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ABSTRACT

The modern web platforms dealing with large number of items are using recommender systems 
to suggest automatically new interesting items to users and, hence, to keep them using the platform. 
From the users’ perspective, recommender systems help them to handle information. In this paper, a 
Framework for Cloud Based Hybrid Recommender System (FCHRS) for Big Data Mining is proposed 
and methods and algorithms that are used in the framework are discussed. It is based on the Iterative 
collaborative filtering, which traditionally is the most used approach, and on the Sentiment Analysis 
(known as opinion mining) as well. It refers to the use of natural language processing, text analysis and 
computational linguistics to identify and to extract subjective information from source materials. Thus it 
becomes essential for the enterprise to mine social media data (big data) to make recommendations. The 
combination of results of two algorithms provides more useful business intelligence. This combination 
is new and unexplored area of research. 
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INTRODUCTION

Enterprises in the real world can mine such 
data to gain comprehensive and actionable 
knowledge. This process is known as big data 
analytics or big data mining [1]. Big Data Mining 
refers to the activity of going through big datasets 
to look for relevant information.  Big Data mining 
is the capability of extracting useful information 
from these large datasets or streams of data. The 

extracted knowledge is very useful and the mined 
knowledge is the representation of different 
types of patterns and each pattern corresponds 
to knowledge [11]. Big Data analysis is one of 
the most important issues in data mining research 
nowadays. Big Data becomes greatly important 
when high calculations have to be processed or 
the amount of data is greater than the capacity of 
the system. There are three features of big data: 
volume, velocity and variety. Volume indicates 
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the amount of data that needs to be processed. 
Could it be moved to zeta bytes? Velocity refers 
to the speed at which data can be processed with 
minimal error rate. Variety aims to all types of 
data for example unstructured, semi structured 
and structured data. Facebook and Twitter logs, 
text files, word documents, etc., are raw form data 
called unstructured data.  

Large user feedback data is being produced 
every day in various areas such as movies, 
food, electronic, etc. The amount of user data 
is increasing dramatically due to the growth 
of e-commerce websites. At this point it raises 
the importance of topics like how can be stored 
and how to understand all these data. Big data 
is one of the best solutions of storing these data 
and has motivated the interest of recommenda-
tion systems to understand the data. Reviews 
have become a very effective way for people to 
share expectations of a product or services, to 
express their opinions, to support their products 
or even to educate each other’s by publishing 
textual data. The meaningful and useful infor-
mation obtained from user reviews by sentiment 
analysis can be used to improve recommender 
systems. Researchers have argued that recom-
mendation systems could be very beneficial. By 
explaining why a product is recommended, it 
helps users to make better and faster decisions, 
and help users to buy or enjoy. The most com-
mon way of recommendation is collaborative 
filtering (CF) methods to generate user specific 
recommendation of an item based on patterns of 
ratings or usage without need for outside infor-
mation about both item and user [2]. The growth 
of e-commerce sites and online businesses are 
enhancing the requirements of a robust recom-
mendation system [3]. Recommender systems 
are now pervasive in consumers’ lives. They aim 
to help users in finding items that they would 
like to buy or consider based on huge amounts 
of data collected. Amazon, Facebook, LinkedIn, 
and other commercial and social networking 
websites use these systems [4].

CLOUD COMPUTING

In the present day software era the ever grow-
ing data demands elastically scalable data centers 
which can be conveniently accessible with high 
quality in a secure way. This demand led to cloud 
computing as one of the emerging technologies 
of today. Cloud computing releases computer ser-
vices, computer software, and data storage away 
from locally hosted infrastructure and into cloud-
based solutions. The ability of the cloud services 
to provide apparently an unlimited supply of 
computing power on demand to users has caught 
the attention of industry as well as academia. In 
the past couple of years software providers have 
been moving more and more applications to the 
cloud. Several big companies such as Amazon, 
Google, Microsoft, Yahoo, and IBM are using the 
cloud. Today, forward-thinking business leaders 
are using the cloud within their enterprise data 
centers to take advantage of the best practices that 
cloud computing has established, namely scal-
ability, agility, automation, and resource sharing. 
By using a cloud-enabled application platform, 
companies can choose a hybrid approach to 
cloud computing that an organization‘s exist-
ing infrastructure to launch new cloud-enabled 
applications. This hybrid approach allows IT 
departments to focus on innovation for the busi-
ness, reducing both capital and operational costs 
and automating the management of complex 
technologies. Cloud services claim to provide 
nearly everything needed to run a project without 
owning any IT infrastructure. From e-mail, Web 
hosting to fully managed applications resources 
can be provided on–demand. This helps to reduce 
development cost and hardware cost [5].

