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Abstract: Product selection has been made more complex and tedious due to the huge number of selections available online. Personalized 
recommendations can effectively solve this problem by presenting more related products to users. Such recommendations can enable huge profits for 
organization and less stressful for users. This paper presents an effective model that can handle cold start problem to provide more reliable predictions. 
User and item based collaborative filtering approaches are combined to identify highly related items. These items are then used to train the proposed 
bagged ensemble model to provide the final recommendations. The performance of the proposed model was evaluated through experiments and the 
results obtained were compared with that of the state of art models. The results indicate effective performances in terms of MAE and RMSE. 
 
Index Terms: Recommendation systems; ensemble model; voting; collaborative filtering; user based collaborative filtering; item based collaborative 
filtering 
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1. INTRODUCTION 
Recommendation systems are used mainly for the process of 
information filtering, which in turn aids in predicting items for 
the users. This helps in providing personalized suggestions for 
the users [1]. The increased dependence and usage of e-
commerce has made recommendation systems an 
indispensable feature. Selection fatigue associated with the 
too many products is another main reason for usage of 
recommendation system models. Recommendation systems 
aim to eliminate such issues, making the decision process 
easier for the users. Further, competitions in the e-commerce 
industry has made recommendations a much necessary 
feature for any organizational model. Effective suggestions 
and recommendations not only increase the Quality of Service 
(QoS) for the users, but also increase the Quality of 
Experience (QoE) for the users [2]. Recommendation systems 
can be implicit or explicit. Implicit systems aim to observe the 
user’s behavior and perform predictions based on the 
behavioral nature of the users [3]. The explicit systems 
perform recommendations based on the details of the users. 
Personal and product based details of users are explicitly 
collected and these details are used as the base to train 
models for the recommendation system. Recommendation 
systems can be divided into two major categories; content 
based systems and collaborative systems [4]. The implicit 
systems come under the category of content based systems. 
These systems analyze the movie descriptions to identify the 
movies that are of interest to the users. They are simple 
models, however capturing the current complexities is much 
difficult for such models. Further, these models are static and 
hence are not sensitive to the change in interest of the users. 
The introduction of Web 2.0 has resulted in an enhanced 
model that uses additional details of users to perform 
recommendations. These models are termed as collaborative  

filtering models. They form explicit systems. Collaborative 
filtering models are based on the similarity or the dissimilarity 
metric. However, the model tends to suffer from cold start 
problem [5]. Major applications of recommendation models 
include movie recommendations, music recommendations, 
video recommendations, product recommendations for e-
commerce and several other recommendation models. The 
rest of this paper is structured as follows; section 2 provides 
the related works, section 3 presents the proposed model, 
section 4 presents the results and discusses them and section 
5 concludes the work. 

 
2  RELATED WORKS 
Increase in e-commerce applications has resulted in 
recommendation systems becoming a popular choice for 
organizations and researchers alike. This section deals with 
recent and most prominent contributions in this domain.A data 
clustering based recommendation system model was 
proposed by Katarya et al. [6]. A cuckoo search based K-
Means clustering model has been proposed for the 
recommendation process. This is a collaborative filtering 
based model. Usage of metaheuristic models effectively 
results in faster processing. A Hidden Markov Model (HMM) 
for movie recommendation was proposed by Trabelsi et al. [7]. 
This method is particularly based on movie recommendation. 
Recommendations are provided by modifying the HMM model 
to incorporate user’s rating profiles during the analysis phase. 
A genre correlation based collaborative filtering model was 
proposed by Choi et al. [8]. This is similar to item based 
collaborative filtering approach, where genre details are used 
as the base for the recommendation process. The authors 
have enhanced the model to provide recommendations even 
with profiles containing very low data. Several other methods 
exist to avoid the cold start problem; such as; category 
correlation model by Choi et al. [9], associative retrieval 
techniques by Huang et al. [10] and information diffusion 
approach by Ishikawa et al [11]. A data-sparsity handling 
technique was proposed by Li et al. [12]. This model is based 
on handling two major issues in the recommendation system; 
handling data sparsity and identifying and handling concept 
drift. This method proposes a hybrid algorithm, whichcombines 
movie features and user’s ratings to provide better 
recommendations. It generates a user interest vector, which 
combines the attributes associated with the movies and the 
user’s ratings provided for those movies. The model also 
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identifies the long term and short term interests of the user, 
using which concept drift is handled effectively. Metaheuristics 
is another major model used for implementing a 
recommendation system. A metaheuristics based collaborative 
filtering model was proposed by Chen et al. [13]. This model 
proposes new formulae for calculating the affinity between an 
antigen and an antibody, and also between an antigen and an 
immune network. The model also proposes a Pearson 
correlation based formula for identifying similarity between 
items. A model dealing with user experience based movie 
recommendation was proposed by Lee et al. [14]. The model 
discusses the enhancements that can be achieved by 
incorporating user satisfaction and the intent to use such a 
system. A multiattribute based recommendation system was 
proposed by Son et al. [15]. The model utilizes multiple 
attributes for the recommendation process to effectively 
perform item recommendations to users.In this system items in 
the network are linked based on their similarity levels. This is 
used to formulate the network. Other similar methods include 
distance measure basedmodels by Choi et al. [16], Lops et al. 
[17] and Lew et al. [18]. A computational intelligence based 
collaborative recommendation system was proposed by Wang 
et al. [19]. This is a model based movie recommendation 
system that uses K-Means Clustering model and Genetic 
Algorithm to identify the best recommendations. The model 
also employs PCA as a data reduction technique to reduce the 
data size for faster recommendations. Other similar methods 
include models by Li et al. [20], Kim et al. [21],Kohrs et al. [22] 
and Wei et al. [23]. 
 
