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Abstract 
Recommendations basically are the suggestions that one experience 
in day to day life. Actually we all depend on suggestions from 
others to do our daily work for example choosing dress to 
wear we ask others for suggestions. In selection process such 
as  filtering, the systems select items previously chosen by the 
actual or true user, whereas in collaborative filtering or selection 
, recommendations are based on the data or entity of similar 
users or items. The recommendations are also influenced by the 
various factors such as age, gender and some other user profile 
information. In this paper,  Hybrid Recommender System for 
Performance Improvement using Personal Propensity is presented 
. The Mutate and standard deviation are the key component used 
in this paper. The system is evaluated using various parameter 
like precision and recall.
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I. Introduction
Recommendations basically are the suggestions we came across 
from others in our day to day life. Actually we all depend on 
suggestions from others to do our daily work for example 
choosing dress to wear we ask others for suggestions. And 
the best recommender systems are those which provide the 
related recommendations to the users which are beneficial for 
them for example if we are watching cartoon video then ads 
or recommendations should be related to the kids. These days’ 
recommendation schemes play a vital role in extremely rated 
e-commerce and Internet websites like Amazon.com, Flipkart.
com, Myntra.com, Jabong.com, YouTube, Yahoo, and Netflix.
Early in the history of computing proficiency of computers to 
generate suggestions was objectively familiar. A solution for 
online information overload was provided by collaborative 
filtering in the early 1990s. A manual CF (collaborative filtering) 
recommender system - Tapestry[2] 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. This technique is 
used by GroupLens [4] to spot Usenet articles according to the 
interest of a specific user. The system aggregates the ratings of 
other users with the active user for personalized results. Users 
do not acquire any direct information about the opinions of other 
users with the purpose of obtaining recommendations. 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. 
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 
Model Based Method-e.g. Bayesian Classifier 
Hybrid methods combine any of two or more techniques. Mostly 
collaborative and content filtering approaches are combined to 
provide hybrid approaches.
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
Belkin, et al.[3] did a subjective comparison of different information 
filtering and information retrieval models. Authors present an 
advantages and disadvantages of different information filtering 
and information retrieval models.
Badrul Sarwar et al.[11] analyzed various item-based 
recommendation algorithms. An experimental result shows 
that item-based approaches perform better than the user-based 
approaches and also provide superior quality than the user-based 
algorithms.
Qing Li et al.[13] 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.
Linden, et al. [14] presents an industry report on the 
recommendation system used in Amazon.com e-commerce site. 
Report presents Item-to- Item Collaborative filtering for the 
recommendation of product on their site. Amazon.com practices 
suggestions as a targeted promotion device in several email 
campaigns and on maximum of its Web sites’ pages, together with 
the great traffic Amazon.com homepage. Snapping on the “Your 
Recommendations” link points users to a region where they can 
filter their recommendations by product line and subject region, 
rate the suggested products, rate their preceding procurements, 
and understand why items are suggested.
Miyahara, K., et al.[15] discussed a collaborative filtering approach 
based on the modest Bayesian classifier. The modest Bayesian 
classifier is one of the supreme effective supervised machine-
learning algorithms. It performs well in numerous classification 
tasks instead of its modesty. Two variations of the recommendation 
issue for the modest Bayesian classifier are defined. In this method, 
relationship among the users from negative and positive ratings 
independently is calculated and assessed these algorithms by 
means of a database of movie recommendations and joke 
recommendations.
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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. 
The algorithm for proposed approach is listed below:

Start1. 
Initialize Correlation Matrix as neighbors of U, where U is 2. 
the target user

Calculate 3.  , where and  are the 
neighbors of target user
If 4. 
Calculate Standard Deviation5. 
Else6. 
Repeat steps 3 to 57. 
End if8. 

9. , initialize time
InitPopulation 10. , initialize the population with Standard 
Deviation
Evaluate 11. , evaluate fitness of all individuals
While (not best) do12. 

13. , increment time (iteration)
14. , initialize sub-population for 

offspring production
Recombine 15. , recombination of genes of selected parents 
with crossover rate 0.7
Mutate 16. , mutate at the rate of 0.05
Evaluate 17. , evaluate new fitness

18. 
End do19. 

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 
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
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V. Conclusion
To find out related content is very difficult task in current scenario 
where there are huge amount of data is stored in the databases. 
Recommendations basically are the suggestions we came across 
from others in our day to day life. Actually we all depend on 
suggestions from others to do our daily work for example 
choosing dress to wear we ask others for suggestions. And the 
best recommender systems are those which provide the related 
recommendations to the users which are beneficial for them.This 
thesis tries to solve the problem for recommending movies. In this 
thesis, an application 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.
To build tags into the interaction model of applications, turn the 
actions and intentions of users into inferred or implied tags, then 
re-surface that information as a basis for explicit meta-tagging 
action later. Further research can be performed in the field of 
non-technical aspects like privacy resulting from user based 
tagging.
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