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ABSTRACT 

 

ARTICLE INFO 

In this paper we are going to find important aspect of the product and its rank this 

aspect by using numerous consumer reviews. The consumer reviews contain a rich and 

an important knowledge about the product.  This knowledge is also useful for both 

consumer and firms. Consumers can make wise purchasing decision by the paying more 

attention towards important aspect or feature. And firm will be concentrating on 

important features or aspect while improving the quality of the aspect. In this proposed 

framework, identify an important aspect of product from online consumer reviews. The 

consumer reviews an important aspect are identified by using the one tool which is 

nothing but the NPL tool, and  it will also classify the sentiment on that aspect, and 

finally we are going to apply the ranking framework algorithm to determine the 

particular product rating. We are using shallow dependency parser to identify product 

aspect ranking. In this framework for identify aspects use sentiment classification 

method. The extractive review summarization and document-level sentiment 

classification use for product aspect ranking. The ranking are done based on frequent 

commented review and consumer opinion about the product. 
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I. INTRODUCTION 

 
Now a days, consumer purchase their product based on the 

online reviews. Generally, a product may have hundreds of 

aspects. Some aspects are having more important than the 

others. The aspects having the better impact on the eventual 

consumers decision making as well as firms product 

development strategies. For example, some aspect of car 

such as “engine” and “capacity,” are concerned by the more   

consumers.  A “lighting” and “comfort” are the important 

things. A product laptop having the aspects such as 

“processor” and “battery” would be great influence consumer 

opinions on the laptop.  The “gaming” and “sounds“ this  

aspects related to laptop are not that much important. Hence,   

identifying the important aspects of the product will improve 

the usability of numerous consumer reviews. and it is very 

beneficial for both consumers and firms.  

Now a days, peoples trend towards online shopping increases 

day by day. Many types of retail websites are available on  

 

 

 

 

online shopping on internet. The forum website such as 

Cnet.com are real time web application which gives 36 

million product. And also the shoppers.com which also offers 

the 5 million products and many websites are available on 

the internet such as ebay.com, Flipkart, Mantra, Snapdeal 

and so on. Most retail website provides platform to post 

reviews on millions of product and which helps experienced 

person to give their feedback about that product in the form 

of sentiment such as free text or in the form of pros and cons 

on various aspect of the product. 

 

II. PROPOSED SYSTEM MECHANISM 

 

Textual information classified into aspects: facts and opinion. 

Facts are about objective about entities, events etc. Opinion 

is subjective such as sentiment, feelings and their properties. 

The first one is individually known as sentiment 

classification. The purpose of this classification is   to find 
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the general sentiment of the author in an opinionated text. 

For e.g. given a product review, it determines whether the 

reviewer is positive or undesirable about the product. The 

next topic goes to be an  individual sentences to find  

whether a  given sentence expresses an opinion or not (often 

known as subjectivity classification), and if their  opinion is 

positive or undesirable  (known as  sentence-level sentiment 

classification). SentiWordNet is an opinion lexicon derived 

from the Word Net database where each term is associated 

with numerical scores indicating the  certain and undesirable  

sentiment information. This research represents the results of 

applying the SentiWordNet lexical resource to the problem 

of instinctive sentiment classification of online product 

reviews. This approach comprises counting certain and 

undesirable term scores to determine sentiment orientation. 

 

System Architecture: 

 

 
 

Following four steps are used in proposed work. 

1) Preprocessing and Reviews extraction. 

2) Aspect Identification of the product 

3) Classify the positive and undesirable reviews of product 

by sentiment classifier. 

4) The probabilistic ranking algorithm used for product 

ranking. Reviews Extraction and Preprocessing before the 

Product Aspect Identification task there is a very valuable 

task called data preprocessing. Compared to regular text 

document the reviews are generally less formal and written in 

an ad hoc manner. 

 

III. ASPECT RANKING AND PRODUCT 

SENTIMENTS OBSERVATIONS 

Long Tail Distribution and Possibility of Aspect Ranking 

Long tail distribution has been observed in various research 

areas like networks [6]. In this work, we also observe that the 

long tail distribution is predominantly present. Fig. 2(a), (b), 

(c) show various graphs of this effect. We plot this using the 

810443 reviews we crawled from Reevoos. Similar graph can 

also be observed from the 829205 reviews we crawled from 

Buzzillions3 , another product review website. This suggests 

that there are only a small number of products with many 

reviews and a large number of products with little reviews. 

