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Abstract 
Recommender Systems are now popular both commercially and 
in the research community, where various approaches have been 
adopted and validated on large scale. In content-based filtering, 
the systems examine items previously chosen by the actual user, 
whereas in collaborative filtering, recommendations are based 
on the information of similar users or items. We also analyzed 
that recommendations are also influenced by the factors such as 
age, gender and some other user profile information. In our work 
both content and collaborative techniques and some demographic 
information are combined into a hybrid approach, where additional 
content features are used to improve the accuracy of collaborative 
filtering. Also we are using the genetic algorithm and k-NN 
algorithm to provide recommendations to the user. To evaluate 
precision, recall and F1-measure performance parameters are 
used.
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I. Introduction
Early in the history of computing capability of computers to 
provide recommendations was fairly recognized. An early step 
towards the automatic recommendation systems was Grundy 
[34]; a computer based librarian. It provides recommendations by 
grouping users into stereotypes based upon some short interviews. 
A solution for online information overload was provided by 
collaborative filtering in the early 1990s. A manual collaborative 
filtering recommender system - Tapestry [35] allow users to query 
for items based on other users’ actions or opinions. To determine 
the relevance of recommendations it allows the users to exploit 
the reactions of prior readers. Soon automatic collaborative-
based systems followed to automatically locate related opinions 
and combining them to make recommendations. Amazon.com 
is the most popular application using this technology in which 
they recommend items for the users based on their purchase and 
browsing history. While adoption of recommender technology 
by Amazon frequently based on collaborative filtering, has been 
incorporated in various e-commerce and online systems. A 
considerable inspiration for doing this is to boost sales degree as 
the customers may pay for an item if it is recommended to them 
but might not look for it otherwise. Beyond collaborative filtering, 
the toolbox of recommendation techniques has also incorporate 
content-based techniques based on information retrieval, Bayesian 
inference, and case-based interpretation methods [8-9]. These 
approaches or methods take into account the genuine content 
or attributes of the items to be suggested rather than user rating 
patterns. As several recommender approaches have developed, 
hybrid recommender systems [10] have also emerged in which 
multiple algorithms are combined. To provide an overview of 
the different types of recommender systems, we want to cite a 
taxonomy provided by [12].
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Fig. 1: Classification of Recommender System

In content-based recommendation approach, the system analyze a 
set of documents or descriptions of items that are previously rated 
by a user, and create a model or profile of user preferences based 
on the features of the items rated by that user [4]. The profile is an 
organized representation of user preferences which is adopted to 
recommend new interested items. Basically, the recommendation 
process comprise of matching up the features of the user profile 
against the features of a content item. The result is a pertinence 
judgment that represents the level of user interest in that item.
Most of all collaborative filtering is the most familiar and broadly 
accepted technique. It works on gathering and analyzing the huge 
amount of users’ data [13] by tracking user actions and preferences 
to predict recommendations based on the relationship with other 
users [14]. It provides recommendations based on simple principle 
that like-minded people have alike interest [15]. It is primarily 
categorized into two major groups: 

Memory Based Method-e.g. Nearest Neighborhood method 1. 
Model Based Method-e.g. Bayesian Classifier 2. 

Items are recommended by demographic filtering system based on 
demographic profile of the user. This type of system recommends 
items based on the demographic profile of the user. Simple and 
efficient personalization solutions based on demographics are 
adopted by several websites. To cluster users the demographic 
information can be used such as country, age, gender, etc. This 
information is then compared with the existing users to find the 
most related cluster and finally, items in the most identical cluster 
are recommended to the user. 
Knowledge-based recommendation systems provide suggestions 
based on specific domain knowledge with reference to user 
preferences. Constraint-based and case-based[16,17] are types 
of knowledge-based systems. Knowledge-based systems have 
a tendency to work better systems than others only if they are 
equipped with learning mechanism.
Hybrid methods combine any of two or more techniques. Mostly 
collaborative and content filtering approaches are combined to 
provide hybrid approaches.
In this paper, a hybrid movie recommender system is proposed 
in which both content and collaborative techniques along with 
some demographic information are combined, where additional 
content features are used to improve the accuracy of collaborative 
filtering. And the genetic algorithm along with correlation is used 
to provide recommendations to the user.
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This paper consists of five sections. Section II describes related 
work. Section III describes the methodology to be followed to 
recommend movies to the user. Section IV is the experimental 
analysis. Section V wraps up this paper with its conclusion and 
future scope.

II. Related Work
Maria S. Pera et.al.[21] presented a system named as GroupReM 
which provide recommendations to the members of a group 
considering individual members’ interest and build a profile 
that reflects the needs of the group on movies, find the similar 
content using word correlation and also consider the popularity 
of the movies. GroupReM mainly employs tags for capturing the 
information of movies for recommendation task. This system can 
easily be extended to generate group recommendations for items 
other than movies. Experimental studies have been conducted 
using MovieLens dataset which show that it is an effective and 
highly efficient system for group recommendations.
Punam Bedi et.al.[22] introduced a Trust based Ant Recommender 
System (TARS) which generates relevant recommendations 
by including the concept of dynamic trust among users and 
selecting the best neighborhood based on genetic image of ant 
colonies. It provides additional information for explanation of 
recommendations about the connectedness in trust graph from 
where recommendations are produced. Two datasets Jester dataset 
and MovieLens dataset are used for performance evaluation of 
TARS.
 
