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Abstract- The need of personalization and filtering systems is growing permanently due to the immense information
available online. Recommendation systems form or establish a specific type of information filtering approach that attempt
to present items according to the interest of a user. In content-based filtering, the systems examine items previously
preferred by the actual user, whereas in collaborative filtering, recommendations are based on the information of similar
users or items. In content-based the recommendations are provided based on the profiles of users that are created at the
beginning. For recommendation, the engine compares the items that were rated by the user with that are not rated by the
user to calculate similarities. Items that are similar to rated items will be recommended to the user. In collaborative
filtering the focus is on relationship between users and items. Similarity of items is calculated by similarity of ratings of
those items by the users who have rated both 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.

I. INTRODUCTION
Commercially recommender technology came in emergence in the late 1990s. Perhaps 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 CF technique, has
been incorporated in various e-commerce and online structures. A considerable inspiration to exploit this is to boost
sales degree by way of the customers may pay for an element if it is recommended to them but might not look for it
otherwise.
Various corporations have been built in order to present recommendation technology and services to online retailers,
such as Strands and NetPerceptions. Beyond collaborative filtering, the toolbox of recommendation techniques has
also incorporate CBF techniques grounded on information retrieval, Bayesian implication, and case-based
interpretation approaches[10, 24]. These approaches or methodologies take into account the genuine features or
characteristics of the things to be suggested rather than user rating patterns. As several recommender approaches
have developed, hybrid recommender systems[12] have also emerged in which multiple algorithms are combined.
However, collaborative filtering has remained a valuable technique, both unaided and crossbred with CBF
approaches. However, collaborative filtering has remained a valuable technique, both unaided and hybridized with
content-based approaches. To provide an overview of the different types of recommender systems, we want to cite a
taxonomy provided by[12].
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Figure 1. Classification of Recommender System

In content-based filtering method, the system investigate a set of portrayals of items that are earlier rated by a
customer, and create a profile of user preferences grounded on the artifacts of the objects graded by that user[5]. The
profile is an organized demonstration of user preferences which is assumed to suggest new interested items.
Basically, the recommendation procedure comprise of comparing the features of the customer profile contrary to the
features of a contented item. The outcome is a pertinence finding that denotes the level of user curiosity in that item.
A profile can be used to filter the search outcomes by determining the fact that the user is fascinated by a particular
item or not and this is possible only if the profile of the user precisely considers user likings. Items are
recommended by this type of method grounded on demographic profile of the user. This sort of method suggests
items grounded on the demographic outline 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 methods provide suggestions based on particular domain knowledge with
reference to user preferences. Case-based [20, 21] systems are assumed as remarkable in the field of knowledgebased recommender systems. These systems estimate that exactly how much the user requirements match with the
list of suggestions. Another type of knowledge-based systems is constraint-based systems. Knowledge-based
systems have a tendency to work better systems than others on condition that they are furnished with learning
mechanism otherwise they may be beaten by further trivial methods that can utilize the logs of human computer
interaction. All kind of recommendation approaches possess some strengths and flaws. The flaws of pure
recommender systems can be overcome through combination of different approaches[22].
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’
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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.
Bamshad Mobasher et al.[27] analyzed the various issues to build secure recommendation systems and bring in
various new attack models. Simulation-based assessment to show the most successful attack model against
commonly used recommendation approaches was also performed. Analysis shows that hybrid algorithms might
provide a high degree of robustness. Whereas, item-based and user-based algorithms are extremely susceptible to
particular attack models considering equally the whole impact on the capability of the system to generate correct
predictions, along with the amount of knowledge about the system essential by the invader to post a realistic attack.
Finally, to detect attack profiles they develop a classification-based framework.
L. Baltrunas et al.[30] introduced user micro-profiling which is a new context-aware recommendation technique. It
is a contextual pre-filtering technique that uses implicit user feedback. In micro-profiling, profile of user is divided
into number of sub-profiles and each of which represents the user in a specific context. Recommendations are based
on these micro-profiles rather than a single user model. Though, the user needs depends on the accurate division of
the contextual variable. If we are using a continuous contextual variable and implicit feedback the detection of
significant partition of the user profile and its assessment is a non-trivial subject. Considering this point an online
assessment process is proposed for CARS.
Sang Hyun Choi et al.[32] 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.
Thai-Nghe, et al.[33] proposed a new approach which uses recommendation techniques for learning data mining,
especially for forecasting student performance. To confirm this method, recommender system techniques with
traditional regression procedures are compared such as logistic/linear regression by using learning information for
intellectual tutoring systems. Experimental results demonstrate that the suggested approach can improve prediction
results.
L.O. Colombo-Mendoza et al.[59] proposed a recommendation system in movie show times field. The presented
system is named as RecomMetz which is a context aware mobile RS. The experimental results show that it performs
efficiently in both a cold-start scenario and a no cold-start-scenario.
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. And finally predict fast recommendations to the user. The Android Studio is
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used to implement the proposed system and SQLite is used to maintain the database of the proposed system. SQLite
Database has methods to create, delete, execute SQL commands, and perform other common database management
tasks.
The algorithm for proposed approach is listed below:
1.
2.

Start
Initialize Correlation Matrix as neighbors of U, where U is the target user

3.

Calculate

4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.

If
Calculate Standard Deviation
Else
Repeat steps 3 to 5
End if
, initialize time
InitPopulation
, initialize the population with Standard Deviation
Evaluate
, evaluate fitness of all individuals
While (not best) do
, increment time (iteration)
, initialize sub-population for offspring production
Recombine
, recombination of genes of selected parents with crossover rate 0.7
Mutate
, mutate at the rate of 0.05
Evaluate
, evaluate new fitness

, where and

are the neighbors of target user

End do

For the new user, the system requests to register him/her for an account to gather user preferences The neighbors of
the active or target user is discovered by using the K-NN approach. The Euclidean distance function (equation 4.1)
is used to find the distance between the active user and the neighbors.Then an n*n correlation (user-item) matrix
will be generated which is shown in figure 1.

Figure 1. Correlation Matrix

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
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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

Recommended
Not Recommended

Relevant
True Positive (tp)
False Negative
(fn)

Irrelevant
False Positive
(fp)
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. Figure 5.1 shows that the system will
perform better as precision is high when the number of recommendations is less. Figure 5.2 shows the results
obtained using recall. Figure 5.3 shows the results obtained using F1-measure which is harmonic mean of precision
and recall.

Figure 2. Precision vs Number of Users
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Figure 3. Recall vs Number of Users

Figure 4. F1-measure vs Number of Users

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. Recommender systems are solution to this problem and attracting researchers to explore this area in
past few years. 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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