3 OUR APPROACH 
Recommendation systems require quality and sufficient base 
data to provide effective predictions. Cold-Start is one of the 
major set-backs faced by recommendation systems. Cold-
Starts occur due to unavailability of sufficient data for the 
recommendation process. This work aims to solve the cold-
start problem by building an enhanced profile of the user.  

 
 

 
 

Figure 1:Architectural view of the proposed model 
 

The profile enhancement is performed by using user based 
collaborative filtering and item based collaborative filtering. 
The enhanced profile is used by the recommendation system 
for the prediction process. This model is best suited and can 
be used to overcome the cold-start problem which occurs for a 
new user and also for a new item. The proposed model is 
composed of four major phases; user based collaborative 
filtering, item based collaborative filtering, training repository 
creation and recommendation. The overall architecture of the 
proposed model is shown in figure 1. 
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3.1. User based Collaborative Filtering 
User based collaborative filtering is the process of 
recommending items based on the user’s personal profile. 
Recommendation systems operate on per-user basis. Items 
are selected based on users similar to the current user.  

 
3.1.1 User Profile based Similar User Identification 
Recommendations are usually based on a single user. User’s 
personal profile is identified and other users similar to the 
current user are shortlisted for the process. Profile analysis 
and attribute selection is performed prior to this process. The 
process of attribute shortlisting is performed by the domain 
expert. Similarities are identified by constructing the 
correlation matrix based on the shortlisted attributes. Users 
with correlation greater than 90% with the current user are 
selected as similar users. 
 
3.1.2 Similar User based Item Selection 
This phase proceeds with identifying most preferred items of 
similar users. Highly rated item for every similar user is 
selected and aggregated to form the secondary profile of the 
current user. Secondary profile comprises the items that have 
not been ranked, but are highly likely to be ranked high by the 
current user. 
 
3.2 Item based Collaborative Filtering 
Item based collaborative filtering is the process of 
recommending items to the user based on their item profile. 
Items highly ranked by the user is used for analysis. Other 
items that are similar to the highly ranked items are 
considered for analysis. This process is also performed on a 
per user basis. The operation is performed in two phases: 
initial item shortlisting and expanded item list creation. 
 
3.2.1 Initial Item Shortlisting 
The initial process is to identify the items that have high 
preference, from the current user. This is performed by 
selecting the items that are provided with highest ratings, by 
the selected user. Rating levels are defined by the domain 
expert and is based on the domain requirements and the size 
of the current user’s profile. In case of a small profile, medium 
to high ratings are considered and in case of users with larger 
profiles, only the high preferences are selected. The selected 
items are labelled as the primary preferences of the current 
user. Hence these terms form the primary profile of the user.  
 
3.2.2 Expanded Item List Creation 
The expanded item list is created by identifying the correlation 
matrix representing the correlation levels of each item with 
every other item. Every item in the primary profile is taken and 
all items that represent high correlation (>90%) with these 
items are selected. This might even result in selection of 
duplicates. Hence distinct items are chosen and added to the 
secondary profile of the user.  
 
3.3      Training Repository Creation 
The secondary profiles created in the process of user based 
collaborative filtering and item based collaborative filtering are 
combined together to form the aggregated secondary profile of 
the user. The aggregated secondary profile, along with the 
primary profile of the user forms the training data repository. 
Training data plays a vital role in defining the performance of a 
classifier. Sufficient and qualitative training data results in an 

effective classifier. The size of the training data is adjusted 
based on the size of the user’s profile. Most of the data are 
accepted in case of user with a smaller profile, while specific 
selections are entertained for a user with a larger profile. 
 
