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I. INTRODUCATION 

In last few years we have witnessed the rapidly expanding e-commerce. Millions of products from numerous 

companies are been offered online. For example, Bing Shopping center has indexed more than six million 

products. 40 million products have been archived by Amazon. Six million products from over 5,000 vendors has 

been recorded by different grocery shopper‟s websites [10]. Almost all retail websites do encourage consumers 

to specify comments to express their opinions on the products purchased. Here, an aspect, also known as feature, 

refers to an attribute  or component of a certain product[8]. “The battery of Moto G is great” comment tells 

affirmative view about the battery of product Moto G. Along with Websites, many forums also provide 

consumers a platform to post reviews on numerous products. 

Such various consumer reviews have valuable and rich information and have become an important resource for 

firms and consumers. Firms make use of online comments & suggestions as important feedback in their product 

development, consumer relationship management, marketing while clients usually seek productive information 

from online comments before buying a product [3] [10]. 

We can broadly classify Textual information into two main types namely facts and opinions. Facts are the 

objective expression about each events, entities and their properties. They are the actual cases or something 
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which already happened (e.g., iPhone is an product of Apple organization). Opinions are subjective expressions 

that describe viewpoint, feelings towards entities, peoples judgment, events and their properties[3][14]. (e.g. I 

don‟t like Apple iPhone 5).  

Few years ago, when a consumer wanted to make decision, consumer typically asked for opinions from friends, 

neighbours, furthermore families. Correspondingly, when an organization needed to find the feedback about the 

product or services, it conducted opinion polls, studies and group gatherings. In the most recent of years, 

volumes of opinionated text have grown rapidly and are also publicly available. Social media plays a important 

role by allowing customers to share and express their opinion about products, their feeling on items, occasions, 

subjects, people, events, people, and associations as remarks, reviews, blogs, tweets, status updates etc[5][6]. 

Thus, it's entirely evident that individuals dependably like to hear others opinions before settling on a choice. 

Some people express their reviews in double  scale (i.e. Positive or Negative) and some customers 

communicates their feelings in terms of ratings (i.e. one star up to five stars).  

Inspired by these observations, we have proposed product aspects ranking framework to first find out the vital 

aspects of products from online customer comments. Synonym clustering is done to remove duplicate aspects. 

We will develop a system with machine learning as well NLP based approach to provide better accuracy. The 

reviews will be classified as a positive or negative sentiment for that aspect via a sentiment classifier. After all 

the reviews have been classified then we will find the weight for each of these aspects[1]. After this we calculate 

the overall weight of the product. We have to also reduce the neutral count of users view, so it will reduce the 

system false negative ratio. We also focus on negation handling, which is to improve the correctness of  review 

from end users. 

The remaining paper is structured as follows: Section number II describes Connected work. Section III 

represents Proposed system. Section IV discusses the related mathematical work and finally followed by the 

conclusion of the paper. 

 

II. RELATED WORK 

In this section, we survey the existing techniques and methods that have being used until now for opinion 

mining and determining the sentiment polarity. Existing techniques include unsupervised and supervised 

methods. Administered or supervised methods takes into consideration an extraction model from numerous 

labeled reviews. The extraction model, also known as extractor, is used to identify sentiment polarity in reviews. 

Most existing administered strategies depend on the successive adapting or sequential learning  (also known as 

sea labelling) system[11]. Then unsupervised methods have sprung up recently. 

The earlier studies under the field of sentimental research were based on document level based sentiment 

analysis. The research aimed at classifying the field of estimation investigation, depended on report levelling the 

whole document as positive or negative. The basic theory in this case was that each document expresses opinion 

on one and only element communicated by one and only assessment holder. Feeling arrangement should be 

possible utilizing administered learning methods and unsupervised learning procedures. Supervised learning 

techniques include text classification based on a classifier[15]. Administered learning system considers 

highlights like terms and their recurrence, parts of speech, sentiment words and expressions, supposition shifters 

and further on. Invalid learning techniques make utilization of settled syntactic patterns that happen in an 
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assessment. This procedure utilizes POS grouping which recognizes things, qualifiers, descriptive words and so 

on in a sentence. Based on knowledge and arrangement of these words we identify the entity, aspect and the 

opinions.  

