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Introduction 

There is an extensive class of Web applications that 
involve predicting user responses to options. Such a 
facility is called a recommendation system [1] [2]  

Two good examples of recommendation systems are: 

1. Offering news articles to on-line newspaper 
readers, based on a prediction of reader interests. 
2. Offering customers of on-line retailer 
suggestions about what they might like to buy based 
on their past history of purchases and/or product 
searches. 

Recommendation systems use a number of different 
technologies. One can classify these systems into two 
broad groups. 

1. Content-based systems examine properties of 
the items recommended. For instance, if a Netflix 
user has watched many cowboy movies, then a 
recommend movie is classified in the database as 
having the “cowboy” genre [3]. 
2. Collaborative filtering systems recommend items 
based on similarity measures between users and/or 
items. The items recommended to a user are those 
preferred by similar users [1]. 

A collaborative system uses search and clustering of 
similar items. However, these technologies by 
themselves are not sufficient, and there are some 
new algorithms that have proven effective for 
recommendation systems. New and strong machine 
learning techniques are proving efficient in this 
context. 

Abstract 

A recommendation system is a system that recommends a user or users, the items, possibly, of 
their interest. There are wide examples of recommendation systems like the recommendation of 
books on Amazon, or recommendation of movies on some web-portal. A large class of 
recommended ads that a user sees on some web page comes from the cookie information saved 
on the user machine. The recommendation system discussed in this paper is the one which is 
based on the user interest, to the extent accurately as might be possible, based on the profile of 
the user and the overall rating of the item. Recommendation systems are classified by the 
mechanism which is used to calculate the affinity between the user and the item. Content based 
recommendation system recommends the items based on the properties of the similar items. On 
the other hand, collaborative filtering based system predicts the user interests based on properties 
of items and users having similar interest. In this paper, colleborative filtering is implemented in 
conjunction with Support Vector Machine (SVM) based classifier to classify the users having similat 
interests to model more accurately the user likes and dislikes as compared to collaborative filtering 
alone. The model proposed in this paper is based on the generic SVM classifier and thus applicable 
to a large class of items as compared to specific domain-based content filtering. The proposed 
model is implemented on Netflix movie data and the simulations results are compared with those 
of benchmark techniques. 
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The approach used in this research work use both 
the content and the collaborative filtering pathways. 
Using both the approaches, the cosine distance 
between the users is tabulated and a machine 
learning approach is used to find the list of k most 
closest users to the given user. Based on the interest 
of these users and the content based similarity, the 
list of most recommended items is presented to the 
user.  

An example of the architecture of the proposed 
recommendation system is illustrated as shown: 

 

Recommendation System 

Today the amount of information is available over 
the internet; here is the requirement to overcome the 
heavy load. The solution is filtering for big data. 
Recommendation systems are such an intelligent 
systems which gives the efficient results related to 
product or any related information known as 
recommendations. The Most important thing is to 
select or develop the machine learning algorithms 
for recommendations. A recommendation system is 
known as Good, means it increase gains as well as 
popularity.  

Basic Model of Recommendation System  

A basic model of recommendation is he based on 
preference matrix. Application of recommendation 
system has to types first is the users entity and the 
other is items entity. User ascertains the preference 
and the data pertaining to his preference is taken 
from the data pool for the item. Degree preference is 
the value for every user-item pair and it is 
represented in the form a matrix of utility. The value 
for these item ranges from 1 to 5 which relates to the 
degree of preference from the user to the entity. This 
can also be referred to as rating of the item. Rating 
of item can be put in the form of a matrix, the values 
in this matrix are sparse as mostly all the values are 
unknown or unidentified. Predictably, an unknown 

rating points to an information that is not clear and 
does not explain the quotient of user’s preference for 
that particular item per se. For instance, an 
illustration of the mathematical task of 
recommendation system can be described as follows: 

Consider the following utility matrix in table 1. Here 
D, S and H are movie titles and A through D are the 
users who had given some ratings to the movie on 1-
5 scale where 5 is the top rated movie and 1 refers to 
the boring movie. 

Table 1: Hypothetical Rating Matrix 

Viewer D1 D2 D3 S H1 H2 H3 

A 4   5 1   

B 5 5 4     

C    2 4 5  

D  3     3 

Here, D refers to movie Dhoom and D1, D2 and D3 
refers to its three sequels. S refers to Sultan and H 
refers to Housefull with its three sequels.  

From above table it is come in notice that many pairs 
of movie left blanks that indicate that the particular 
user gave the rating for the movie. Notice that the 
matrix would be still sparse due to the tiny rating of 
all existing movies. 

