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Abstract: Movie recommendation system has played a vital role
in retrieving the movies that are of interest to the user. Most of the
traditional methods provide a unified recommendation without
considering the individual preference of the user. To address this
challenge, various recommender methods are currently
employing side information like location, time, gender, and genre
to provide a personalized recommendation. In this paper, we
propose —Common Genre Relations (COGS), which incorporates
the information on genre relationships between the movies.
Meanwhile, the method reduces the search space for each user
and helps to mitigate the sparsity problem. To improve the
scalability, the methods are executed on user-item subgroups.
Extensive experiments are conducted on a real-world dataset. The
empirical analysis shows that the proposed method based on the
graph model excels the accuracy at top-k than the state-of-art
collaborative filtering methods.
Keywords: Collaborative filtering, data sparsity, genre relation,
movie recommendation system, random walk.

I. INTRODUCTION

With the increase of information on the web nowadays, a
tremendous volume of data is being captured in digital form.
However, this massive volume of data leads to information
overload problem, especially in movie recommender systems,
where users share their interest with friends.
Recommendation Systems (RS) has been utilized as a core
service in e-commerce applications to alleviate the
information overload problem by automatically identifying
the items that are of interest to the users. These systems
discover the relevant information from the user’s previous
purchase history and provide a personalized recommendation.
Collaborative methods (CF) is the most successful RS
widely adopted in the e-commerce industry to provide
personalized recommendation due to its ease of
implementation and justifiability [1], [2]. The CF methods
recommend items based on similar user’s ratings. They have
been instrumental in the application where it is tough to
analyze the content such as tourism [3], music [4], and movies
[5]. The CF methods are generally built on the matrix with
either explicit or implicit inputs [6]. The CF methods suffer
from data sparsity and scalability problems [7]. The sparsity
problem occurs as a user tends to rate very few items from
Revised Manuscript Received on December 05, 2019
* Correspondence Author
G. Suganeshwari *, School of Computing Science and Engineering,
Vellore Institute of Technology Chennai, Chennai, TamilNadu, India. Email:
g.suganeshwari2015@vit.ac.in
S. P. Syed Ibrahim, School of Computing Science and Engineering,
Vellore Institute of Technology Chennai, Chennai, TamilNadu, India. Email:
syedibrahim.sp@vit.ac.in

Retrieval Number: A10381291S319/2019@BEIESP
DOI:10.35940/ijeat.A1038.1291S319

widely available options. Two users might not show any
similarity in sparse data. The scalability problem arises due to
the volumizing increase of users and items.
Some machine learning techniques are utilized to
overcome the shortcomings of the traditional CF-based
approaches like classification [8], clustering [7], [9], [10], and
matrix decomposition [11], [12]. In the big data era, data has
been growing explosively, and plenty of additional sources
are available in addition to the Rmxn matrix. In such cases,
graph-based CF methods [13], [14] can be used to enhance
the top-k recommendation by incorporating the rich side
information associated with the users and the items.
The graph-based CF approach recommends items to a user
based on the node-node proximity in a user-item bipartite
graph. There is a weighted or unweighted edge between the
user node and the item node which the user has rated. This
approach has been extensively studied as link prediction in
social networks [13]. Tong et al. [15] proposed a fast,
space-efficient approximation method of the original RWR
method. RWR was used to improve the similarity between
items in item-based CF [16]. One of the pioneering works
using Random-walk with restart (RWR) was proposed by
Kontas et al. [14] to mine relation in a multipartite graph by
incorporating user, item, and tag information.
In a movie recommender system, the genre information is
more reliable than the rating data and provides a better
recommendation. The genre combinations in movies give
more insight to the preference of the user. It makes more sense
to recommend movies with genre combination of children and
comedy than children and crime. Although the graph-based
methods are successful in improving the recommendation
quality and addressing the sparsity problem, it suffers from
time complexity.
To overcome these problems, we propose an improved
graph-based CF method —COGS by exploiting the genre
relation. The main contributions of the COGS are:
• An improved graph-based method is proposed by
incorporating the user’s historical preferences and common
genre relation.
• The proposed method is compared with other CF-based
state-of-art methods.
The remaining section is organized as follows: The related
work is discussed in Section II. In Section III, we formulate
the COGS method, and in Section IV, we describe the
proposed method in detail. Section V reports on the
experimental results followed by the conclusion in Section
VI.
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A model is built based on algorithms like classification [8],
clustering [7], [9], [10], and matrix decomposition [11], [12],
and later exploited to predict or recommend the items to the
user. In model-based methods, the matrix factorization (MF)
method is widely adopted in RS. They predict the unknown
ratings by decomposing the high sparse matrix to low-rank
representation. The MF methods gained importance after the
Netflix price challenge [31], and much more research has
been done in MF techniques like SVD [18], SVD++ [12],
PMF [19], NMF [20] and ALS [21].
When the number of users and items grow exponentially
the classical MF techniques suffer from scalability problem.
Clustering has been widely adopted in RS to handle small
subgroups of data, instead of the entire utility matrix.