3.4 Voting based Bagged Model (VBM) for 
Recommendation 
Recommendations are performed by the voting based bagging 
model, VBM. This model uses bagging as the major 
operational architecture. Bagging is the process of using 
multiple base learners with varied input data to provide 
multiple predictions. These predictions are finally aggregated 
to provide the final results. The major advantage of using a 
bagging model is that varied data are passed to the multiple 
base learners. Hence every base learner identifies different 
signatures. Hence all types of patterns can be effectively 
identified. The proposed VBM architecture is constructed in 
three major phases; the bag creation phase, the base learner 
training phase and the voting phase.Bag creation is the first 
phase of the process. The proposed model creates multiple 
base learners for the training phase. Every base learner is to 
be provided data for training. The bag creation phase performs 
the process of data selection. Data is selected such that every 
base learner has overlaps with other base learners. This work 
modifies the bag creation process by performing data 
selections independently based on the primary and the 
secondary user profiles. Three bag sets are created. The first 
bag set is created by selecting data only from the primary 
profile. The second bag set is created by selecting data only 
from the secondary profile. The final set is created by selecting 
equal parts of data from the primary and the secondary 
profiles. The final set contains mixed data. Every set can 
contain multiple bags. This depends on the bag size and the 
data size. The next phase is the process of creating the base 
learner for training. This work treats the recommendation 
system as a one class classification model. Predictions are 
usually performed on a large number of items. It becomes 
computationally less intensive when movies are selected 
directly, rather than filtering after rating. Since training data is 
composed only of the movies with high ratings, all training 
data correspond to one class only. Hence one-class SVM is 
used as the base learner for the prediction process. Multiple 
instances of the one-class SVM model is created. The number 
of instances depends on the number of bags created in the 
previous phase. Each created bag is provided to a single base 
learner and the training process is performed. The training 
process results in creation of rules that corresponds to the 
highest rated items. All the items that are not contained in the 
primary profile are used for the prediction process. Each of the 
item is passed to all the base learners and the predictions are 
performed. Every base learner provides its own predictions. 
Multiple predictions are generated for each item. Hence voting 
is used to combine the generated predictions to a single final 
prediction. The highest voted class for each instance is 
identified as the final prediction. Items that are classified as 
positive are passed as recommendation to the user.  

 
4.   RESULTS AND DISCUSSION 
Experiments were performed by implementing the proposed 
architecture using Python. Movie Lens dataset is used as the 
base for the recommendation process. Comparisons were 
performed with weighted strategy based model (SW I, MLR 
and CM II) proposed by Fremal et al. [24] and K-Means 
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Cuckoo Search based model proposed by Katarya et al. [25]. 
Comparisons were based on Mean Absolute Error (MAE) and 
Root Mean-Squared Error (RMSE) values. A comparison of 
the MAE values in shown in figure2. It could be observed that 
the proposed VBM model exhibits MAE levels of ~0.7. The 
lowest MAE is exhibited by the K Means Cuckoo model, 
followed by the proposed VBM model and then by SW I, MLR 
and CM II. Although the proposed model does not exhibit the 
best MAE values, variation level when compared with the best 
performer was observed to be very low.  

 

 
 

Figure2: Comparison of MAE levels of the VBM Model 
 

A comparison of the RMSE levels is shown in figure3. It 
could be observed that the proposed VBM model exhibits 
the lowest RMSE levels when compared with the existing 
models. Further, the RMSE variations were also observed 
to be quite high, hence making the proposed model an 
effective model for the process of recommendatio 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: Comparison of RMSE levels of the VBM Model 
 

A tabulated view of the results is shown in table 1. The best 
results are shown in bold. It could be observed that the 
proposed model exhibits the best RMSE levels. Although the 
MAE levels were found to be slightly higher, the very low 
RMSE levels indicate effective performances. 

 
 
 
 
 
 
 

Table 1: Performance Analysis of VBM in Terms of MAE 
and RMSE 

 
4. CONCLUSION 
Recommendations system plays a vital role in today’s 
competitive industry. This work presents an effective model 
that can be applied to any customer based organization for 
providing item recommendations. Bagging based model is 
used for the prediction process. This effectively enables 
identification of varied decision criterion. Experiments indicate 
that the proposed model exhibits effective results in terms of 
MAE and RMSE. The major advantage of the proposed VBE 
model is that the training data can be limited according to the 
computational capacity. This results in low training time and 
also reduces the complexity levels to a large extent. Further, 
the predicted results correspond to highly associated items, 
hence rating based filtering is not necessary. Although the 
RMSE levels are low, MAE levels were found to be slightly 
higher. Future enhancements will be directed towards 
reducing the MAE levels.  
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