RECOMMENDATION SYSTEM

Recommendation is a suggestion that can help 
in making good decisions faster. Recommenda-
tion system provides the facility to understand a 
person’s taste and find new, desirable content for 
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them automatically. Although people’s tastes vary, 
they do follow patterns. People tend to like things 
that are similar to other things they like as well as 
other similar behaviour person likes. In fact these 
are the two broadcast categories of recommender 
engine algorithms: user-based and item-based rec-
ommenders. These recommendations are based on 
two filtering techniques namely collaborative and 
content-based filtering techniques. Collaborative 
filtering produces recommendations based on, and 
only based on, knowledge of users relationship 
with items, product and services. These techniques 
require no knowledge of properties of items and 
characteristics. Content-based recommendations 
are based on attributes of items. Here suggestions 
are based on the content related to items and their 
aspects. One more approach has become more 
popular where both the filtering techniques can 
be applied on different levels of recommendation 
system, called hybrid filtering technique [3].

Hybrid Recommender System
It is natural to consider combining several dif-

ferent recommender algorithms into a hybrid rec-
ommender system. In some applications, hybrids 
of various types have been found to outperform 
individual algorithms. Hybrids can be particularly 
beneficial when the algorithms involved cover 
different use cases or different aspects of the data 
set. For example, item-item collaborative filter-
ing suffers when no one has rated an item yet, 
but content-based approaches do not. A hybrid 
recommender could use description text similarity 
to match the new item with existing items based on 
metadata, allowing it to be recommended anyway, 
and increase the influence of collaborative filter-
ing as users rate the item; similarly, users can be 
defined by the content of the items they like as 
well as the items themselves [6].

Examples of Recommendation Engines
LinkedIn, the business-oriented social net-

working site, forms recommendations for people 
you might know, jobs you might like, groups you 

might want to follow, or companies you might be 
interested in. LinkedIn uses Apache Hadoop to 
build its specialized collaborative-filtering capa-
bilities.  Amazon, the popular e-commerce site, 
uses content-based recommendation. When you 
select an item to purchase, Amazon recommends 
other items other users purchased based on that 
original item. Amazon patented this behaviour, 
called item-to-item collaborative filtering. Hulu, 
a streaming-video website, uses a recommenda-
tion engine to identify content that might be of 
interest to users. It also uses (offline) item-based 
collaborative filtering with Hadoop to scale the 
processing of massive amounts of data. Details of 
Hulu’s online and offline ItemCF architecture are 
publicly available. Netflix, the video rental and 
streaming service, is a famous example. In 2006, 
Netflix held a competition to improve its recom-
mendation system, Cinematch. In 2009, three 
teams combined to build an ensemble of 107 rec-
ommendation algorithms that resulted in a single 
prediction. This ensemble proved to be the key to 
improving predictive accuracy, and the combined 
team won the prize. Other sites that incorporate rec-
ommendation engines include Facebook, Twitter, 
Google, MySpace, Last.fm, Del.icio.us, Pandora, 
Goodreads,  and your favorite online news site. 
Use of a recommendation engine is becoming a 
standard element of a modern web presence [15]. 

PROPOSED SYSTEM
There are scores of users purchasing online. 

You are one of them. When you try to choose 
some category of products, the system can 
mine big data pertaining to other users (cross of 
other users who chose such product earlier) and 
give valuable recommendations, e.g. when you 
enter into a big shop to purchase clothes. You 
inform the sales person for your requirements. 
Immediately he/she recommended best one that 
you wanted. You are happy and purchase items 
without wasting time. 

