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ABSTRACT 

This work studies how we can obtain 

feature-level ratings of the mobile products 

from the customer reviews and review 

votes to influence decision-making, both 

for new customers and manufacturers. Such 

a rating system gives a more 

comprehensive picture of the product than 

what a product-level rating system offers. 

While product-level ratings are too generic, 

feature-level ratings are particular; we 

exactly know what is good or bad about the 

product. There has always been a need to 

know which features fall short or are doing 

well according to the customer’s 

perception. It keeps both the manufacturer 

and the customer well-informed in the 

decisions to make in improving the product 

and buying, respectively. Different 

customers are interested in different 

features. Thus, feature-level ratings can 

make buying decisions personalized. We 

analyze the customer reviews collected on 

an online shopping site (Amazon) about 

various mobile products and the review 

votes. Explicitly, we carry out a feature-

focused sentiment analysis for this purpose. 

Eventually, our analysis yields ratings to 

108 features for 4000+ mobiles sold online. 

It helps in decision-making on how to 

improve the product (from the 

manufacturer’s perspective) and in making 

the personalized buying decisions (from the 

buyer’s perspective) a possibility. Our 

analysis has applications in recommender 

systems, consumer research, and so on. 

 

I. INTRODUCTION 

WITH the rise of the Internet and the kind 

of busy lifestyles people have today, online 

shopping has become a norm. Customers 

often rely on the online ratings of the 

previous customers to make their decisions. 

However, most of these ratings on the online 

websites are product-level ratings and lack 

specificity. Although products can be 

compared based on the product-level ratings 

available, there is always a class of people 

who prefer buying the items based on 

particular features. Such people have to 

generally go through the entire comments 

section to know previous customers’ 
perceptions [1], [2] of the product’s features 

in which they are interested. Considering the 

number of products present for an item 

(such as mobile), it becomes a tedious job 

for a customer to arrive at the best product 

for himself. Moreover, from a 

manufacturer’s perspective, such product-

level ratings hardly specify what is good or 

bad about the product [3]. Thus, if feature-

level ratings are available, it gives more 

clarity to the manufacturer on how to 

improve the product. Given all these 

benefits, our goal is to develop a feature-

level rating system.  
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Although feature-level ratings can also be 

requested from the customers just like the 

product-level ratings, it is not a good 

proposal, for there could be too many 

features. Instead, it is much more practical 

to leverage whatever reviews and review 

votes [4], [5] that are being already given by 

customers to provide feature-level ratings. 

The reviews are made up of sentences, and 

every sentence has some sentiment [6]–[9] 

associated with it, namely, positive, neutral, 

or negative. Also, since they can be 

separated, we can always extract the 

sentences describing a particular feature of 

the product and, subsequently, obtain 

sentiment scores over such sentences. By 

utilizing these sentiment scores as the basis 

and the review votes as a support, we can 

build a feature-level rating system that can 

yield feature-level ratings, as shown in Fig. 

1. However, there are few challenges in 

building such a feature-level rating system. 

First, we need to determine which features 

to look for in an item. Another challenge is 

that there could be many words relating to 

the same feature; they all need to be clubbed 

into one feature. Second, we have to 

preprocess the data as some of the review 

comments may contain non-English 

languages, one word, spelling mistakes, and 

so on. Third, we have to devise a way to 

transform the extracted sentiment scores into 

an appropriate rating for a feature of a 

product while incorporating the review 

votes. As far as feature identification of an 

item (such as mobile) is concerned, we go 

through the word frequency table of the 

entire customer review data for that item, at 

least up to a particular frequency. Next, all 

the related words coming under the same 

feature are grouped, and the most frequent 

one is chosen as a representative. We call 

such representatives as feature keywords. 

Then, we perform a series of preprocessing 

steps on the customer review data to filter 

out the unnecessary data, correct the 

remaining, and turn it into structured data. 

Each review is broken into sentences, and 

only relevant sentences are retained. The 

relevant sentences are passed through 

sentiment analyzer to generate sentiment 

scores, which are then adjusted to the 

ratings. Scores within a particular range are 

given a specific rating. The ratings of the 

relevant sentences containing a particular 

feature are combined using the weighted-

average [10] to obtain the final ratings since 

all opinions are not equally valuable.We 

leverage review votes to assign the required 

weights. Our contributions are as follows. 