More interestingly, when we plot product domains (Fig. 2b) 

and sentiment words (Fig. 2c) against aspects (using the 

entries from Sentix), they too follow similar behavior. There 

is small amount of aspects that is present in many product 

domains (See Fig. 3a for the top 10 aspects in terms of 

domain). These are the common aspects which can be 

applicable to most products. However, there are many 

aspects which are present in very little domains, which 

suggest that even though we can obtain a list of aspects 

which is likely to be applicable to most domains, a large 

amount of aspects are still domain-specific. Similarly, only a 

small number of aspects have a large number of sentiment 

words describing it. One might think that aspects that are 

used in large amount of domains should have more sentiment 

words describing them. However Fig. 3b which ranks the top 

10 aspects based on sentiment words suggests that this is not 

always the case. More importantly, this long tail distribution 

suggests the possibility of detecting and ranking important 

aspects based on the amount of domains they appear in or the 

amount of sentiment words present. Based on Fig. 3, we see 

that the former is better for providing a list of general aspects 

that could be used in most product domains. 

 

Other observation based on Sentix 

Based on the 721552 “pro” sentences (8375146 words) and 

547043 “con” sentences (6947594 words) used to generate 

Sentix, we observed a much larger amount of certain 

sentiment words generated compared to undesirable (Fig. 2d). 

The average rating of the Reevoo data set used for generating 

the lexicon is 8.569 with an observed minimum rating of 1 

and a maximum rating of 10. Out of the 1116 unique words, 

we can classify 53% of them as “prior” sentiment words 

which allows us to attach a fixed prior polarity to them 

regardless of domain and aspects. Of the 47% “non-prior” 

sentiment words, 71% of the words are aspect-sensitive (See 

Fig. 4). Aspect-sensitive words take on different polarity 

depending on the aspects in a domain. Thus even within a 

single domain, these words can either be positive or negative. 

An example of such words is cheap. When used in the price 

aspect, it takes on positive polarity but when it is used in the 

design aspect, it conveys a negative sentiment (See Table IV 

for a short list of aspect-sensitive words and Table V for a 

short list of aspects which will affect the polarity of 

sentiment words). The remaining 29% are domain-sensitive 

thus allowing us to classify these words as either positive or 

negative depending on just the domain. However, when we 

inspect the words in this category, we notice that many of 

them have just one or very few aspects associated with the 

word for each domain. Many of these words could have been 

aspect-sensitive words too if they were used differently. 

From Fig. 3, we also notice that the general aspect is the 

most common aspect suggesting that most of the reviews 

included general feedback about the product on the whole in 

addition to comments about specific product aspect. 

 
Fig 2. Observations for the Product Reviews 
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IV. RELATED WORK 

 

In this section, we are review existing works related to the 

Proposed framework, and the two evaluated real-world 

applications. We are start works on the aspect identification 

from the consumer review. Existing methods for the  

identification of the aspects based on supervised and 

unsupervised methods. Supervised method learns   removal 

or an extraction model from a collection of labeled reviews. 

The removal model are   known as  extractor which is used to 

spot aspects in new reviews. The exits supervised methods 

are based on the sequential learning  technique .It require 

enough labeled samples for training. The supervised learning 

method is a time-consuming and labor-intensive to label 

samples. On the other hand, unsupervised methods have  

forth coming  currently. The most useful unsupervised 

approach was proposed by Hu and Liu . They  implied  that 

product aspects are nouns and noun phrases. The  first 

approach extracts the nouns and noun phrases as the 

candidate aspects. The rate of frequencies of the noun 

sandesa and the  noun  are calculated, and only the common 

ones are substituted  as aspects. Popescu  and  Etzioni 

developed the OPINE system, which extracts aspects based 

on the Know It All Web information extraction system .  

Opinion mining or  Sentiment analysis is a kind of natural 

language processing which is  used  for  tracking  the  

polarity of public about product. 

V. WORKING OF PROPOSED SYSTEM 

 

SWM Refers To Sentiwordnet, Subjlex Refers To The 

Subjectivity Lexicon, And Sentix Refers To Our Lexicon. 

Sentix (Enhanced) Refers To An Enhanced Version Of Our 

Lexicon. Sentix (Enhanced) Takes The Classification Results 

From Our Lexicon And For Those Cases Where No Match 

Can Be Found, Use Subjlex To Help In The Classification. 