In this paper, a Framework for Cloud Based 
Hybrid Recommender System (FCHRS) for Big 
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Data Mining (the large amount data) is proposed. 
It is available on the web in the form of ratings, 
reviews, opinions, complain, remarks, feedback, 
and comments about any item (product, event, 
individual and services). Fig. 1 shows architec-
ture for Big Data Mining for Generating Recom-
mendations.

Our framework takes big data as input. Our 
recommender system employs one or more 
recommendations algorithms to generate recom-
mendations. The recommendations are based on 
different kinds like: Based on place or price or 
range or offers or popularity or any other attribute.  
Two algorithms for generating recommendations 
are used: First, a novel iterative collaborative 
filtering algorithm on big data for generating rec-
ommendations (generally made from relational 
data); and second, a novel sentiment analysis 

algorithm is used to generate recommendations 
from big data.

This is generally made from textual data. The 
first algorithm may work on the enterprise’s his-
torical data. These data are in the form of tables 
(structured). But the second algorithm might use 
social media data related to an enterprise (big 
data) which is unstructured.  

An enterprise has data in data warehouse 
and can gain business intelligence and provide 
recommendations. But the company wants to get 
knowledge on customer behaviour on its products 
and services from social media where people 
have opinions. Thus it becomes essential for the 
enterprise to mine social media data (big data) 
to make recommendations. The combination of 
results of two algorithms provides more useful 
business intelligence. This combination is the 
new and unexplored area of research. It will be 
more useful for adding big value to enterprises.

 
Iterative Collaborative Filtering Algorithm
In this section the iterative collaborative 

filtering is presented. Collaborative filtering ap-
proaches build a model from a user’s past behav-
iour (items previously purchased or selected and/
or numerical ratings given to those items) as well 
as similar decisions made by other users; then 
thit model is used to predict items (or Ratings 
for items) that the user may be interested in [3]. 

Collaborative filtering methods analyze large 
amount of information about preferences of us-
ers and predict preferences of similar users for 
recommending items. In collaborative filtering 
method an accurate prediction of preferences of 
a user and recommendation of items is possible 
without any need for detailed analysis of item 
features. A basic assumption in collaborative 
filtering is that users would like similar kinds of 
items as they have liked in past. Collaborative 
filtering methods suffer from issues like - cold 
start, scalability and sparsity [9].

The pseudo-code is shown in Algorithm 1. 
Note that no need to do the rough estimate up-

Fig. 1. Overview of Proposed Architecture for Big 
Data Mining for Generating Recommendations.
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date every time when ru0, i0 for a specific u0 and 
i0 are estimated. In fact, for multiple estimations 
in each iteration, it needs to go through this step 
only once. Therefore this process significantly 
improves the efficiency of the algorithm [7]. 

Algorithm 1 Iterative Collaborative Filtering
Given m users 𝑢𝑢1,……,𝑢𝑢𝑚𝑚   and n items 𝑖𝑖1,….,𝑖𝑖𝑛𝑛 ; ;
Given sparse rating matrix 𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚 in  in which  𝑟𝑟𝑢𝑢 ,𝑖𝑖  

denotes the rating of item i by user u. 
Goal: Estimate 𝒓𝒓𝒖𝒖𝒖𝒖,𝒊𝒊𝒊𝒊  for specific 𝒖𝒖𝟎𝟎  and 𝒊𝒊𝟎𝟎 
while  �𝑟̂𝑟𝑢𝑢0,𝑖𝑖0  

𝑛𝑛𝑛𝑛𝑛𝑛 −  𝑟̂𝑟𝑢𝑢0,𝑖𝑖0
𝑜𝑜𝑜𝑜𝑜𝑜 � ≥ 0.01 do  do

Calculate 𝑟̅𝑟𝑢𝑢 = 
∑ 𝑟𝑟𝑢𝑢 ,𝑖𝑖𝑖𝑖∈𝐼𝐼𝑢𝑢  

|𝐼𝐼𝑢𝑢 |
 ∀𝑢𝑢 ∈ 𝑈𝑈  

Calculate

 

