressed 
into cluster-level factor vectors dependent cluster-level 
rating-patterns. Wang et al. [11] used the K-means 
algorithm for user clustering as well as after that absent 
rating is estimated in the user–item matrix for predicting the 
target user preference. Jain and Rana [5] suggested a DRS 
(Dynamic Recommendation System) which helps in 
clustering the users through a new algorithm. 
     Tsuji and Puntheeranurak [12] recommended a hybrid 
recommendation system in which a fuzzy K-means 
clustering algorithm is used for clustering the users. 
Furthermore, the traditional CF (Collaborative Filtering) 
algorithms is improved by combining both the clustered and 
original data that is resulted by recommendations. Sarwar et 
al. [13] clustered users through their suggested bisecting K-
means clustering algorithm into multiple clusters. In such 
approach, the target users nearest neighbours are elected 
depending on the particular segment to which user belongs.  

III. PRPOSED MODEL 

     This proposed model is a community driven 
collaborative recommendation system (CDCRS); it is 
divided into two parts. 
 

 Application of the SVD Model  
 Detection of Community or Cluster 

     The authors have utilized k-means clustering approach 
[14] to find the communities of users based on ratings. The 
Singular Valued Decomposition (SVD) [15] model is 
employed to address sparsity and scalability issues of the 
dataset. Ratings are predicted for users and, top 5 
recommendations are included for new users. 

A. Employing the SVD Model  

     A matrix factorization-based method, namely, SVD, [15] 
that can be used to divide any given single utility matrix, A, 
into 3 matrices product given as: 
 
                                                                           
(1) 
where, U as well as V represents left as well as right singular 
vectors as well as the  ’s diagonal values are known as 

singular values. U is a diagonal matrix, it represents the 
relationship between users and latent (hidden) features.   
represents each latent factor within those users and items 
matrix.     is the transpose of the item matrix, it indicates 
the similarity between items and the latent factors. 
     The SVD model is employed on the user item matrix to 
handle sparsity and scalability issues in the collaborative 
filtering method. The authors analyze how close the 
recommendations are for a given user, thereby solving an 
optimization problem. The most common metric for 

identifying accuracy in recommendations is the Root Mean 
Square Method (RMSE). The lower the RMSE, the better 
the performance of the recommendation system or 
prediction. Unseen items have unknown ratings, and are for 
now ignored, and only known items included, for which we 
minimize the RMSE entered in the user item Euclidean 
matrix. SVD is applied to reach minimal RMSE. 

B. Community Detection 

     The rating matrix helps determine the user communities 
by using unsupervised learning, that is, the k means 
clustering approach [14]. The k means approach is a simple 
non-hierarchical clustering approach to find the groups. 
Distance is used as the metric within the K communities 
data set. Each community is described by the centroid that is 
calculated as the distance mean. Furthermore, a dataset X is 
assumed that is having n multidimensional data points along 
with K category that needs to be divided, as well as for the 
similarity measure Euclidean distance is selected. Also, 
approach of clustering mainly aims in minimizing the SSE 
(Sum of the Squares Errors) of several kinds [15].  
 

                             
     

              (2)
    

where K cluster centres is represented by k, kth centre is 
represented by   , and data set’s i

th point is represented by 
xi. T is the mean of the points in the clusters      . The 
SSE, or inertia, is the variance within the communities’ data 

from the centroid. K means determines centroids that 
minimize the inertia across all clusters.  
     The key concept in implementation of algorithm is that K 
sample points are randomly extracted from the sample set as 
the initial cluster’s center: Initially, every sample point is 

divided as the cluster that is signified by the closest center 
point; after that every sample point’s center point in every 

cluster is considered as the cluster’s center point. The above 

steps are repeated till the cluster’s center point does not 

change or attains a fixed iteration number. As the center 
point is changed, it results in the changes in the outcomes of 
the algorithms, which then results in outcome’s instability. 

The center point determination is based on the k-value 
selection that is the algorithms main focus; this point 
precisely influences the outcomes of clustering, like global 
or local optimality [16].  