We develop a feature-level rating system 

that takes customer reviews and review 

votes as input and then outputs feature-level 

ratings. We obtain such ratings for as many 

as 4000+ mobiles sold online in terms of as 

many as 108 features. We propose vote-

aware cumulative rating and vote-aware 

final rating measures, a new way of 

accumulating and finalizing the sentiment 

scores. Although there are no ground truths 

available, we still manage to evaluate our 

approach by comparing the final ratings of 

our phone feature against overall ratings of 

the phone given by the customers 

themselves, which leads to remarkable 

results, demonstrating the effectiveness of 

our method. 
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II. EXISTING SYSTEM 

 

 Sentiment analysis [11]–[18] has 

been an active research topic for a 

long period now. It has applications 

in health [19]–[21], politics [22], 

[23], sports [24], [25], e-commerce 

[26], [27], and so on. In e-commerce, 

customer reviews can give lots of 

insights about the products, as shown 

in [28] and [29], through sentiment 

analysis. Especially, Wiliam et al. 

[11] studied the trends of mobile 

brands on Twitter through sentiment 

analysis. However, the analysis is 

restricted to the mobile overall, not 

to specific features. Nandal et al. 

[30] tried to do so, but for limited 

products and limited features. While 

Nandal et al. [30] used SVM, a 

supervised learning algorithm, 

Sadhasivam and Kalivaradhan [31] 

used ensembling for achieving this. 

In this article, we attempt to exploit 

these customer reviews to provide 

ratings for as many as 108 features 

of 4000+ mobile phones sold online 

while incorporating review votes, 

which has never been done in the 

previous studies. 

 

 Moreover, we do this in an 

unsupervised way, not supervised or 

weakly supervised [32]–[35] way, by 

leveraging the lexical approach of 

generating sentiment scores for a 

sentence. Similar to our work, Zhang 

et al. [36] explored digital cameras 

and television for the same. 

However, they explore only ten 

features. Bafna and Toshniwal [37] 

explored only Cannon camera, 

iPhone 4s, and Mp3 player. 

However, we explore as many as 

4000+ products and provide our 

recommendations. Nevertheless, to 

the best of our knowledge, this is the 

first article to account for review 

votes in a feature-level rating system. 

Disadvantages 

 In the existing work, the system is 

less effective since the system is not 

implemented effective recommender 

systems. 

 This system does not provide text 

mining for analyzing the sentiment 

on large data sets. 

 

III. PROPOSED SYSTEM 

 The proposed system contributions 

are as follows. The system develops 

a feature-level rating system that 

takes customer reviews and review 

votes as input and then outputs 

feature-level ratings. The system 

obtains such ratings for as many as 

4000+ mobiles sold online in terms 

of as many as 108 features. The 

system proposes vote-aware 

cumulative rating and vote-aware 

final rating measures, a new way of 

accumulating and finalizing the 

sentiment scores.  

 Although there are no ground truths 

available, we still manage to evaluate 

our approach by comparing the final 

ratings of our phone feature against 

overall ratings of the phone given by 

the customers themselves, which 

leads to remarkable results, 
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demonstrating the effectiveness of 

our method. 

Advantages 

 The System performs a series of 

preprocessing steps on the customer 

review data to filter out the 

unnecessary data, correct the 

remaining, and turn it into structured 

data. Each review is broken into 

sentences, and only relevant sentences 

are retained. 

 The system is more effective due to 

presence of web mining for 

providing the sentiment analysis. 

 

IV. SYSTEM ARCHITECTURE 

 
 

V. IMPLEMENTATION 

 ESeller 

In this module, the ESeller has to login by 

using valid user name and password. After 

login successful he can perform some 

operations such as View and Authorize 

Users,View Friend Request/Response,Add 

and View Categories, Add Products,View 

All Products, View All Products's Reviews, 

View All Products's Ratings, View All 

Sentiment Similarity By Reviews, View All 

Purchased Products, View Deleted Friends, 

View User Query Keyword, View All 

Product Consumes By Users, View All 

Recommended Products, View Product 

Score Results. 

