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Abstract—Structured, semi-structured and unstructured data
is growing exponentially. The exponential increase in the data
resulted in providing a plethora of alternatives for items, services
and products. In e-commerce, recommender systems have become
the most powerful tool to avoid choice overload. People who
lack effective proficiency to evaluate the various alternatives can
use Recommender systems. Poor decision making is due to the
exponential growth of information and the convention of new e-
business services like comparison of products, auction, purchase
of products etc. This paper outline the key concepts used in
recommendation systems and elucidate different recommenda-
tion approaches using content based, collaborative and hybrid
methods. The paper reviews the drawbacks of various recom-
mendation methods and the possible future scope to enhance the
performance of recommendation systems. Several approaches are
addressed in this paper to deal with the common cold start and
data sparsity problems. The paper also proposes a hybrid rec-
ommendation system, which provides a recommendation based
on the score for each scenario.

Index Terms—Choice Overload, Decision Making, Hybrid
methods,Item, Recommender systems

I. INTRODUCTION

The growth of E-commerce technology is exponential with
the increasing number of customers daily. Recommendation
systems are extensively used in E-commerce for increasing
the customer satisfaction as well as for increasing the profit
of the company.

Following facts substantiate the fact that, nowadays the
use of recommendation systems has tremendously increased.
1.0ne million dollar prize money for the competition to predict
the user enjoyment of movies based only on their preferences
for films [1]. 2.Dedicated symposiums, conferences, work-
shops organized by IEEE and ACM in the fields of/related
to recommender systems [1].

Stages of Recommendation process are 1. Information
Gathering Phase 2. Learning Phase 3. Recommendation or
Suggestion Phase [2].

A. Information Gathering Phase

This phase is related to the capturing of related and relevant
information of the user.This information is used for making a
user profile, which is then used for the prediction task. The
prediction task includes predicting the items the user accesses,
predicting users characteristic etc. Recommendation systems
depend on the various types of quality inputs such as distinct
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direct inputs and indirect inputs. The distinct direct inputs are
referred to as Explicit Feedback and indirect inputs as Implicit
Feedback. The system should be modeled in such a way that
it should get quality information from the explicit and implicit
feedback to provide an accurate recommendation. In certain
situations, the combination of explicit and implicit feedback
may be combined to get hybrid input or feedback.

The outcome of the Recommendation system depends on
the ability of the system to point out and represent the current
interest of the user. The accuracy of the recommendation
depends on the how efficiently the information is captured
and the models being built [2].

1) Explicit Feedback: For improving the model, the user
can give ratings for the items, through the user interface.lt
needs some efforts from the user and the user may not be ready
always to provide the ratings. Recommendation accuracy de-
pends upon the ratings of the user. Explicit feedback provides
definitive data. It does not require extracting information from
the actions and provides quality recommendations. Example
the movie p has y ratings ie. explicitly rated the movie with
the value y [2].

2) Implicit Feedback: By observing and tracking the users
various actions, the system infers the user preferences accord-
ingly. For example by tracking the browsing history, links
which the user tracks, number of times a particular web page
is tracked etc. user preferences are captured. Data obtained
from implicit feedback is less accurate [2].Implicit feedback
data are typically noisy as they are tacit from the user actions.
Implicit feedback helps in overcoming unstable preferences as
the user preferences may change with time.

3) Hybrid Feedback: For the better performance of the
systems, the strengths of Implicit and Explicit feedback are
combined to get Hybrid feedback. By allowing the user to
provide explicit feedback, whenever he wishes to do and by
using the implicit data as a check on the explicit data, hybrid
feedback may be obtained. By using different techniques in a
combined manner, like Nave Bayes and content based filtering
better application optimization is obtained.

B. LearningPhase

For extracting the users characteristics, learning algorithm
is applied to refine the information gathered in the information
phase [2]. Learning algorithms generate patterns that are most



appropriate for the situation in the application. Learning algo-
rithms broadly fall into three types Supervised, Unsupervised
and Reinforcement Learning.

C. Recommendation or Suggestion Phase

The Recommendation algorithms are grouped into two
types-memory-based and model-based algorithms. Depending
upon the data collected in the information phase of the memory
based or model based model, the application recommends
or suggests what type of items the user will like. Different
methods used for recommendation algorithms are: 1. Content
Based Recommendation Systems 2. Collaborative Filtering 3.
Hybrid Systems [2].

II. TYPES OF RECOMMENDATION SYSTEM
A. Content Based Recommendation System

Content based recommendation system is based on the item
descriptions. It identifies items that are of particular interest
to the user, based on users interest for the items in the past.
The content of the item suggested is provided as features, and
a model is built. The model recommends the likelihood that
the user would prefer the item based on its content. When a
movie recommendation system is considered, train a classifier
to represent the user liking for the movie, by making use of
an actor as the characteristic attribute. Based on the actor,
the system will suggest the user would like the unfamiliar
movie or not. Content based filtering focuses on the reasoning
of attributes of the item to provide recommendations and is
area/domain dependent. Recommendations for the news and
publication etc. generally use content based filtering [2] [3].