Table- I: Table of Symbols.
Symbol

Definition

U

Set of users

I

Set of items

Rmxn

Utility matrix

u

User

i

Item

rij

User i rating on item j

W

Co-clusters

K
P

The dimension of the user and item latent
factors
User latent factor matrix

Q

Item latent factor matrix

λ

Regularization parameter

Sij

The similarity between item i and j

G(V, E)

User-item bipartite graph

V

Set of nodes V = U ∪ M

E

Set of unweighted edges (u, m, rui) in G

α

Restart probability in RWR
II.

BACKGROUND AND RELATED WORK

The collaborative Recommendation system can be
classified as memory and model-based. This section
introduces the preliminaries on memory-based and
model-based collaborative filtering methods. Table I
represents the symbol and their representation used in this
paper.
A. Collaborative Filtering
Collaborative Filtering (CF) is the classical
recommendation algorithm which has been successfully
implemented in the commercial sites. The CF-based methods
work on the preference of the other like-minded users. The
CF method is further classified into the neighborhood
(memory)
and
model-based
approaches.
The
neighborhood-based method consists of two phases: 1.
Neighbor selection, and 2. Rating aggregation. In neighbor
selection, the similarity is computed based on the item and
user in item-based CF [17] and user-based CF [6],
respectively. The prediction task estimates how much an
active user will rate an unrated item. It is formulated as:
(1)
Here r’a is the mean of the active user rating, N(Ua) is the set
of neighbors for ua, Sa,x is the similarity score between the
active user and neighbor user, rx, i is the rating of the neighbor
user for the item. The nearest neighbor computation grows
exponentially with the increase in users and movies, and the
similarity is also affected by sparsity.
In contrast to the memory-based approach, model-based
methods utilize machine learning techniques to find patterns
or hidden features. The model-based approaches were used to
overcome the shortcomings of the memory-based approaches.
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B. User-Item Subgroups and Collaborative Filtering
Clustering is an unsupervised learning technique
commonly used in CF based recommendations to improve the
scalability. It groups similar objects into clusters such that
inter-class relations are strong, and intraclass relationships are
dissimilar. K-Means is the most commonly researched
method in recommender systems. Sarwar et al. [7] proposed
an RS to cluster the users based on their similarities. Gong
[22] proposed a similar approach to cluster the items. All
these models are one-sided clustering. In recent years,
co-clustering has gained importance based on similarities
between pairwise interactions. It refers to simultaneously
clustering of rows and columns to obtain homogeneous
blocks. This idea was adopted in [23]. Bo et al. [24] proposed
a co-clustering approach by block value decomposition based
on non-negative matrix factorization. A latent Dirichlet
co-clustering method [25] was proposed for document
clustering in which each segment was associated with one
document topic. Co-clustering is extremely useful when the
dataset is very sparse, and pairwise interaction exists. The
co-clustering methods have the following advantages,
 Compact representation
 Using duality of clustering
 Reducing the running time
In this paper, we pay our attention to model the
co-clustering-based approach to identify the clusters based on
the hidden concepts using MF. We adopt an alternating least
square MF method.
C. CF Methods and Graph-based Approaches
The graph-based CF methods gained importance with the
plenty of availability of rich side information that can be
utilized to enhance the accuracy of the recommendation. The
random walk with restart (RWR) is the most commonly used
graph-based method for CF [13], [15]. Researchers have
employed different variations of random walks in RS to
enhance performance. The item-based CF was improved by
employing random walk (RW) by computing the item-item
similarity matrix [16], [26]. Recent methods have adopted
RWR by extending a bipartite network with other
heterogeneous information.