Sang Hyun Choi et.al.[23] proposed HYRED, a hybrid 
recommendation algorithm which combines collaborative filtering 
by means of modified Pearson’s binary correlation coefficients 
with content-based filtering by means of generalized distance 
to boundary based rating. It utilizes the nearest and farthest 
neighbors of a target user to yield useful information from large 
dataset avoiding sparsity and scalability problem. This increases 
the performance of the system and reduces the effort to perform 
computations.

Beel, J., Langer et.al.[24] analyzed several recommendation 
techniques with both online and offline evaluations and they 
found contradiction among the results of both online and offline 
evaluations. Offline evaluations may be unsuitable for evaluation 
of research paper recommender systems.
Qing Li et.al.[26] to resolve the cold start problem clustering 
techniques have been applied on item-based collaborative filtering 
approach. Content information is also integrated into collaborative 
filtering. To analyze the proposed technique various experiments 
have been conducted on MovieLens dataset. The results show the 
improvement in recommendations provided by using item-based 
collaborative filtering and also resolve the cold start problem.

Jonathan L. Herlocker et.al.[28] reviewed the collaborative filtering 
RSs based on user tasks, types of datasets, how the prediction quality 
is calculated and assessment of prediction attributes. Presented 
experimental outcome from the analysis of several precision or 
accuracy metrics on one content field where every tested metric 
distorted approximately into three equivalence classes. Each 
equivalence class contains strongly correlated metrics, whereas 
metrics from diverse classes were not correlated.
J. Bobadilla et.al.[29] a metric is presented to calculate similarity 
among users and formulated through simple linear combination 
of values and weights that can be applied in collaborative filtering 

based recommender systems. Weights are computed only once 
while the values are computed for every pair of users with 
similar preferences. The results present valuable improvements 
in prediction quality and performance. 

From the literature survey we conclude that the sometime 
recommendations are not according to the need and preferences 
of the users. Collaborative filtering approach suffers from several 
shortcomings. Scalability factor is attempted to improve the 
performance of the system in this paper.  Recommendations 
are also influenced by the factors such as age, gender and some 
other user profile information. Considering this, age and gender 
information of the user along with collaborative filtering to provide 
recommendations is used. Further the genetic algorithm along 
with genre correlation to provide recommendations is used in 
this paper.

III. Proposed Work
Recommendation process for our work mainly consists following 
steps. Firstly, find neighbors of the active or target user. Second, 
compute the similarities among the neighbors and the active users 
to calculate prediction. After the prediction is calculated, the items 
will be recommended by the systems but the item should attain a 
definite threshold of ranking to the active user. 

Fig. 2: Flowchart of Proposed Work

IV. Experimental Analysis
All evaluation parameters depends on four factors- True positive 
which means recommended and not recommended classes are 
same, False negative refers to actual classes of items that are not 
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present in recommended one, False positive refers to  predicted 
classes of items that are not actually recommended and True 
negative is the difference  of all three classes from total items. 
Table 2 shows the structure of confusion matrix.

Table 1: Confusion Matrix
Relevant Irrelevant

Recommended True Positive (tp) False Positive (fp)

Not Recommended False Negative 
(fn) True Negative (tn)

Precision or true positive accuracy is calculated as:

Recall or true positive rate is calculated as: 

The F1-measure tries to combine precision and recall into a single 
score by calculating different types of means of both metrics. The 
F1-measure or F1-score is calculated as the standard harmonic 
mean of precision and recall:

            
The experimental analysis has been done using the above described 
parameters. The results obtained from the implementation of 
proposed system have been provided in the form of graphs. Fig. 
3 shows that the system will perform better as precision is high 
when the number of recommendations is less. Fig. 4 shows that 
the results of recall vs number of recommendations. Fig. 5 shows 
the results obtained using F1-measure which is harmonic mean 
of precision and recall.

Fig. 3: Precision vs Number of Users

Fig. 4: Recall vs Number of Users

Fig. 5: F1 vs Number of Users

Parameters such as scalability, effect of sparsity, diversity in 
results, confidence and continuous updation of systems have been 
used to compare the above proposed approach with the famous 
recommender system approaches. The observation provides results 
in the form of yes or high if it has the corresponding parameter 
or follows it, no if it does not have, medium if it may or may 
not affect the approach depending upon situation and partial if 
it affects the approach slightly. The following observations are 
observed on studying these approaches:

Table 3: Comparison of Proposed Approach With Other 
Recommender System Approaches

CF (K-NN 
approach)

Genetic 
Algorithm

Proposed 
approach

Diversity of results Yes Less Yes
Scalability Low Low Good
Effect of sparsity High Medium Low

V. Conclusion
This paper solves the problem for recommending relevant data in 
movies. In this paper, a system is proposed which recommends 
relevant data to the user according to their preferences and 
history in movies. Wrong recommendations assigned to the user 
tend to decrease the efficiency of the system but this problem is 
reduced by using content and collaborative approach and optimal 
recommendations are provided to the user. . In our work, both 
content and collaborative techniques and some demographic 
information are combined into a hybrid approach, where 
additional content features are used to improve the accuracy 
of collaborative filtering. Also the genetic algorithm is used to 
provide recommendations to the user.
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