B. Collaborative Recommendation System

This is the process of extracting information based on
the similarity, in collaboration among data sources, items
etc. Collaborative filtering makes use of user-ittem matrix
preferences for predictions. Collaborative filtering make use
of neighborhood paradigm and cannot be described by the
metadata of music, movie etc. The recommendation is based
on the positive rating given for an item in the neighborhood
of user, even though the user has not rated the item [3].
Collaborative filtering is divided into two categories-Memory
Based Techniques and Model Based Techniques.

1) Memory Based Techniques: Memory based collabora-
tive filtering is accomplished by user-based and item-based
techniques. These techniques use data ie. ratings, no of likes
etc.to establish closeness or correlation or similarity, between
users or items to predict the liking of a particular user
to a particular item. Cosine similarity, Jaccard Coefficient,
Pearson correlation are some of the commonly used similarity
measures. The weighted average of the recommendation of
several users are considered for recommendation [4].

Pearsons correlation coefficient can be used as a method
for correlation. Considering, userl and user2 are in the same
neighborhood, the weight for userls recommendation depends
upon the correlation between userl and user2 (to whom
the recommendation is to be made) [5].Pearsons correlation

coefficient measures the likelihood of users to rate items a
and b similarly.

Cosine Similarity is based on linear algebra using the vector-
space model. In cosine similarity, based on the angle between
two m-dimensional vectors, the similarity is measured. Cosine
similarity is widely used for comparing text documents in
information retrieval [2].Overlying vectors (zero angle)with
cosine value is equal to one indicates full similarity (ie a
user gives an identical rating for all items). No similarity is
indicated by Cosine of zero ie. an angle of ninety degrees.

2) Model Based Techniques: Machine Learning and Data
mining Techniques are used for model building. Model based
techniques use earlier ratings to learn the model for col-
laborative filtering. The machine learning and data mining
techniques employed recommend items to the user based
on the neighborhood similarity. Common learning algorithms
used in Model Based Techniques are:

Regression Analysis estimates the interrelationship between
two or more variables. It is commonly used for predicting
the relationship between dependent variable and independent
variable [2].

Bayesian Classifiers are probabilistic classifiers used for
classification, based on Bayes theorem and conditional prob-
ability. Naive Bayes classifier is the most commonly used
Bayesian Classifier [2].

Matrix Completion Techniques -Unknown values within
the user-item matrices is predicted with Matrix Completion
Techniques. Co-relation based K-nearest neighbor is one of
the common techniques used [2].

Clustering segregates the given dataset into small clusters,
each cluster having some common attribute. K-means and Self
Organizing Map(SOM) are the common clustering Techniques
used.

Association Rule defines rules that predict the occurrence
of an item based on the presence of other items [2].

C. Hybrid Recommendation System

Various different recommendation techniques may be com-
bined to overcome the disadvantage of recommendation sys-
tems and to get improved optimized results [6]. Weaknesses
of the individual recommendation system may be suppressed
by combining different recommendation techniques.

III. PERFORMANCE ESTIMATION METRICS

The excellence of the Recommendation Systems depends
on the outcome of the estimation. As per the functionality
of the applications metrics used may vary. Accuracy metrics
determines to what extent the actual value/rank differs from
the predicted value/rank.

Mean Absolute Error is the absolute difference between the
actual rating and the predicted rating. The low mean absolute
error indicates more accuracy [7].

Root Mean Square Error is the square root of the Mean
square error. Low values of the root mean square error
indicates more accuracy [1].



Precision and Recall are the metrics used for decision
support. Precision is the ratio of rightly recommended items to
the total recommended items. The recall is the ratio of rightly
recommended items to the total appropriately recommended
items [1].

A. Model Evaluation

Model evaluation is done by considering True Positive(TP),
True Negative(TN), False Positive(FP) and False Negative(FN)
[1]. Accuracy is given by the ratio of the sum of TP and TN
to the sum of TP, TN, FP and FN.

TABLE 1
CONFUSION MATRIX
In Reality
Truly Good | Truly Bad
Prediction | Good Rating TP FP
Prediction Bad Rating FN FP

IV. LITERATURE REVIEW

This section explores the survey of various recommendation
approaches used for decision making.