C. Selecting the K Value 

     There are several different methods for selecting the 
number of communities/clusters, K, such as by rule of 
thumb, Elbow method, Information Criterion, etc. [17]. This 
work uses the elbow method; its basic idea is to calculate a 
series of K values with the squares of the distance among 
sample points in every cluster along with cluster’s centroid. 

The SSE is utilized as performance indicator through 
iterating K-value as well as measure the SSE. The small K-
values show high cluster convergence. If clusters move 
towards real clusters then SSE demonstrates a quick decline. 
While the clusters exceed to real clusters, then SSE will also 
move slowly towards decline. The elbow technique by 
plotting a graph between K-values and total calculated 
errors by utilizing K values. Fig. 1 shows the SSE vs. 
number of clusters. It shows that k=6 is the optimal value. 
     The algorithm of Elbow 
method is given as: 
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Algorithm 1: Elbow method 
Input: Dataset 
Output: SSE, k 

1. SSE= [] 
2. for k=1, k in range do 
3.                           

     
    

  
4. Return SSE, k 

 
Fig. 1. SSE vs Number of Clusters (K) 

IV. SIMULATION RESULTS 

      An experiment is conducted by us on MovieLens dataset 
(http://grouplens.org/datasets/movielens/).  
Such particular dataset contain 100,000 ratings on near 
about 9,125 movies by 943 users. Items as well as users are 
consecutively numbered from 1. A userid is given to a 
single user whereas movieid is given to a single movie. 
     The file format is given as: information of movies (item) 
is given by movies.csv. A demographic information of user 
is given by ratings.csv, it is basically a tab separated list of 
“user id | movieId | rating | timestamp”. Every data line 
shows the rating list of every movie by a single user. 
Python 3.4.4 software is used for this particular proposed 
method, a computer having an Intel Core i7, 12 GB RAM 
and 3.20 GHz. A subset of the dataset 671 users and 9064 
movies was taken to perform the experiments. Fig. 2 and 
Fig. 3 show the result obtained before and after applying the 
SVD. It addresses sparsity issue of the data very well. 
     Then the users’ communities are determined depends 

upon the ratings, utilizing K means approach. The k value is 
found by the help of Elbow technique. Fig. 2 shows that the 
perfect K value is 5. The prediction of the rating and the top 
5 recommendations for the user 7 based on the communities 
is given in Fig. 5.

 

 
 

Fig. 2. Result obtained before applying SVD 
 

 
Fig. 3. Result obtained after applying SVD  
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Fig. 4. Average distortions vs K 
 

 
 

Fig. 5. Top 5 recommendations for user 7 using 
CDCRS 

     The result obtained by simple user collaborating 
filtering using SVD (CFSVD) is shown in Fig. 6. It gives 
the prediction of the rating and for the user 7 top 5 
recommendations are mentioned. 

 
 

Fig. 6. Top 5 recommendations for user 7 using user 
collaborating filtering using SVD 

A. Evaluation Methodology 

     The RMSE (Root Mean Square Error) was utilized to 
estimate the performance of CDCRS approach as well as 
collaborative filtering using SVD method. The RMSE 
value is the difference among actual along with predicted 
ratings. The rmse values for K [4, 5, 6, 7] and CFSVD 
were compared to see which is the better predictor. Table 
I. demonstrated the rmse score attained by using proposed 
method CDCRS at K=5 performs well. 

Table I. Comparison of Rmse scores using different 
methods 

Methods Rmse Score 
CDCRS K=4 0.0058 
CDCRS K=5 0.0010 
CDCRS K=6 0.0033 
CDCRS K=7 0.0045 
CFSVD 0.0065 

V. CONCLUSION AND FUTURE WORK 

      A community driven collaborative recommendation 
system was proposed. The K means clustering method 
found the user communities based on the users’ given 

rating. SVD helped tackle the issues of sparsity and 
scalability. The proposed method predicts the rating and 
give top-k recommendation for the user. Experimental 

outcomes demonstrate the proposed method as giving 
well results as compared to CFSVD model without using 
k means. The proposed method yields better rmse scores 
and predicts more suitable movies to the users. For future 
work, item level recommendations will be compared to 
these results.  
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