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Abstract: Recommender system is a tool for information
filtering that predicts the rating for users and items, on the basis of
their likings. Movie recommendation systems provides a
mechanism to classify users with similar interests. This makes it
an integral part of websites and e-commerce applications. In this
research article, a new recommender system has been proposed
which makes use of k-means clustering by adopting cuckoo
search optimization algorithm applied on the Movielens dataset.
Our approach has been explained systematically, and the
subsequent results have been discussed. It is also compared with
the existing approaches, and the results have been analysed and
interpreted.

Index Terms: Recommender System, Movie, Cuckoo Search,
K-mean Clustering

I. INTRODUCTION

Stepping into the era of internet revolution and big data, the
internet is show cashed with humongous data of customer’s
interests. In order to avail all the information efficiently and
successfully, the customers are depending more and more on
recommender systems. A recommender system is an
application which is used for predicting a user’s interest on an
item based on information about the items, users and their
relationship between them. It accumulates information about
the preferences of a user on distinct items by following two
ways, implicitly or else explicitly [1]. The process of filtering
items using opinions of many distinct people is known as
Collaborative filtering [2]. The process involves collection of
the movie ratings given by each individual user. Then the
target user gets the recommended movies based on people
who are very much alike with similar interest and taste in the
past. A popular technique for segregating users of similar type
in recommender system is clustering. It is a unsupervised
technique used on a given data for distributing it into
equivalent clusters on the basis of some similarity or
difference metrics [3]. For improving the movie prediction
accuracy, a hybrid clustering and optimization approach is
proposed. Such approach overwhelms the limitations of
stereotypical collaborative or content-based systems.
K-means clustering algorithm is used for clustering and the
cuckoo search optimization technique is performed for
optimization. As k-means clustering method performs in
comparison to other methods of clustering, it is measured on
the basis of parameters like computational complexity or time
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for execution also varying with different number of clusters
[4]. When compared with other bio-inspired algorithms, it has
been shown that cuckoo search yields better performance.
Comparisons of several existing algorithms were made with
cuckoo search, it gave good results and found appropriate
weights [5-6]. From the experimental results, it depicts that
the suggested approach has the ability of generating more
accurate movie recommendations in comparison to the
available clustering based collaborative filtering methods.

Il. RELATED WORK

Many recommender systems are being developed using many
diversified approaches which includes collaborative based
approach [7], content-based approach [8] and hybrid
approach [9]. Many of them are based on collaborative
filtering and clustering. The ratings given by the user to rate
the movies which are seen by them, the movie recommender
system helps to recommend other movies which are not
discovered by them by employing collaborative filtering. This
technique became so much popular that it has influenced
many recommender systems. It is predominantly divided into
two types that is memory based and model based. In memory
based collaborative filtering, it involves traversal for closest
neighbour within the user set for an active user and effectively
produces movie recommendations. In this method the flaws
are information sparsity and computational complexity. In
order to overcome these issues, many researchers tried to
introduce relationship between items and users which lead to
development of item based collaborative filtering [10]. Result
analysis showed that methods involving item could lessen the
computational time. Also, it produced reasonable correct
prediction and precision. In model based collaborative
filtering, [11] it develops a model to recognize the rating
patterns collected from the database of ratings given by users
that helps to overcomes the limitations like data sparsity and
complexity. To solve issues like scalability, many researchers
have used techniques of clustering to enhance movie
recommendation systems.

I11. PROPOSED FRAMEWORK

Several limitations of the collaborative filtering methods
are discussed in section Il.. To overcome these issues, we
propose a hybrid clustering and optimization approach for
improving the precision in prediction. We apply K-means as
clustering algorithm to the Movie Lens dataset for grouping
the users into different clusters. Initially the clusters are
randomly chosen, then the users present in it are examined by
calculating the differences
between user’s rating and
centroid of the clusters. The
user gets allocated to a
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particular cluster, if their difference is smallest. But at this
moment, we cannot verify that every user is allocated to a
cluster which has the closest centroid. Therefore, the distance
from each user is compared to each cluster’s centroid and then
according to least distances relocation happens. This process
will continue until no further relocations happens. If no
relocations happen after a point, then this would be the
completion of clustering.