The main objective of the any recommendation 
system is “get the unfilled cell inside the matrix”. For 
example, how much interested user D might be in 
the movie H2. 

The recommendation system can be designed by 
acquiring the description of movies, as their movie 
maker, director, celebrities, or similar sounding 
movies name. Here, for example, anyone who likes 
the movie from H1 category would like H2 as well 
and would give higher rating to it. However, a person 
who did not like the H1 movie then he might as well 
not like H2 and might as well give H2 a poor rating. 

 With the help of more data, anybody can analysis 
that the people gave similar rating for both H1 and 
H2. Hence, here we conclude that the other user 
named as A would give H2 as low rating of both H1 
and H2.  
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One more thing worth interest in this scenario is this 
that it is not much important to find all the missing 
entries in the matrix. For most of the systems, it is 
important to find out the largest scores in the matrix 
as these will be the items of interest. Moreover, for a 
large class of the systems, it is not necessary to find 
all the high scores. It is just sufficient to find the 
largest subset of items having the high score. 

Content Based Recommendation Systems 

In content based recommendation system, one 
needs to build for each item, the item-profile, which 
is a set of the characteristics of the item. For 
example, in the case of movies, the characteristics 
might include: 

1. The star cast of the movie. 
2. The director of the movie. 
3. The genre of the movie. 

content-based filtering  based on the attribute base 
filtering means suppose  the user is looking for 
mobile then  the system collect the information from 
the database  which have the same contents like the 
CPU speed, Generation, memory price etc. This result 
is returned to user who is searching the mobile. 

Collaborative Recommendation System 

In this approach, instead of using features of items to 
determine their similarity [8], we focus on the 
similarity of the user ratings for two items. That is, in 
place of the item-profile vector for an item, we use 
its column in the utility matrix. Further, instead of 
contriving a profile vector for users, we represent 
them by their rows in the utility matrix. Users are 
similar if their vectors are close according to some 
distance measure such as Jaccard or cosine distance 
[9]. Recommendation for a user U is then made by 
looking at the users that are most similar to U in this 
sense, and recommending items that these users like. 
The process of identifying similar users and 
recommending what similar users like is called 
collaborative filtering [2][5][6][7]. 

Item-based Collaborative Filtering 

When applied to millions of users and items, 
conventional neighborhood-based CF algorithms do 
not scale well, because of the computational 
complexity of the search for similar users. As a 

alternative, Linden, Smith, and York [8] proposed 
item-to-item collaborative filtering where rather than 
matching similar users, they match a user’s rated 
items to similar items. In practice, this approach leads 
to faster online systems, and often results in 
improved recommendations [9]. 

Recommendation Model Based on SVM 

It include the following  

Augmenting the Collaborative system with SVM 

The following model is proposed for integration of 
collaborative recommendation system with machine 
learning using SVM. 

 

Fig 2 Proposed Models for Collaborative Filtering 

It is important to note that SVM is a binary classifier 
which classifies the data into two sets. The netflix 
data consists of the files as mentioned below 
[3][4][10]: 

mvie_titles.txt  : collection of movie 
id, movie year and movie title. 

test_ratings.txt  : movie_id, user_id, 
rating. 

train_ratings.txt     : movie_id, user_id, 
rating. 

There are a total of 1821 movies and 28978 users in 
the database. Also, the total number of ratings in the 
database is 3.25 million. 

For each of the rating given by the user for the 
movie, we can classify the rating as positive or 
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negative based on if the rating is greater than 2 or 
less than 3 respectively, on a 5 point scale. Means the 
ratings 1 and 2 are considered negative and ratings 
3,4 and 5 are positive. 

After training the machine on the training set 
consisting of 3.25 million ratings, the machine is then 
tested on 1,00,000 records for the prediction of 
ratings. 

The schema of the Netflix database is as shown in 
the figure 3. 

 

Fig 3 Schema of the Netflix Data 

From this data, one can construct a utility matrix and 
can visualize the sparcity of the matrix. 

As far as the content based classification is 
concerned, the only information available in the 
database is the year of release of the movie. The 
proposed model depicted in the figure 2 is shown in 
more detailed manner in figure 4. 

 

Fig 4 Detailed models for Recommendation System 

Constructing Utility Matrix 

The illustration for the utility matrix can be given by 
considering the first few records of the database of 
the Netflix [3]. The complete utility matrix and 
corresponding results are given in at result section of 
the paper. 