Viewing and Authorizing Users 

In this module, the admin views all users 

details and authorize them for login 

permission. User Details such as User 

Name, Address, Email Id and Mobile 

Number. 

Add and View Category as Domain 

In this module, the admin adds Categories 

like Movie, Products, and Sports etc. 

 

Add Posts as Products 

In this module, the admin can add Posts by 

Selecting Domains and by Providing Posts 

Details Such as, Post Name, Description, 

Images and Uses. 

View all Posts with Rating based on 

Ranks 

In this module, admin can see all his added 

posts with details (Post Name, Description, 

Uses and Images) along with Rating and 

Rank. Rating is Calculated Based on Ranks. 

View User Query Keyword and Analyze 

the Query Subgroup 

In this, the admin can see all the query 

keyword used by the users to search for 

posts and the Exact Matched Posts and the 

Query Subgroup (Posts which come under 

Matched Posts Category). 

View all Recommended Products  

In this, the admin can see all the posts which 

are recommended by the users to their 

friends. Recommended posts can be seen by 

selecting particular Category. 
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Categorize Users Based on Products 

Consumes with user Images 

In this, the admin can view all the users who 

are all liked a particular post and who are all 

recommended a particular post. The result 

can be seen in a design graph by selecting a 

particular post name. 

View Product Rank Results 

In this, the admin can view products ranks in 

a graph. The Rank is calculated based on the 

number of likes made on particular post. 

 User 

In this module, there are n numbers of users 

are present. User should register before 

performing any operations. Once user 

registers, their details will be stored to the 

database.  After registration successful, he 

has to login by using authorized user name 

and password. Once Login is successful user 

can perform some operations like My 

Profile, Search Friends, View Friend 

Requests, View My Friends, Delete My 

Friends, Search Products and Recommend, 

View Post Recommends, Friends Products 

Consumes. 

Viewing Profile Details 

In this module, the user can see their own 

profile details, such as their address, email, 

mobile number, profile Image. 

Search Friends, Request, and View 

Friend Requests, View all Friend Details 

In this, the user search for other users by 

their names, send requests and view friend 

requests from other users. User can see all 

his friend details with their images and 

personnel details. 

Search Query by keyword  

In this, the user can search for post by query 

keyword and the results will displayed in as 

two groups. The one is exactly matched 

posts and the other is posts which are all 

belongs to matched post’s categories. 

The user can like or dislike and can 

recommend found posts to their friends by 

giving their opinion on that post. 

 

 

View all Your Friends Recommended 

Posts to You 

In this, the user can view all his friends 

recommended posts to user. The user can 

view recommended post details with a friend 

opinion on that post. 

View Your Friends Products Consumes 

details with their images 

In this, the user can view all his friends 

products consumes details that is, if the 

friend liked or recommended on any post, 

those details will be shown in a design with 

friend details. 

 

VI. CONCLUSIONS 

We have developed a system to rate mobile 

phones in terms of 108 features based on 

customer reviews and review votes. We 

could rate 4000+ phones; this can help make 

personalized buying decisions and improve 

the products. We accomplish this by first 

converting the unstructured data into 

structured data; then, we extract the 

sentences comprising our feature keywords; 

then, we were able to provide the feature-

level ratings through sentiment analysis of 

these sentences. We rank the phones based 

on the number of features that they are best 

at, and accordingly, we were able to 

recommend the best phones for a feature. 

We tested our methodology on the “phone” 

named feature by considering the overall 

customer ratings as ground-truth ratings. 
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The performance of our method is found to 

be decent. We obtain MAE of only 0.555, 

i.e., approximately just half a star. We get 

52.3% accuracy if exact integer ratings have 

to be predicted. However, if we can tolerate 

the one-star integer rating error, the 

accuracy jumps to 93.8%. The proposed 

approach is unsupervised. As an extension, 

we will work on improving the performance 

by taking a weakly supervised or supervised 

approach to this problem, for which we will 

have to annotate the available data in terms 

of all our 108 features. 
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