There are two basic procedures to find feelings from text. They are Text similarity techniques and Machine 

Learning techniques. 

A. Text Similarity Techniques 

Lot of research has been done in sentiment classification using text similarity techniques, it makes use of 

available lexical resources. Turnkey utilized pack-of-words methodology for sentiment investigation. In that 

approach, relationships among the individual words are not considered and a record is represented as a simple 

collection of words. To decide the general feeling, sentiments of each word is resolved and those qualities are 

consolidated. He found the split of a survey in light of the normal semantic orientation of tuples where tuples are 

expressions having descriptors (adjectives) or intensifiers (adverbs). He found the semantic orientation of tuples 

using the search engine [16]. Vista Kamp‟s et al. used WordNet which is a verbal database to determine the 

emotional content of a word along varying dimensions [12]. They built up a separation metric on WordNet and 

decided the semantic introduction of descriptive or adjective words. WordNet database comprises of words 

associated by equivalent word relations i.e. synonyms. Baroni et al. added to a framework utilizing word space 

model formalism that conquers the trouble in lexical substitution task. It speaks to the nearby meaning of a word 

alongside its general conveyance or overall distribution. Balahur et al. presented EmotesNet, an applied 

representation of content that stores the structure and the semantics of genuine occasions for a particular space. 

Emote net utilized the idea of Limited State Automata to find out the emotional responses started by actions. 

One of the participants of SemEval 2007 Task No. 14 utilized coarse grained and fine grained ways to deal with 

recognized feelings in news features. In course grained approach, they performed parallel characterization of 

feelings and in fine grained approach they ordered feelings into various levels [13]. Information based 

methodology is observed to be troublesome because of the prerequisite of an immense verbal database. Since 

social network produces tremendous measure of information constantly, at times bigger than the extent of 

accessible lexical database, sentiment analysis can be exhausting and wrong. [4] 

B. Machine Learning Techniques  

Machine Learning methods utilize a preparation set and a test set for arrangement or classification. Training set 

is made of input feature courses and their corresponding class labels. Utilizing this preparation or training set, an 

arrangement(classification) model is created which tries to order the input courses into corresponding class 

names or labels. Then a test set is utilized to confirm the model by deriving the class labels of unknown feature 

courses[2][6]. A variety of machine learning techniques like Simple Bayes (NB), Maximum Entropies (ME), 

and Support Course Machines (SVM) are utilized to segregate reviews. Some of the components that can be 

utilized for semantic classification are Term Absence or Presence, Term Repetition, invalidation, n-grams and 

Parts of Speech. These components can be utilized to discover the semantic introduction of words, expressions, 

sentences and that of reports. Semantic orientated data is the polarity and it can be affirmative or negative[9]. 

Domingo's et al. Had found that Naive Bayes functions admirably for specific issues with exceedingly 

dependent features. This is surprising as the essential presumption of Naive Bayes is that the features are not 

dependent. Zhen Niue et al. presented another model in which productive methodologies are utilized for feature 
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determination, weight calculation and classification. The novel model depends on Bayesian calculation. Here 

weights of the classifier are well known by making utilization of unique feature and representative feature. 

Representativeness element is the information that infers a class and identical feature is the information that 

helps in unique classes. By using these weights, they found out the probability of every classification for the 

Bayesian algorithm [15]. 

