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Abstract
The speed at which data is generated has accelerated over the years and is predicted 

to grow exponentially in the future. It is preferable to pique the user’s interest by building 
a user profile, then filter the products based on their preferences. User profiling becomes 
necessary as it enables the system to understand the user’s tastes and likes from voluminous 
data. To build a scalable system, this paper proposes MRBUP which focuses on creating 
scalable user profile by using the model of MapReduce. Users in a recommender system 
interacts with products, which are humungous in nature. To build user profile, MRBUP 
practices term frequency-inverse document frequency technique. For experimental analysis, 
this work uses the Amazon Product Reviews dataset which defines product reviews given 
by users to different products in the catalog. MRBUP utilizes the product reviews given by 
the user to the products which are in pure textual form to generate user profile. MRBUP is 
executed on a Hadoop cluster of varying size and computational time is observed. Scalability 
MRBUP is evaluated using the usual metric of Speedup factor.
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1.  Introduction

Users have been exposed to a vast amount of data since the Internet’s 
inception. Users can now navigate through this enormous pool of data 
with ease due to tailored solutions, which are in high demand courtesy, 
data explosion. Identifying the user’s interests is the biggest problem these 
tailored systems have to deal with. The process then entails identifying the 
user, removing any unnecessary information, and displaying the 
information that interests the user in a Recommender System (RS).

This work presents the first step in building any recommender system 
which is identifying the user’s interest from humungous data. A user 
profile captures the users’s interest in the form of feedbacks (both explicit 
and implicit) given by the user to the products. It is detailed information 
about his/her likes and tastes. For our proposed approach, MRBUP, we 
have exploited the product reviews given by the user to build a user 
profile. Various techniques of building user profiles exists in literature 
based on the application area [1]. In MRBUP, Term Frequency-Inverse 
Document Frequency (TF-IDF) is used to generate user profile. Scalability 
of the system is ensured by implementing TF-IDF using MapReduce 
programming on Apache Hadoop [2] [3] [4].

The entire work is structured into different sections. Section 2 presents 
the literature which led to the emergence of the proposed scalable 
technique. A detailed methodology of the proposed approach, MRBUP is 
presented in section 3. Section 4 presents the experimental analysis of 
MRBUP. It gives an insight of the dataset used to evaluate the proposed 
approach, the results and the analysis of the same. Section 5 concludes the 
paper and presents the direction for future work.

2.  Related Work 

The concept of user profiling becomes critical in a recommendation 
scenario data is in enormous volume. This section presents the 
contemporary state of literature relevant to our work. 

A user profile is an essential part of a recommender system that 
records a specific user’s preferences, actions, and traits. In essence, it 
functions as a digital representation of the user’s demographic data, 
historical interactions, and interests. User-provided explicit feedback 
(ratings, reviews) [5], implicit feedback (click-through rates, past 
purchases), and demographic information (age, gender, location) are some 
of the methods used to construct user profiles. The recommender system 



MRBUP: MAPREDUCE BASED SCALABLE USER PROFILING IN RECOMMENDER SYSTEM� 937

can comprehend the user’s preferences and make precise predictions 
about their future preferences by examining these components [6]. The 
significance of user profile cannot be overstated. With the creation of user 
profile, the system is able to sift through a voluminous data and suggest 
items that are most likely to strike a chord with the user, increasing user 
happiness and engagement. Second, user profiles allow ongoing 
adaptation and learning. Users’ profiles change as they engage with the 
system and offer input, guaranteeing that the suggestions are current and 
pertinent. In the end, user profiles are the foundation of efficient 
recommendation systems, enabling a more customized and interesting 
user experience [7].

[8] proposed a travel recommender system where user profiling was 
done by interpreting the activities carried out by the user or by 
incorporating the preference of the user. This helped in identifying diverse 
geographical interest of users. To build a user’s profile, history of the user 
was captured and collaborative data was exploited. Bocanegra et al. [9] in 
their work has emphasized the importance of user profile creation and its 
usefulness. Reviews were regarded as a primary source for creating user 
profile [10]. The significance of understanding a user in terms of his likes 
and tastes helped the system generate quality recommendations. Liang 
[11] defined user profiling as the process of learning decision making for 
the users in a heterogeneous information networks. Explicit rating acted 
as a catalyst in improving the user profile. The importance of user profiling 
cannot be ignored in the cross-domain recommender systems as well [12] 
[13] [14]. Transfer learning via user profiling acted as a starting point for 
all the cold start users in the system thereby increasing the reliability of 
the system.