𝑠𝑠𝑢𝑢 ,𝑣𝑣 =  
∑ �𝑟𝑟𝑢𝑢 ,𝑖𝑖 −  𝑟̅𝑟𝑢𝑢�𝑖𝑖∈𝐼𝐼𝑢𝑢𝑢𝑢 �𝑟𝑟𝑣𝑣,𝑖𝑖 −  𝑟̅𝑟𝑣𝑣�

�∑ �𝑟𝑟𝑢𝑢 ,𝑖𝑖 −  𝑟̅𝑟𝑢𝑢�
2

𝑖𝑖∈𝐼𝐼𝑢𝑢𝑢𝑢   �∑ �𝑟𝑟𝑣𝑣,𝑖𝑖 −  𝑟̅𝑟𝑣𝑣�
2

𝑖𝑖∈𝐼𝐼𝑢𝑢𝑢𝑢

 

 
 ∀(𝑢𝑢, 𝑣𝑣) ∈ 𝑈𝑈𝑈𝑈𝑈𝑈 𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 |𝐼𝐼𝑢𝑢𝑢𝑢 |  > 𝑀𝑀, 𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒. 

for u= 𝑢𝑢1 ,…….., 𝑢𝑢𝑚𝑚  do 

𝒅𝒅𝒖𝒖 =Number of available ratings on specific user u 

end for 

 for i = 𝑖𝑖1,……… , 𝑖𝑖𝑛𝑛  do 

𝒄𝒄𝒊𝒊 = Number of available ratings on specific item i  

end for 

𝛾𝛾 = 3(𝑚𝑚+𝑛𝑛−1)
𝑚𝑚  𝑥𝑥  𝑛𝑛

 ∑ 𝑑𝑑𝑢𝑢𝑢𝑢∈𝑈𝑈   

for u= 𝑢𝑢1 ,…….., 𝑢𝑢𝑚𝑚  do 

     for i = 𝑖𝑖1,……… , 𝑖𝑖𝑛𝑛  do 

           if 𝑑𝑑𝑢𝑢  +  𝑐𝑐𝑖𝑖  > 𝛾𝛾 and 𝑟𝑟𝑢𝑢 ,𝑖𝑖   is missing then  

Estimate 𝑟𝑟𝑢𝑢 ,𝑖𝑖 = 𝑟̅𝑟𝑢𝑢  +
∑ 𝑠𝑠𝑢𝑢 ,𝑣𝑣 (𝑟𝑟𝑣𝑣,𝑖𝑖− 𝑟𝑟�𝑣𝑣)𝑣𝑣∈𝑈𝑈

∑ �𝑠𝑠𝑢𝑢 ,𝑣𝑣�𝑣𝑣∈𝑈𝑈  
; 

          end if 

      end for 

   end for 

 𝑟̂𝑟𝑢𝑢0,𝑖𝑖0 =  𝑟̅𝑟𝑢𝑢0+ 
∑ 𝑠𝑠𝑢𝑢0,𝑢𝑢  (𝑟𝑟𝑢𝑢 ,𝑖𝑖0 − 𝑟𝑟�𝑢𝑢 )𝑢𝑢∈𝑈𝑈

∑ �𝑠𝑠𝑢𝑢0,𝑢𝑢 �𝑢𝑢∈𝑈𝑈  
 

end while 

return 𝑟̂𝑟𝑢𝑢0,𝑖𝑖0 

Sentiment Analysis Algorithm
Sentiment Analysis, also known as opinion 

mining, is a powerful tool you can use to build 
smarter products. It is a natural language process-
ing algorithm that gives you a general idea about 
the positive, neutral, and negative sentiment of 
texts. Social media monitoring applications and 
companies all rely on sentiment analysis and ma-
chine learning to assist them in gaining insights 
about mentions, brands, and products [12].  