After K-means clustering algorithm is executed, then
cuckoo search optimization is applied for optimizing the
results. A fitness function is developed for the clusters which
enhances each user to centroid of cluster distances. This
function changes the existing centroids to new ones for a no of
iterations. Then the users are classified by calculating the least
distance to any centroid. Cuckoo Search algorithm is
explained by the subsequent rules [12]:

1. Each cuckoo puts one egg at any given moment and
dumps its egg in arbitrarily picked nest.

2. The best nests with the top quality of eggs are carried
over to the next generations.

3. Various existing host nest is fixed, and the egg laid by
a cuckoo is uncovered by the hosts with a probability
p [0, 1]

In this framework, we have taken into account an
association in which a user is referred to as an egg and the nest
as a cluster. Fig 1 is a flowchart which exhibits the step-wise
flow of the process involved. The complete flow of proposed
algorithm can be visualized in following three phases.

1. Dividing the data into a predefined fixed number of
clusters using conventional K-Means algorithm

2. Optimizing these clusters using proposed modified
Cuckoo Search algorithm

3. Measuring different performance parameters to
compare with other approaches

The detailed steps of first phase i.e. dividing the data using
K-means clustering is given below

1. Select K users (points) into the space that are to be
clustered. These points constitute the opening set of
centroids.

2. Assign each of the remaining user to the cluster which
has the nearest centroid.

3. After all users are assigned, compute the locations of
centroids for each cluster.

4. Repeat steps two and three until the centroids gets
fixed. This segregates users into a group (clusters)
from which the measurement to be decreased can be
determined.

After these steps we have fixed the number of clusters. Let the
leftover items are in a pool. The following steps are executed
to optimize the cluster.

1. A centroid for each cluster is determined. Afterwards
distances from each user to its centroid is calculated
and user with maximum distance is marked as 'worst
user'.

2. Select a random cluster and a random user from pool

3. Calculate the distance of the user to the centroid of the
selected cluster using Euclidean distance method

4. If this distance is less than the distance of worst user
than remove that *worst user’ from respective cluster
and add current user to that cluster otherwise simply
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add current user to the cluster
5. Repeat the above process until the pool is empty
After these processes all the users are placed in particular
clusters and ready to be processed further. Then, the ratings
which the user will give are predicted.

1.Divide the population by two sets
2.Cluster the first set by Kmeans Algorithm
3.Move second set to a pool

'

Is the pool empty ?

Y=
Y

Select a random item and
a random cluster

\l

find the worst item from that cluster and
measure its distance (d) from its centroid

Y

Find the distance (D) of the
item from cluster's centroid

'

No
\d

1.Append the item to that cluster Yes
2.Remove the worst user from that
cluster and add it to the pool

A

Append the item to that
cluster

A

Fig. 1: Complete Process of Proposed Algorithm

IV. RESULTS AND ANALYSIS

For our experiment we

have chosen the 100k
Movielens data-set
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(https://grouplens.org/datasets/movielens/100k/)  which is Table 1
available publicly. It contains 100,000 ratings provided by = MAE VALUES FOR DIFFERENT NO. OF CLUSTERS

943 users to 1642 movies ranging from 1 to 5. If a user has not

rated the movie, it is left blank. S. No No of clusters  Mean absolute error
The data is extracted with the help of python modules. The 1 3 0.7805
empty fields are filled with zeros in the phase of 5 7 0'7542
preprocessing. The refined data is converted to a matrix with 3 11 0:7275
rows represented as users, columns represented as movies, 4 15 0.7074
and fields represented as ratings given by users to particular 5 19 0.6877
movies. To check the performance of Recommendation 6 23 0.6707
system we have calculated various performance measures 7 27 0.6505
such as MAE, root means squared error (RSME), and SD 8 31 0.6342
under different number of clusters on same dataset. All results 9 35 0.6159
are tabulated, various graphs are plotted for better 10 39 0.6019
understanding of different parameters and to explore the 11 43 0.5830
relationship between them under different conditions. 12 47 0.5789
13 51 0.5643
14 55 0.5390
A. Mean Absolute errors (MAE) 15 59 0.5372
After step by step simulation of the algorithm MAE for 16 63 0.5381
Movielens dataset is calculated as 17 67 0.5391
E|H|'_i' - Wy | .
MAE = T Effect on MAE when changing the no of cluster
where M is the total number of expected movies, ri is the 0.75
original rating and Rij is the predicted value by a user i on
item j. 0.70
For different number of clusters Mean absolute error is w
calculated and result is shown in Table 1. From the pattern of = 065
the result we have concluded the following conclusion.
1. cluster numbers have been changed in a range of 3 to 0.60
63 in an interval of 4 and MAE drops from 0.7756 to
0.6457. 0:55
2. Increasing the number of clusters, the closeness or 5 5 n 5 p = i s
similarity increases between the elements which No of clusters
tends to go into the cluster.
3. The increased number of clusters makes not only the Fig. 2: Effect of MAE with changing no of clusters
calculation and prediction easier but also increases
accuracy. _ B. Standard Deviation (SD)
4. As the total number of users is constant, but no. of  The SD is calculated for 100k Movie-lens dataset. The