Yang et al. [8], addressed cold start and data sparsity
problems in collaborative filtering method by incorporating
trust. Trust plays a role in generating user preferences. Trust
among each other also plays a crucial role in generating the
review. Authors proposed a Truster Model and Trustee model.
These two models are joined to TrustMF model. Further,
the authors proposed TrustPMF model. TrustPMF model con-
tributed a likelihood of understanding the proposed models.
Through a series of validations on Epinions and Douban data
sets, authors could prove that TrustPMF model gave a better
recommendation than the collaborative filtering approaches.
Limitation of the approach is that the model works well only
with trust information in binary form.

Faridani et al. [9], stated that reliable neighbors of the
currently active user are combined to complement and denote
the options for the active user. The importance of each user to
provide recommendation is decided by differentiating different
users. Similar users are aggregated based on their weighted
importance. Predictions are calculated by finding the average
of the ratings given by similar users. The disadvantage is that
the model works only on explicit trust. Privacy constraints
restrict the users to share the information. The model may be
modified for implied trust.

Dou et al. [10], discussed user based collaborative filtering
and item based collaborative filtering. Pearson based similarity,
cosine based similarity and revised cosine based similarity
were discussed in the paper. The challenges like new user
or new item referred as cold start problem, sparsity problem,
the weights of different items and the best neighbor finding
cost are addressed. For the new user problem, the solution
provided was getting information from the login profile of the
user account. If the profile of the user is not available, user
details may be retrieved indirectly through the histories of blog

and browser. The drawback is that as a precondition, access
privacy of user has to be ensured.

Yang et al. [11], proposed a model that combined the
viewpoints(opinion) and preferences on various aspects for the
general rating prediction. Data sparsity is removed by aspect
weights, which are obtained by Tensor Factorization Method.
Tensor is computed by the overall general ratings and the
weighted aspect ratings.

In the survey paper by Yang et al. [11], two ways are
provided to deal with sparsity-1)By making use of filling and
dimension reduction approach. The filling method places a
default value as the value of the unrated item. But this method
has a low reliability. Another way of the filling method is to
put the blanks with the similarity of users and items. Machine
learning approaches like neural network [12], bayes method
[13] are also used for filling the matrix.2)By increasing the
accuracy and efficiency without altering the sparsity of the
matrix by using singular value decomposition [14] and by
using clustering algorithms.

In the review paper, Isinkaye et al. [2], discussed the
three phases of recommendation process-Information gather-
ing phase, Learning phase, and Recommendation phase. The
paper reviewed various recommendation techniques and the
metrics for evaluating the performance of recommendation
algorithms. The paper also exposed various features and capa-
bilities of forecasting techniques in recommendation systems.

Wang et al. [15], proposed that when the hierarchy is
assimilated in the user preference as well as in items the
capability of the recommender system is improved. But gen-
erally hierarchical structures are not specifically and clearly
available. A framework is proposed which looks into the in-
ferred hierarchies of items and user preferences. The proposed
framework acquires implicit hierarchical structures when they
are not available readily and combines with the available
explicit frameworks for the recommendation. The framework
used weighted non-negative matrix factorization to get the user
preferences. Incorporating pervasive social media data is a
challenge for this method.

For improving the performance of recommendation system,
Cai et al. [16], proposed that customer/users neighbors are
clustered.ie in user groups, instead of similarly rated things,
typical users who rate the similar things are found by making
use of the fuzzy method. Accuracy is determined by using
Mean Absolute error.

Limitation of this approach is the additional prototype
building using clustering, to group the customers depending
on the typicality.

A hybrid recommendation system was proposed by Wang, et
al. [17], by making use of model based collaborative filtering.
The model takes care of sparsity problem and high dimen-
sionality problem. To enhance the correctness and precision
for the recommendation of movies, the authors developed an
enhanced k-means clustering based hybrid model. Off and
online modules are combined to get the right recommendation
for the movie.



The offline part includes dimensionality reduction with
principal component analysis and applying k-means combined
with genetic algorithms. Users having similar preferences are
grouped into the same cluster by the PCA-GAKM framework.
Once the user set is identified, in the online phase, by making
use of the TOP N recommendation list, movies of interest
are extracted from cluster neighborhood rather than searching
the complete userspace. K-means involves arbitrary selection
of initial seeds and the final result may fall to local optima.
To overcome this, the authors themselves combined genetic
algorithm to k-means clustering.

V. PROPOSED SYSTEM

Gray sheep, sparsity, shilling attacks, synonymy, protection
of privacy etc. are concerns in the existing algorithms [7]
[18].Machine learning accord a crucial role in recommender
systems.
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Fig. 1. Architecture of Proposed System.

Proposed recommendation system combines content and
collaborative based techniques. The accuracy of the recom-
mendation will be higher in hybrid systems. The integration of
content based and collaborative filtering results in an increase

in knowledge of the domain, which results in the improved
recommendation.