Sentiment Analysis is refers to the use of natu-
ral language processing, text analysis and com-
putational linguistics to identify and an extract 
subjective information in source materials. Also, 
this algorithm takes an input string and assigns 
a sentiment rating in the range [-1 to 1]  (very 
negative to very positive) [13]. The internet is 
a resourceful place with respect to sentiment 
information. From a user’s perspective, people 
are able to post their own content through vari-
ous social media, such as forums, micro-blogs, 
or online social networking sites [8]. 

Example: Sentiment Analysis Using MapRe-
duce Custom Counters: MapReduce jobs report 
results using a wide array of built-in counters. 
You can add your own counters and analyze the 
results in your applications. One use for custom 
counters is the sentiment analysis. To perform 
a basic sentiment analysis, you count up the 
positive words and negative words in a data set. 
Divide the difference by the sum to calculate an 
overall sentiment score [14].

Sentiment = (positive - negative) / (postitive 
+ negative)

BIG DATA PLATFORM

Hadoop
Hadoop is an open-source Java framework 

for large-scale data processing and querying vast 
amount of data across clusters of computers. It is 
an Apache project initiated and led by Yahoo. It 
is mostly inspired by Google’s MapReduce and 
GFS (Google File System). Hadoop is immensely 
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used by big companies like Yahoo, Facebook, 
Microsoft, and Amazon [1]. Hadoop is a large 
scale distributed batch processing infrastruc-
ture. It allows for the distributed calculation of 
large data sets called big data through clusters 
of computers using Map Reduce and HDFS file 
system. Hadoop can be used with data mining 
applications also recommendation algorithms 
by Mahout Apache project. The whole dataset 
is then transferred to the Hadoop File System 
and it uses a recommendation algorithm over 
frameworks [2].

Hadoop Distributed File System
Hadoop comes with a distributed file system 

called HDFS (Hadoop Distributed File system). 
HDFS is highly fault-tolerant and is designed to 
be deployed on low-cost hardware. HDFS pro-
vides high throughput access to application data 
and is suitable for applications that have large 
data sets. The Hadoop file system is designed 
for storing petabytes of a file with streaming data 
access using the idea that most efficient data pro-
cessing pattern is a write-once, read many-times 
pattern. HDFS stores metadata on a dedicated 
server, called NameNode. Application data are 
stored on other servers called DataNodes. All 
the servers are fully connected and communicate 
with each other using TCP-based protocols [5].

Map Reduce
MapReduce is a programming model and 

software framework first developed by Google 
(Google’s Map Reduce paper submitted in 2004). 
Map Reduce facilitates and simplifies the pro-
cessing of big amounts of data in parallel on large 
scale clusters of commodity hardware in a robust, 
reliable and fault-tolerant manner. It can handle 
petabytes of data with thousands of nodes [1].

 
Mahout
Mahout is an open source project to provide 

free implementations of scalable and distributed 
machine learning algorithms in the areas of col-

laborative filtering, clustering and classification. 
It provides both non-distributed and distributed 
(Map-Reduce) algorithms for recommendation 
[9]. Map-reduce is a powerful technique for 
numerical computation and especially when you 
have to compute large data sets on Hadoop. The 
numerical computation is foundation of algo-
rithms used to recommend.  Cloudera Platform 
combines Hadoop framework and Mahout (al-
gorithms) [15]. Mahout’s recommenders expect 
interactions between users and items as input. The 
easiest way to supply such data to Mahout is in the 
form of a text file, where every line has the format 
userID, itemID, value. Here userID and itemID 
refer to a particular user and a particular item, 
and value denotes the strength of the interaction 
(e.g. the rating given to a movie) [16]. 

GOALS OF RECOMMENDER SYSTEMS

Before discussing the goals of recommender 
systems, the various ways in which the recom-
mendation problem may be formulated are intro-
duced. The two primary models are as follows: 

• Prediction version of problem
The first approach is to predict the rating 

value for a user-item combination. It is assumed 
that training data is available, indicating user 
preferences for items. For m users and n items, 
this corresponds to an incomplete m × n matrix, 
where the specified (or observed) values are used 
for training. The missing (or unobserved) values 
are predicted using this training model. This prob-
lem is also referred to as the matrix completion 
problem because of incompletely specified matrix 
of values, and the remaining values are predicted 
by the learning algorithm. 