clusters is increased step wise . Therefore, every user  mathematical formula for SD is given as follows.
has more flexibility to get located to any one of the

clusters. It may happen that some of the clusters will  standard deviation =
have few number of users.
5. Hence, the deviation between computed value and [ 7
S . . - : noof temsini oy | (@xpect | — mean K, l°)
original value decreases with the increase in no of E::l{zjzi (0 \
clusters m
The experimental result is represented in graphical form in no of items ini
fig. 2 which displays the variation of MAE w.r.t the no. of
clusters.
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Table 2
SD VALUES FOR DIFFERENT NO. OF CLUSTERS

S.No No of clusters Standard Deviation
1 3 0.2265
2 7 0.1993
3 11 0.1788
4 15 0.1742
5 19 0.1698
6 23 0.1658
7 27 0.1599
8 31 0.1336
9 35 0.1308
10 39 0.1303
11 43 0.1354
12 47 0.1199
13 51 0.1223

Like MAE when cluster numbers are increased standard
deviation decreased as mentioned in Table 2. When cluster
numbers (k) = 3 SD is found to be 0.2265 which deliberately
comes down to 0.1223 when we gradually increase the k value
to 51 at an interval of 4. From all observations it is clear that
optimal results are obtained when we increase our no of
cluster from 27 to 31 (applied only for 100k movielens
dataset). As mentioned earlier users can be allocated more
accurately due to increased number of choices with increased
number of clusters and less number of users per clusters as
total users are fixed. This is reflected in the results shown in
table 2. For better visualization this result is represented in
tabular and graphical form in figure 3.

Effect on SD with changing number of clusters

0.22 4

0.20 4

0.18 4

0.16 4

Standard Deviation

0.14 4

0.12 4

T T T T T
10 20 30 40 20
No of clusters Value

Fig. 2: Effect of SD with changing no of clusters
C. Root Mean Square Error (RSME)

The Root Mean Square Error is a parameter that calculates
the deviation between values estimated by the model and the
original values ascertained from the environment.

In Table 3, it can be seen that like MAE and SD, the value
of RMSE also decreases gradually when total cluster numbers
are increased. The increase in the number of clusters results
in increasing more similar users for establishing this typical
behaviour. The mathematical formula for RMSE is given by
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The experimental results are tabulated in table 3 and
represented graphically in fig. 4.

Table 3
RSME VALUES FOR DIFFERENT NO. OF CLUSTERS

2872

S.No No of clusters RMSE
1 3 0.9801
2 7 0.9553
3 11 0.9288
4 15 0.9107
5 19 0.8955
6 23 0.8767
7 27 0.8592
8 31 0.8460
9 35 0.8299
10 39 0.8175
11 43 0.8012
12 47 0.7879
13 51 0.7764
14 55 0.7601
15 59 0.7589
16 63 0.7612
17 67 0.7627

Effect on RMSE when changing the no of cluster

RMSE
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Fig. 3: Effect of RMSE with changing no of clusters

V. CONCLUSION AND FUTURE SCOPE

We proposed a hybrid approach of k-means clustering and
cuckoo search optimization algorithm that has the ability to
attain an improved movie recommendation system when
applied to movie lens dataset. The performance was analyzed
using metrics like MAE, RMSE and SD. From, the result
analysis, we can infer that the approach proposed has higher
accuracy and it has the ability of generating accurate movie
recommendations. The only limitation to this approach is that
if the initial partition of the clustering is not a reliable one,
then at that point efficiency
may decrease. As far as
future work is concerned, we
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can use the demographic features and sentiments may be
taken into account including various other optimization
algorithms.
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