Table 2: Illustration of a Portion of Complete Utility 
Matrix 

Movie _id 
/ User_id 

1 2 3 4 5 6 7 8 9 

1 5  4 3 3   2  

2 3 5  2  1  3 1 

3 4  5  3  2 2  

4  3 3   3   1 

5   2 1 4  4  2 

The cosine distance between the 5 users is tabulated 
as shown in table 3.  

Table 3: Cosine Distance 

User_id→ 

↓ 1 2 3 4 5 

1 1 0.49099 0.876782 0.290957 0.476383 

2 0.49099 1 0.341144 0.5 0.047458 

3 0.876782 0.341144 1 0.379049 0.647599 

4 0.290957 0.5 0.379049 1 0.189832 

5 0.368012 0.047458 0.647599 0.189832 1 

As the size of the data presented in the above table 
is small, one can intuitively suggest that user 1 has 
similar interest with user 3. User 1 and ser 4 share 
little interest and similarity score between user 1 and 
user 2 / user 3 is below average. Also, user 3 and 
user 4, and user 2 and user 3 share little interest in 
common. 

As shown in the figure 3.4, user 1 and user 3 can 
form a cluster. User 2 and ser 5 are separated by the 
largest distance as given by their cosine distance. 
Also, user 4 and User 5 are also significantly 
separated. 

MOVIE 

movie_id 

movie_year 

movie_title 

TRAINING  

movie_id 

user_id 

rating 

TEST  

movie_id 

user_id 

rating 

739



Kavita Jakhar et al. International Journal of Science, Engineering and Technology, 2016, Volume 4 Issue 5 
ISSN (Online): 2348-4098 , ISSN (Print): 2395-4752  

For real data, the clustering is performed using 
advanced clustering algorithms. All those Users 
which belong to the same cluster form a group. The 
feature profile of all the users which belongs to the 
same cluster forms the positive examples and those 
which belong to the different clusters form negative 
examples. 

One possible way to form cluster for the given data 
is shown in figure 5. 

 

Fig 5 User Clustering based on user interest 

A Support Vector Machine can be designed to be 
trained on such set of positive and negative 
examples. After being trained, every-time a user 
comes up with certain profile vector, the machine 
comes up with a list of k most similar users. 

Supervised Learning of the Machine 

Based on the similarity score among the users, the 
clustering is performed. This is, in fact, for larger 
data, an unsupervised learning method to cluster the 
data into groups. It is particularly important at this 
stage to inculcate the item profile in the creation of 
positive and negative examples [11][12][13]. 

For example, if two users have similar interest, 
considering only the ratings given by them to a set 
of movies, one would be interested to know how 
similar these users are if there is some way to get 
insight about the movie. One way to create the 
profile vector for the movie is to create an array of 0 
and 1, where the presence of 1 indicates that certain 
actor is in the cast of movie and 0 means not. 
However, such a vector would be very long and 
sparse as any movie has only a few of the actors of 
all those are in the film industry. However, this has 
little effect on the cosine distance and the dot 

product of the vectors is not affected by the zeros of 
the vector. 

One can give additional weight age to the similarity 
score of two users if any two movies they like 
commonly are also similar in terms of cosine 
distance. Thus, similarity score of the item will be 
reflected in the similarity score of the users. After this 
similarity score computation, the positive and 
negative examples are framed and machine is trained 
on the data with appropriate kernel functions. 

Algorithm for Proposed Recommendation System 

The stepwise process for the recommendation 
system as per the database schema of the ratings of 
Netflix is as illustrated below: 

1. Obtain the movie profile data and the rating 
data. 
2. Label the rating data as Training data. 
3. As all the ratings are on a five point scale with 
integer numbers from 1 to 5, those with entries 1and 
2 are labeled as "bad" and those with 3,4 or 5 are 
marked as "good". 
4. Obtain the sparse matrix with rows indicating 
movies and the columns indicating the viewers. 
5. Obtain cosine distance between the pair of users 
to perform the clustering. 
6. Create a sub-matrix for each of the cluster, 
consisting only of that user which belongs to the 
cluster. 
7. Create movie profile in each of the cluster based 
on the users. 
8. Obtain the cosine distance between the movies 
to form clustering of the movies in each of the 
cluster. 
9. For any particular cluster of users, movies which 
belongs to the same cluster forms positive examples 
and those belongs to different clusters form negative 
examples. 

An SVM can be trained for the pair of movies and 
clusters so that when a new movie is given as input 
to the machine, it comes up with the result that 
weather or not the movie belongs to that cluster. If 
yes, then the user watching or reviewing the movie is 
shown other movies of the same cluster in the order 
of decreasing cosine distance from the given movie. 