194

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

International Journal of Engineering and Advanced Technology (IJEAT)
ISSN: 2249 – 8958, Volume-9 Issue-1S3, December 2019
TrustWalker method [27] was proposed by combining the
trust-based and IBCF method. This method was
computationally overhead as a rating for similar items was
also considered along with the target item, and this increased
the length of the random walk graph.
Similarly, Clements et al. [28] used the RWR method to
combine user tags and ratings. Bu et al. [29] combined user
social relationships and content features for music
recommendation. This method requires learning a ranking
function, and it demands a much ample memory space.
Different types of nodes were added in a multi-layer structure
in RW to generate a context-aware recommendation. The
critical issue in generating recommendations using the RWR
approach is time complexity. Although most of the existing
methods improve the recommendation quality user’s
individual preferences are not considered. Based on the above
observation, we propose a graph-based CF method by
incorporating the common genre relation on the subgroups of
users and movies.
III. COMMON GENRE RELATION
Fig 1. describes the design of the proposed work in detail. It
consists of two main components: user-item subgroups and
graph-based movie ranking. In CARE [32], the authors
exploit the citation information in article recommendations to
provide a personalized recommendation to the researchers.
Our work is an extension where we fit the genre information
in the movie recommendation. The movies are related if the
users have a common interest. Although this method may
improve the RS performance by exploiting the more reliable
genre information, it suffers from scalability problems. To
address this, we first frame user-item subgroups and later
utilize genre combinations in each user-item subgroup.
A. Problem Formulation
Let us assume set of users U = {u1, u2…, um} and set of
movies M= {m1, m2…, mn}. The ratings by m users and n items
are represented in a utility matrix Rmxn. Let rij denote the rating
information given by ui user to mj movie. The goal is to
provide a personalized recommendation by exploiting the
genre information associated with the movies on

Fig. 2.Example movie ranking using graph.
subgroups of users and movies, as the genre information is
more reliable compared to the ratings.
The recommendation scenario of the COGS method
consists of three objects users, movies, and genres, as given in
Fig. 2. The first link is the traditional CF method, where each
user is linked to the movie, which has been rated by the user.
The second link represents the common genre relation
between the movie. In a movie recommender system, the
movies are often associated with the genre information.
This additional information may improve the quality of the
recommendation system as users prefer specific genres over
other genres. As a result, it is essential to include the genre
relation in media recommender systems like movies and
music.
B. User – Item Subgroup
Here R ∈ Rmxn, G ∈ Rpxk, and Hkxn. The rank of R is much
less than the rank of G and H. The user-movie subgroup
consists of 2 steps:
1) Low-Rank Approximation
2) user-item subgroups
Low-rank Approximation
The MF’s cost function is represented as
(3)

Fig. 1. Design of COGS.
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The cost function in (3) is non-convex, as both G and H are
unknown variables. The problem can be reduced to simple
linear function by fixing G and optimizing H and vice-versa.
(4)

between two movies, then there is edge with PMM(i,j) = 1 or
PMM(j,i) =1.
Transition Probability Matrix
The transition probability matrix is build based on the three
matrices PMM, PUM, and PUU. The transition probability of
moving from user vertex to another user vertex is 0.
(8)
The transition probability of moving to a movie vertex is

(5)
Here I is the unit matrix, ru, ri is the uth row and ith column of
the matrix R. The solution given by ALS is unique and the
model is constructed until convergence. ALS is adopted in
COGS since it has the advantage of parallel implementation
with the ability to attain accurate recommendations in a sparse
dataset.
Co-clustering
The selected rows and columns are segmented first. Based
on this initialization of the first row and column, the rest of the
rows and columns are clustered.

(9)
The transition probability of moving to a user vertex is
(10)
The transition probability of moving to another movie
vertex is

Steps for Co-Clustering
1. The input data matrix R is decomposed into Umxk and Mnxk
2. Randomly initialize row and column cluster r0, c0
3. Single side row clustering based on r0, c0
4. Single side column clustering based on c0, r0
5. Repeat 4 and 5 until convergence.
6. Return user-item subgroups.
C. Graph-Based Ranking
Graph Construction
As an inspiration from [32], we extend our work with the
Rmxn matrix to co-cluster the user and movies and then
incorporate pairwise genre relation to producing a top-k
recommendation. If a user expresses interest in the movie,
then it is represented as PUM = PUMmxn with PUM (i, j) = PUM (j,
i), as shown in (6). The PUU matrix represents the user-user
relation and is expressed as 0 since the user-user relationship
is dynamic.

(11)

ALGORITHM 1: GRAPH-BASED MOVIE RANKING

Input: An active user ua ε U
Random walk probability, α;
Transition Probability matrix, T;
Maximum number of iterations, maxSteps;
Output:
The ranking score for all movies movieRank{m1..., mk}
1: Generate Co-clusters
2: Initialize ranking scores for all vertices, RateAll(1: m+n)
vertices (m users and n movies)
3: Set Score(v) = 0 // ranking scores for all vertices at initial
stage is 0
4: Score(ua) = 1
5: for i=0; i > maxSteps; i++ do

(6)

6:
7:

The relationship between movies and genres is converted
to common genre relations between movies. The pairwise
relationships between the movies are denoted as PMM =
PMMmxn with PMM(i,j), indicating whether there is a common
genre relation between movie Mi and Mj. We consider
undirected graph where PMM(i,j) = PMM(j,i) and is denoted as
given in (7).