The proposed method has two elements.one-predictions are
made by recognizing similarities among rating profiles by
making use of the collaborative technique. The second compo-
nent utilizes semantic knowledge regarding the movie features,
makes use of latent semantic analysis and recommends the
movies that are semantically identical to user preferences.
The paper proposes Wilcoxon signed rank test for classifier
comparison.

The approach uses adaptive coding suggested by Pelckmann
[14]. Movie recommendation is considered for examining the
relevance of adaptive coding for the recommendation Step-1
For each user q in the system, p is the rating vector of the
user, such that pg=rq, i , user q rated item i with r.

Step-2 Related to an active user, weight all users based on
similarity. Among the rating vectors, the Pearson correlation
is used to find similarity between users.

Step-3 N users with the highest resemblance with the active
user are selected to form the neighborhood.

Step-4 From the selected neighbors calculate prediction
based on weight.

Pearson correlation coefficient used to compute similarity,
defined below:

Z?Zl(rx,i * _g) * (Tuyi * _E)

Pou= = - i — ey
v Yo (ray i —Tx)2 % 30 (P, ik —Ty)?
where
Ty 2
is the item i rating given by user x ,
Tx 3)
is the user xs mean rating, n is the total number of items.
Predictions are computed by
Pm7i:rm+zum:1g’;m7i_§)*Pm7u (4)
Zuzl Pam u
where m is the number of users in the neighborhood,
refers to the item is prediction of the active user and
Px,u) (6)

is the similarity between user x and u.

VI. OPEN ISSUES

Recommendation Systems provides an adequate opening for
researchers, where they can look over in various orientations
depending upon the necessity.

Recommendation Systems should intelligently handle user
data privacy-preserving mechanisms so that user data is not
accessed maliciously [9].

Nowadays cloud-based, parallel systems are available for a
variety of applications. Under this scenario recommendation



applications on big data, using parallel environment is required
[19].

Users require recommendations as they do not have suffi-
cient acquaintance with a particular item to make the judg-
ment. The system should ideally persuade users to purchase
new items, to listen or watch new songs or movies etc.
This depends only on how the specific intercommunication
between human-computer is backed by the system when the
items are correlated and made clear. As the user is directed
towards new inexperienced items, the system must provide
recommendations with pictures and there must be some means
to improve recommendations. Support for user control through
an interactive user interface and handles are expected [20].

VII. DISCUSSION

TrustPMF framework proposed by Yang et al. [8], carried
out a recommendation in a remarkably better manner as
compared with the general other collaboration filtering tech-
niques. The framework appreciably addressed the cold start
problem with limited ratings. The framework incorporated
Trust in giving Recommendation by understanding the fact
that trust between users will affect each other in providing
a recommendation. Experiments worked out on Epinion and
Douban dataset are listed below.

TABLE I
PERFORMANCE EVALUATION METRICS ON EPINIONS DATASET [8]
Metrics Social Rec- | RSTE
Considered ommendation Method | TrustPMF | Metrics for
Method [21] [22]
Users with
Recall 0.40 0.25 0.68 cold start
— Users with
Precision 0.44 0.28 0.71 cold start
] Every
Recall 0.60 0.42 0.61 User(All)
— Every
Precision 0.67 0.51 0.78 User(All)
TABLE III
PERFORMANCE EVALUATION METRICS ON EPINIONS DATASET [8]
Metrics Social Rec- | RSTE
Considered ommendation Method | TrustPMF | Metrics for
: Method [21] [22]
Users with
Recall 0.77 0.54 0.80 cold start
» Users with
Precision 0.77 0.56 0.80 cold start
Every
Recall 0.85 0.68 0.86 User(All)
— Every
Precision 0.79 0.68 0.79 User(All)

Experiments conducted on the framework proposed by
Faridani et al. [9], showed noteworthy improvements in the
correctness of recommendations. The method combined trust,
resemblance or similarity to achieve recommendation. The
method relied on explicit trust. Yang et al. [11], experimented

with their framework on two data sets-hotel and movie. The
experiments revealed that the Tensor factorization outshined
the matrix factorization and the correctness in prediction is
improved by weights.

Experiments performed on the openly available Douban,
MovieLens100K, MovieLens1M and Ciao datasets through the
model proposed by Wang et al. [15], showed the significance
of explicit and implicit data structures in boosting the perfor-
mance of recommendation. Root mean square error is used to
assess the performance for predicting the ratings.

In the TyCo framework proposed by Cai et al. [16] , the
authors have not mentioned the use of parallel computing to
speed up the recommendation process while dealing with large
datasets.

VIII. CONCLUSION

Much research has been done on recommendation systems
in the recent past. A wide range of techniques including
machine learning, information extraction etc. have been used
for comparison in content based and collaborative filtering.
Many real time business applications demand more features
or characteristics for considering the recommendation. Rec-
ommendation Systems for variegated applications requires that
various techniques mentioned needs to be combined.
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