From The Experimental Results, We See That This 

Significantly Boost The Recall Value Resulting In Better 

Measure. For The Mp3 Player Domain, The Recall Is 

Improved Significantly Because We Reduce The Number Of 

Missing Cases From 100 To 69. Out Of The 31 

Classifications, Which Were Previously Missing, We Get 19 

Correct Classifications And 12 Wrong Classifications, 

Boosting The Number Of Correct Classifications From 185 

To 204. A Check On The Dataset Used To Generate The 

Lexicon Indicates That Most Of These Words Are Not Seen 

In The Dataset. In Some Other Cases, They Are Used In 

Other Aspect/Domain But Took On Both Positive And 

Negative Thus Cannot Be Assigned Any Prior Polarity. For 

The Camera Domain, Again The Recall Is Improved 

Significantly And The Number Of Missing Cases Reduces 

From 39 To 24. However, The Number Of Misclassifications 

Increases From 0 To 8, Reducing The Precision But Still 

Improving The Overall F-Measure. The Mobile Phone 

Domain Follows The Same Trend Except That We Have 

Very Little Drop In The Precision. This Is Due To The Fact 

That Many Of The Missing Classifications Provided By 

Subjlex Are Correct, Reducing The Number Of Missing 

Classifications From 29 To 15, Out Of Which 13 Of Them 

Are Correct. After Conducting A More Detailed Analysis Of 

Our Lexicon In The Mobile Phone Domain, We Realized 

That The Type Of Products And The Periods These Reviews 

Are Written Can Affect The Polarity Of Words. For Example, 

Most Of The Mobile Phone Reviews Used To Generate The 

Lexicon Are On Smart Phones, Thus The Set Of Aspects 

Discussed Are Rather Different From Nokia 6610 Which Is 

A Feature Phone. For The Case Of Smart Phones, The List 

Of Aspects Is Usually About Camera Quality, Touch Screen, 

Connectivity, Etc Whereas For Nokia 6610, The List Of 

Aspects Is Concerned With Radio Quality, Ringtone, Etc. 

For Example, The Word “Polyphonic” During The 

Generation Of Feature Phones Holds A Positive Sentiment 

But Is Considered As Negative Sentiment Now. 

 

 
Fig 3. Classification Performance (T1=3, T2=0.2) 

 

VI. RESULTS 

 

Fig [a]  : Home Page 
 

Online shopping is a form of electronic commerce which 

allows consumers to directly buy goods or services from a 

seller over the Internet using a web browser. 

 

 
Fig [b] . Login Page 

 

The user see login page. Choose an appropriate user name, 

which will be reserved just for you on and choose strong 

password for login on web page. If  user already Register on 

this web site then it will simply user login on webpage. 

https://en.wikipedia.org/wiki/Electronic_commerce
https://en.wikipedia.org/wiki/Service_%28economics%29
https://en.wikipedia.org/wiki/Internet
https://en.wikipedia.org/wiki/Web_browser
https://en.wikipedia.org/wiki/Wikipedia:Username_policy
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Otherwise new user register Signup Page and fill information 

below signup form. 

 

 
Fig [c]: Signup Page 

 

 

 
Fig [d]. Review & Rating page 

 

when user buy or purchase the product and used it , then it 

will decide product is good or not. And it will give the 

review and rating of the product. Collection of reviews and 

identified aspects. The customer's opinion on specific aspects 

is found for each aspect. Proposed aspect ranking algorithm 

calculates the weight of aspects of a product from consumer 

reviews. 

 

 
Fig [e]:Searching Products according to Aspects 
User search the product based on  the reviews. 

 

Admin Panel 

 

 
Fig[f] fraud List of products. 

If the product having no reviews within 15 days. this product 

is nothing but fraud product, and this product is submit in 

fraud list. 

 

Send Mail 

 

 
Fig [g]. Send Mail 

 

if the product is fraud then send the mail to the product 

owner. 

 

VII. CONCLUSION 

 

A product aspect ranking System is used to identify the 

important aspects of products from numerous consumer 

reviews. System contains three main components, i.e. 

product aspect identification, aspect sentiment classification, 

and aspect ranking. First, system used the Pros and Cons 

reviews to improve aspect identification and sentiment 

classification on free-text reviews. Then an aspect ranking 

algorithm is used to calculate the weight of various aspects of 

a product from numerous reviews. The product aspects are 

finally ranked according to their weight. 
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