(7)
Based on these two matrices, graph G is constructed. Let
G= (V, E) represent the graph with V = (U, M), where U is the
user node, and M is the movie node. If a user has rated a
movie, then the preference is represented as edge and
PUM(i,j)= 1 or PUM(j, i) = 1. If there is common genre relation

Retrieval Number: A10381291S319/2019@BEIESP
DOI:10.35940/ijeat.A1038.1291S319

196

8:
9:
10:

for each vx ԑ Vu ∪ Vm do
for each vy ԑ Vu ∪ Vm do
tScore(vy) =α x Score(vx) x T(vx,vy) + tScore(vy)
end for
if vx == ua then

11:
12:

tScore(vx) = tScore(vx) + 1-α
end if

13:

end for

14:

RateAll = tScore

15: end for
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recommendation system.

16: movieRank (1 : m) = RateAll(n+1: m+n)
17: return movieRank (1:m);

(13)
B. Discounted Cumulative Gain
Discounted Cumulative Gain (NDCG) [14] is used to

Fig. 3. COGS Example.

Fig. 4. Comparison of COGS in MAP with 10 sungroups.

The transition probability matrix is denoted as
(12)
Random Walk with restart
A random walk is applied to the graph after obtaining the T
matrix to compute movie rankings for each user. The
proposed method incorporates common genre relations along
with the user’s historical preferences. The random walk is
initiated from a vertex ux (active user) and moves to the next
vertex x with probability α. It moves to any other vertex y
connected to the x with the transition probability T(x,y). With
probability (1- α) it returns to the source vertex ux. The
pseudocode of the proposed method is shown in algorithm 1.
Fig. 3 shows an example of the proposed method.

Fig. 5. Comparison of COGS in DCG with 10 subgroups.
evaluate the significance of the recommended top-K items.
The NDCG is calculated as:

IV. EXPERIMENT ANALYSIS
This section enlists the experiments conducted on the
benchmark MovieLens datasets [5], which includes one
million ratings from 6040 users on 3900 movies and one lakh
ratings from 943 users and 1682 movies. The ratings are
represented in numerical form (1~5) along with the rating
timestamp. All experiments reported in this section were
performed on the machines with Intel(R) Xeon(R)2 CPU
3.36GHz and 32GB RAM and implemented in the Spark
framework. Precision @ k and Mean Square Error (MSE) has
been used to evaluate the COGS method. Here we choose four
CF-based algorithms User-based CF (UBCF), Item-based CF
(IBCF), Single + UBCF – we use K-means clustering to
cluster users and then implement UBCF, CoC + UBCF – we
use UBCF on user-item co-clusters, CoC + COGS – we use
common genre relations on user-item co-clusters.

(14)
Here, rel(i) is the grade relevance of the movie, t is the rank
position of the movie in the top-k recommendation list. Fig. 4.
shows the comparison of the MAP values of the UBCF, IBCF,
COGS, Single + UBCF, CoC + UBCF and CoC + COGS
method with 10 user-item groups. As shown in figure COGS,
and CoC+ COGS method exceeds the other state-of-art
methods in MAP and its percentage values are shown in Table
II.

A. The Mean Average Precision
It is the popular performance measure used for measuring
the significance of the top-k items. It is the mean of the
average precisions (MAP) [33] at K, as indicated in (13).
Higher the MAP values more top the quality of the
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increases, leading to incapability to find the neighbors
especially for users with few transactions.

Table- II: The Percentage Values that COGS Excels
Other Methods in MAP with 10 Sub-groups
MAP

Top-3

Top-5 %

Top-7 %

COGS/ UBCF

43.37%

26.81%

17.08%

COGS / IBCF

27.06%

23.11%

21.15%

56.30%

63.62%

57.69%

26.18%

29.65%

38.06%

CoC + COGS / Single +
UBCF
CoC + COGS / CoC + UBCF

V. CONCLUSION

Similarly, the DCG values are compared for the ml-1M
dataset with 10 groups in Fig. 5. Our model excels with the
other methods at the top-k DCG, and the percentage it
surpasses other methods is illustrated in Table III.

Table- III: The Percentage Values CoC + COGS Excels
Other Methods in DCG with 10 Sub-groups
MAP

Top-3 %

Top-5 %

COGS/ UBCF

59.05%

67.75%

78.83%

COGS / IBCF

09.22%

27.54%

33.67%

67.05%

80.75%

84.68%

14.43%

15.01%

17.99%

CoC + COGS / Single +
UBCF
CoC + COGS / CoC + UBCF

In this paper, a movie recommendation system is proposed
that exploits the common genre relation and historical
preference of the user. The user-item subgroups are formed
based on the low-rank approximation. Then the information
with common genre relation is incorporated into each
user-item subgroup to build a graph-based movie
recommendation model. The empirical analysis shows that
the proposed COGS method provides an accurate and more
scalable recommendation than the other state-of-art
collaborative methods. The future work can be extended by
forming better user or item subgroups by adding additional
information based on social information.
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