Literature has suggested various techniques to create user profiles 
when generating recommendations. Lu Zhongqi et al. [15] proposed a 
collaborative evolution model for creating user profile which focused on 
collaborative learning and evolutionary learning of user profiles. 
Hierarchical user profiling is proposed by Gu et al. [16] & Peterson [6] 
where real time interests of the user was identified by mapping the 
interests to different levels of granularity. Another interesting technique of 
frequent sub graph mining was adopted to generate semantic user 
profiling for better recommendations [17]. The researcher in their work 
trained a deep neural network to understand the association of users and 
items in order to create user profiles.

In order to generate user profiles, this study utilizes the idea of Term 
Frequency –Inverse Document Frequency (TF-IDF). For every user, the 
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user profile will be a set of terms which will include the terms (captured 
from user reviews) filtered on the tf-idf score depicting the importance of 
that term for a particular user. To ensure scalability of the system, we have 
used Hadoop MapReduce to implement TF-IDF.

3.  MRBUP: Proposed Methodology 

This work proposes MRBUP, a scalable technique of user profiling 
based on Hadoop MapReduce programming paradigm. We have consider 
amazon product reviews as our dataset. The reviews of products for every 
user is collected. These reviews are then preprocessed. To generate a user 
profile, the preprocessed reviews are used to generate a set of terms for 
each user using the principle of TF-IDF. Term vectors using TF-IDF is 
implemented in Hadoop MapReduce. 

We take into account every user review while building their user 
profile. The terms that appear in the reviews are words. Every review is 
represented as a word vector. The term-document class weighs the terms 
in TF-IDF, a mathematical procedure, by utilizing MapReduce. The system 
creates a word vector by applying TF-IDF to determine the relevance of 
each word in a review that the user has provided. Let R = set of user review 
given by user

1 2{ , , } (1)iR r r r= ……

Every review ir R∈  will be represented as:

0 10 1[ , ; , ;... ; , ] (2)
ti i i t ir t w t w t w= …

where ,
tt it w  corresponds to term tand its associated weight 

ti
w  for a every 

review .ir
Step 1: Preprocessing the reviews 
The reviews provided by the users are not ready to use as an input to 

generate user profile. It is necessary to preprocess this purely textual data 
by using standard techniques of text preprocessing. In this work, 
tokenization, stop word filtering, punctuation removal, stemming and 
lemmatization is used. Tokenization involves the process of splitting text 
into smaller units such as words, symbols or other meaningful elements 
which are known as tokens. By eliminating commonly occurring stop 
words such as an, the, a, and on, stop word filtering increases the frequency 
of words. The practice of minimizing word variations that often have 
semantic explanations comparable a stem is known as stemming. For 
example, let us consider that the words “run,” “running,” and “ran” are 
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present in different user reviews. When stemming is applied to these 
words, the root word, run, will be stemmed. MRBUP uses Porter Stemmer, 
which provides a list of stem terms for every review. When processing 
reviews, it becomes important to understand and represent the meaning 
of the words present in the reviews which enhances the accuracy. For this, 
the proposed work implements the process of lemmatization which 
reduces the words occurring in the reviews into its base or dictionary form 
which is known as lemma. This process takes into account parts of speech 
and its context to deliver the resulting lemma a valid word. 
WordNetLemmatizer is used in this work.

After preprocessing the reviews, each review ri will now be a list of 
stemmed words as:

1 2{ , , } (3)i ir t t t= …

In order to generate user profile using TF-IDF implemented on 
MapReduce it is vital to convert the data into a <key,value> pair. In this 
case, the <key, value> pair corresponds to <review_idi, ri>. The Hadoop 
Distributed File System (HDFS) is loaded with a sequence file in the 
<key,value> pair. 

Computing TF-IDF score for Reviews

MRBUP defines TF-IDF for a term ‘t’ in review ir R∈  using equation 
(4) & (5) as:

.      
 .      ( , ) (4)i

i
i

No of times t appears in r
Total no of terms in rTF t r =

| |
 :  

( , ) log (5)
i i

R
r R t r

INIF t R  
  ∈ ∈ 

=

The weight of every important term in the review is given by:

0 0 0 1 1 1 ( ) [ , ( , )  ( , ); , ( , )  ( , );  ] (6)i i iWt r t TF t r INIF t R t TF t r INIF t R= × × ……

All those terms whose TF-IDF score is above the user defined 
threshold are considered important and are included as a part of user 
profile.

The MapReduce based algorithm for generating user profile using 
TF-IDF is executed in three successive MapReduce stages. In the first 
phase, term frequency is computed using equation (4). ReviewID along 
with review is provided as an input in the first phase. In the second phase, 
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Inverse Document Frequency (IDF) is computed using equation (5) and 
returns the weight formulated in equation (6). The pseudo-code for the 
three MapReduce phases are shown in Algorithm 1.

Algorithm 1 Phase 1 of MapReduce Task.