Analysis of Proposed Work 

 For analysis the real data we use the following 
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The Netflix movie database 

The tabular data and first few entries of the Netflix 
database are as shown in the table 4 

Table 4: Sample Records of the Movie Profile Table 

S. 
No. 

Release 
Year Movie Title 

1 2003 Dinosaur Planet 

2 2004 Isle of Man TT 2004 Review 

3 1997 Character 

4 1994 Paula Abdul's Get Up & Dance 

5 2004 The Rise and Fall of ECW 

6 1997 Sick 

7 1992 8 Man 

8 2004 What the #$*! Do We Know!? 

9 1991 Class of Nuke 'Em High 2 

10 2001 Fighter 

11 1999 Full Frame: Documentary Shorts 

12 1947 My Favorite Brunette 

13 2003 

Lord of the Rings: The Return of 
the King: Extended Edition: Bonus 
Material 

14 1982 Nature: Antarctica 

15 1988 Neil Diamond: Greatest Hits Live 

16 1996 Screamers 

17 2005 7 Seconds 

18 1994 Immortal Beloved 

19 2000 By Dawn's Early Light 

20 1972 Seeta Aur Geeta 

21 2002 Strange Relations 

22 2000 Chump Change 

23 2001 
Clifford: Clifford Saves the Day! / 
Clifford's Fluffiest Friend Cleo 

24 1981 My Bloody Valentine 

25 1997 
Inspector Morse 31: Death Is Now 
My Neighbour 

26 2004 Never Die Alone 

27 1962 
Sesame Street: Elmo's World: The 
Street We Live On 

28 2002 Lilo and Stitch 

29 2001 Boycott 

30 2003 Something's Gotta Give 

31 1999 
Classic Albums: Meat Loaf: Bat Out 
of Hell 

32 2004 
ABC Primetime: Mel Gibson's The 
Passion of the Christ 

33 2000 Aqua Teen Hunger Force: Vol. 1 

34 2003 
Ashtanga Yoga: Beginner's 
Practice with Nicki Doane 

35 2000 Ferngully 2: The Magical Rescue 

36 1992 Lady Chatterley 

37 1973 Zatoichi's Conspiracy 

38 2003 Daydream Obsession 

39 2000 Love Reinvented 

40 2004 Pitcher and the Pin-Up 

41 2000 Horror Vision 

42 2002 Searching for Paradise 

43 2000 Silent Service 

44 1996 Spitfire Grill 

45 1999 The Love Letter 

46 1964 Rudolph the Red-Nosed Reindeer 

47 1952 The Bad and the Beautiful 
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48 2001 Justice League 

49 2003 
Devo: The Complete Truth About 
De-evolution 

50 1941 A Yank in the R.A.F. 

.. .. .. 

.. .. .. 

.. .. .. 

Samples of the ratings for the movies are shown as: 

Table 5: Rating Table 

User Id Movie Id Rating 

8 2170930 1.0 

8 1780876 5.0 

8 9660 3.0 

28 2628220 4.0 

28 946314 4.0 

28 2370740 4.0 

48 353369 3.0 

48 2489377 5.0 

48 1021435 2.0 

48 1639792 1.0 

48 2502098 4.0 

48 2355940 3.0 

48 376153 4.0 

48 1074260 5.0 

48 1991613 3.0 

61 1640271 4.0 

61 38946 4.0 

64 2043109 2.0 

64 2519397 3.0 

64 752642 1.0 

66 1120581 2.0 

66 1494197 4.0 

92 1935793 1.0 

96 401047 2.0 

96 411705 4.0 

96 2156497 3.0 

96 738964 4.0 

96 682963 3.0 

96 382773 4.0 

96 2118461 4.0 

111 638344 2.0 

111 1740238 2.0 

122 1977128 3.0 

122 1478381 3.0 

122 1235769 2.0 

122 2081711 3.0 

122 2647197 1.0 

122 1926750 2.0 

122 1696241 2.0 

122 1734270 2.0 

122 2174688 2.0 

122 786950 4.0 

122 2456207 2.0 

122 2255880 3.0 

122 591612 3.0 

122 2133714 5.0 

122 1184498 3.0 

123 1663467 3.0 
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127 1294425 2.0 

127 2551641 2.0 

Setting up of SVM Classifier 

For the data of ratings, a simple scheme is assumed. 
As SVM is a binary classifier, the ratings given by 
users for the movies are also classified into two 
classes. All the ratings above 2 are labeled as 1 and 
those with 1 and 2 are labeled as -1. Positive and 
negative examples are then framed out of the 
dataset [14] [15]. 