• Ranking version of problem
In practice, it is not necessary to predict the 

ratings of users for specific items in order to make 
recommendations to users. Rather, a merchant 
may wish to recommend the top-k items for a 
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particular user, or determine the top-k users to 
target for a particular item. The determination of 
the top-k items is more common than the deter-
mination of top-k users, although the methods in 
the two cases are exactly analogous. Throughout 
this paper, only the determination of the top-k 
items are discussed, because it is the more com-
mon setting. This problem is also referred to as 
the top-k recommendation problem, and it is 
the ranking formulation of the recommendation 
problem. In the second case, the absolute values 
of the predicted ratings are not important. The 
first formulation is more general, because the 
solutions to the second case can be derived by 
solving the first formulation for various user-item 
combinations and then ranking the predictions. 
However, in many cases, it is easier and more 
natural to design methods for solving the ranking 
version of the problem directly. 

In order to achieve the broader business-
centric goal of increasing revenue, the common 
operational and technical goals of recommender 
systems are as follows:

Relevance: The most obvious operational 
goal of a recommender system is to recommend 
items that are relevant to the user at hand. Us-
ers are more likely to consume items they find 
interesting. Although relevance is the primary 
operational goal of a recommender system, it 
is not sufficient in isolation. Therefore, several 
secondary goals are discussed below, which are 
not quite as important as relevance but are nev-
ertheless important enough to have a significant 
impact. 

Novelty: Recommender systems are truly 
helpful when the recommended item is some- 
thing that the user has not seen in the past. For 
example, popular movies of a preferred genre 
would rarely be novel to the user. Repeated rec-
ommendation of popular items can also lead to 
reduction in sales diversity. 

Serendipity: A related notion is that of ser-
endipity, wherein the items recommended are 
somewhat unexpected, and therefore there is a 

modest element of lucky discovery, as opposed 
to obvious recommendations. Serendipity is dif-
ferent from novelty in that the recommendations 
are truly surprising to the user, rather than simply 
something they did not know about before. It may 
often be the case that a particular user may only 
be consuming items of a specific type, although 
a latent interest in items of other types may exist 
which the user might themselves find surprising. 
Unlike novelty, serendipitous methods focus on 
discovering such recommendations. 

Increasing recommendation diversity: Rec-
ommender systems typically suggest a list of 
top-k items. When all these recommended items 
are very similar, it increases the risk that the user 
might not like any of these items. On the other 
hand, when the recommended list contains items 
of different types, there is a greater chance that 
the user might like at least one of these items. 
Diversity has the benefit of ensuring that the user 
does not get bored by repeated recommendation 
of similar items [10]. 

CONCLUSIONS

Recommendation is a suggestion that can help 
in making good decisions faster. It will help cus-
tomers and businesses to close transactions faster. 
As you know by now, recommender systems take 
data collected on existing user behaviours, and 
use it to determine what users might also like. 
By using past behaviour of a large number of 
people, the taste preferences of an individual or 
community can be predicted. Recommendation 
engines are value drivers for Big Data applica-
tions. Although hybrid recommender systems 
have matured as a research area there are still 
issues related to their accuracy. On the other 
hand people want to use an intelligent system 
to assist them in the decision making process in 
various online environments such as university 
and commerce domains among others [17, 18]. 
Furthermore, a recommender system needs to 
supply as accurate recommendations as possible, 
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since its job is to substitute a human expert in a 
particular area. Thus, a Framework for Cloud 
Based Hybrid Recommender System (FCHRS) 
for Big Data Mining is propossed. 

Finally the recommender systems are highly 
applicable, and in real world situations, different 
approaches are combined to form a hybrid rec-
ommender system for better results. In addition, 
the combination of results of two algorithms 
provides more useful business intelligence. This 
combination is the new and unexplored area of 
research. It will be more useful for adding big 
value to enterprises. 
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