Input: <review_ID: review>
Output: <term: review_ID, count>
	 for each review_ID, review:
		  for each term in review:
			   emit(term, review_ID, 1)

	 for each term:
		  total_count = sum(counts)
		  emit(term, review_ID, total_count)

Algorithm 1 Phase 2 of MapReduce Task.

Input: <term: review_ID, count>
Output: <term: review_ID, tf_idf>
	 for each term, review_ID, count in input:
		  emit(term, (review_ID, count))

	 for each term:
		  review_count = count(distinct (review_IDs)
		  idf = log(total_reviews / (1 + review_count))
			   for each review_ID, count in values:
				    tf_idf = count * idf
				    emit(term, (review_ID, tf_idf))

Algorithm 1 Phase 3 of MapReduce Task.

Input: < term: review_ID, tf_idf >
Output: < review_ID: (term, tf_idf)>
	 for each term, review_ID, tf_idf in input:
			   emit(term, (review_ID, (term, tf_idf)
	 for each review_ID:
			   emit(review_ID, list of (term, tf_idf))
		  emit(review_ID, list of (term, tf_idf))
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For every user in the system, user profile includes the list of terms for 
which the TF-IDF score is above a threshold value. The relevance of TF-
IDF for user profiling comes from the fact that this technique evaluates the 
importance of a term in a review relative to the entire pool of reviews 
given by the user.

4.  Experiments & Results 

This section evaluates the proposed methodology of creating user 
profiles from the explicit feedbacks given in the form of reviews. (Speed 
up) data set description.

4.1 Dataset

The dataset on which the experiments are performed is the Amazon 
Product Reviews [18]. In this dataset, all the products are categorized into 
various categories such as Arts, Automotive, Electronics to name a few. 
This dataset comprises of reviews given by the user to the different 
products available on amazon. The total number of reviews across all the 
categories are 34,686,770. The number of users are products are 6,643,669 
and 2,441,053 respectively. 

4.2 Experimental Setup & Evaluation Metrics

Experiments are carried out to determine the scalability of MRBUP 
by measuring the amount of time needed to generate a user profile. For 
this, Hadoop 0.20.2 is made to run in a standalone mode (with single 
node) and in a cluster set up with three and five nodes. To evaluate the 
scalability, Speedup factor is computed as defined in equation (7).

1 (7)t t

T
TS =

In equation (7), the numerator refers to the amount of time the system 
takes to generate user profile when there is single node in the cluster and 
Tt is the amount of time taken to generate user profile with ‘t’ number of 
nodes in the cluster.

4.3 Results & Discussions

The computational time with different cluster size and the number of 
reviews is shown is Table 1 and is pictorially shown in Figure 1. Table 2 
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reports the speedup factor for MRBUP which is also pictorially represented 
in Figure 2.

Figure 1 indicates that as the size of the Hadoop cluster increases, so 
does the computing time needed to generate a user profile (with a given 
dataset size). Computational time increases very little when the size of the 
Hadoop cluster is fixed. The scalability of MRBUP is ensured by the 
speedup factor, which grows significantly with the size of the Hadoop 
cluster, as demonstrated in Figure 2.

Table 1
Computational time (seconds) for MRBUP 

No. of 
Reviews 

Single Node 
Cluster

Cluster with 3 
Nodes

Cluster with 5 
Nodes

27,980 162 140 125
58,621 216 167 145
137,042 405 195 173

 	
Table 2

Speedup Factor for proposed approach

No. of Reviews S5 S3

27,980 1.2 1.1
58,621 1.4 1.2
137,042 2.3 2.0

Figure 1 
Computational Time (seconds) for MRBUP. Impact of changing cluster and 

dataset sizes on computing time
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5.  Conclusion and Future Work

Presenting the appropriate data to the user who is looking for it 
becomes crucial in order to solve the issue of information overload. 
Understanding the user’s preferences and what he would want to view 
from the large amount of information is a crucial first step in this approach. 
Creating a user profile for the user provides an understanding of their 
preferences and likes. This is the first step in understanding the user. This 
study introduced MRBUP, a scalable Hadoop MapReduce-based user 
profile creation method. To generate user profiles, MRBUP took advantage 
of the concept of term frequency-inverse document frequency. The 
suggested method made advantage of the user-provided product reviews 
to generate user profile. Terms that the user finds interesting were included 
in their user profile. MRBUP is used to Hadoop clusters of different sizes 
as well as dataset sizes. To assess the system’s scalability, the computing 
time of MRBUP was tracked, and a speedup factor was calculated. The 
findings showed that MRBUP scaled efficiently to accommodate the 
increasing amount of data items as the size of the Hadoop cluster increased. 
On the basis of the created user profile, MRBUP can be further expanded 
to offer recommendations to the user.

Figure 2
Speedup Factor for MRBUP
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