The sparse matrix consisting of movies and the users 
can be drawn as shown in the figure 6. 

Fig 6: Sparse Matrix Visualization 

This matrix gives a visualization of the data in 
qualitative aspects. The horizontal axis represents the 
movie id's and the vertical axis shows the user id's. 
The red circles are positive ratings and the black 
circles are negative ratings. 

 

Fig 7: Specifications of SVM 

The prediction results of the SVM over a subset of 
the training vectors are shown in figure 8. 

 

Fig 8 Prediction over a subset of training data 

The prediction of the SVM is shown in the table 6 for 
class prediction. 

TABLE 6: PREDICTION RESULTS OF SVM CLASSIFIER 

Ytest→ -1 1 

Ypred 

↓ 

-1 179 3169 

1 886 15862 

It is evident from the results that the SVM performs 
fairly well for a large set of results. Moreover, the 
accuracy of the SVM increases with the increase in 
the size of the training set. 

The accuracy of the proposed model comes or to be 
79.821 percent which is fairly accurate for the 
attribute set provided as input. This is shown in the 
figure 9. 

743



Kavita Jakhar et al. International Journal of Science, Engineering and Technology, 2016, Volume 4 Issue 5 
ISSN (Online): 2348-4098 , ISSN (Print): 2395-4752  

 

Fig 9 Simulation Results for the accuracy of Machine 

In the above model, accuracy is defined as the 
number of records in which the predicted class is the 
same as the actual class, divided by the total number 
of elements in the vector. The same is reflected by 
the last lines of R code on the console: 

 

The prediction score is depicted in the table 7. 

TABLE 7 

PREDICTION SCORE OF SVM CLASSIFIER 

Ypred→ 

 

-1 1 

FALSE 1065 0 

TRUE 0 19031 

The accuracy of the machine as a function of the 
length of the training set is shown in table 8. 

 

Table 8: Accuracy of Machine as a Function of the 
Length of Training Data 

Training Set Length Accuracy 

100478 0.79821 

150000 0.85236 

175000 0.86451 

190000 0.87001 

200000 0.89901 

The plot corresponding to the table 8 is as shown in 
Figure 10. 

 

Fig 10 Accuracy as a function of length of Training 
Set 

Comparison of the Results 

The comparison of the results with those of [10] 
cannot be done directly as the results of the 
proposed model are based on the augmentation of 
SVM classifier in the Collaborative Filtering model, 
whereas, those in are based using Genetic Approach 
in collaborative Filtering. However, the model 
proposed in this work shows a fairly good accuracy 
as compared to the one based on GA approach. 

The probabilistic estimates of the classification of a 
new item as being good or bad for a user or the list 
of k most similar items rated by the closest users are 
the most important concerns of the recommendation 
system. In both these aspects, the SVM based 
approach gives much more accurate results as 
compared to GA based collaborative filtering. This is 
because the proposed approach uses both the 
distances; vise, given a movie "m", the cluster of 
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movies closest to "m", and given a user "x", the 
cluster of users closest to "x".  

Conclusion and Future Scope 

In this paper, a collaborative filtering based approach 
is presented which is based on the clustering 
technique followed by the SVM classification. In this 
technique, based on the data format available in 
Netflix database, the users having similar interest are 
identified and initial clustering is performed. Based 
on this clustering, the clustering of movies (of 
possibly similar genre) is done. From, these two 
clusters, the set of positive and negative examples is 
created in terms of cosine distance matrices. With 
any user and movie as input, the system generates 
the list of movies related to the given movie in the 
closest proximity in the cluster. From that cluster of 
movies, the cluster of users having similar interests is 
identified. Finally, the list of k most similar users is 
retrieved and recommendation is provide both on 
the basis of movie cluster and user cluster. SVM 
classification provides an edge in this proposed 
technique as given a user profile; the system comes 
up with the result whether the user belongs to the 
group of similar users or dissimilar users. If the users 
belongs to the group of dissimilar users, then the 
recommendation is performed on the basis of 
collaborative filtering of users and movies whereas if 
the user belongs to the group of similar users, then 
the list of k most closest users to the given user is 
retrieved and their interest in the movies are fetched 
out. This result is combined with collaborative 
filtering to provide the final set of recommendations 
to the users. This is in contrast to the base approach 
in which only k means clustering is used for 
collaborative filtering. 

As a future scope of this work, the incremental SVM 
will be proposed which will take automatically train 
as the user base is populated in any given review or 
rating system. Moreover, it will also provide the 
automated rating based on user reviews instead of 
number based ratings. 
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