Barbosa et al modeled a two step automated sentiment analysis method for segregating tweets. They utilised a 

training set to minimize the category hurdles in finding classifiers, ordered tweets into subjective and target 

tweets[5][6]. Then aafter this, subjective tweets are classified as affirmative and negated tweets. Ammar 

developed an accent based word clustering method for normalizing noisy tweets [7]. In intonation based word 

clustering, words which have similar accent are clustered and assigned common tokens. They likewise utilized 

content preparing systems like allotting comparable tokens for numbers, html joins, client identifiers, and target 

association names for standardization. In the wake of doing standardization, they utilized probabilistic models to 

distinguish extremity word references or polarity dictionaries[8]. They had done classification using the Boos 

Tester classifier with these polarity dictionaries and obtained a minimized error rate. Wu et al. proposed an 

impact likelihood model for twitter sentiment  analysis. They observed that there is a strong bonding among 

these probabilities. Pak et al. Had created a twitter quantity by automatically gathering tweets with help of 

Twitter API and naturally describing those using emoticons. Utilizing that corpus, they constructed a feeling 

classifier in view of the Naive Bayes classifier that uses N-gram and POS-labels as components. In that 

procedure, there is an injection of goof or error since sentiments of tweets in training set are named solely 

considering the polarity of emoticons. The preparation set is likewise less productive since it contains just tweets 

containing emoticons.  

Xia et al. Utilized a collective framework for review classification. Joint system is gotten by consolidating 

different capabilities and characterization strategies. In that work, they utilized two sorts of capabilities and 

three base classifiers to shape the outfit structure. 2 variants of feature sets are created using Parts of speech 

information and Word relations. Bayes, Maximum Entropy and Support Vector Machines are chosen for as base 

classifiers[15]. They connected diverse gathering techniques like fix combination, subjective blend and Meta-

classifier mix for feeling grouping and got better exactness or accuracy. Certain endeavours are made by a few 

research scholars to distinguish the popular sentiment about motion pictures, news and so forth from the twitter 

posts. V.M. Kiran et al. used the data from other uninhibitedly accessible databases like IMDB and Blippr after 

legitimate changes to help twitter assessment investigation in motion picture area or movie domain. 

Existing systems have Review Based classification in which the user rates the products with the help of stars. 

The more the stars the better the product. But this rating is the overall rating of the product[3]. We cannot 

predict about particular feature of the product based on the overall rating of the product. For example an IPhone 

may have an 4 star rating but we can‟t predict accurately about the features like battery, camera, appearance etc. 

The overall rating for star based systems is calculated as below , Sum of (Weight * Number of reviews got at 

that weight) / Total count of reviews. 

 

III. PROPOSED SYSTEM 
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We have proposed a product aspect ranking framework to find the vital aspects of products from various 

customer reviews. We add to a probabilistic viewpoint positioning calculation to construct the significance of 

different aspects by all the consumers. The modules can be classified as  

 Pre-processing 

 Product Aspect Identification 

 Sentiment Classification  

 Aspect Ranking. 

A. Preprocessing : 

The pre-processing module involves Tokenization, Stop-word Removal and Stemming. 

Tokenization and Stop-word Removal: 

Tokenizing (i.e. breaking a string in its desired constituent parts) is fundamental to all NLP tasks. In lexical 

examination, tokenization is the procedure of separating a flood of content into words, expressions, images, or 

other important components called tokens. Multiple tokens will be the input for ahead or future processing like 

parsing or text mining. Stop words are words which are filtered out in pre or post phase of processing data. 

Stemming: 

Stemming is the term utilized as a part of data recovery to portray the procedure for decreasing curved (or in 

some cases derived) words to their oath stem, base or root shape for  most part of composed word structure. 

Stemming programs are commonly known as stemming algorithms or stemmers. A straightforward stemmer 

turns upward the arched structure in a lookup table. The advantages of this approach is that it is efficient  and 

fast. 

Synonym Removal:  

A synonym is a word that would mean exactly or nearly the same as another word in the same language. 

Synonym may be present like headphone and earphone represent the same aspect. So these should be grouped as 

one aspect. 

B.  Product Aspects Identification: 

Generally, a product can have several aspects. For instance, iPhone has aspects like appearance, applications, 

3G network. Recognizing vital item aspects will enhance the ease of use of various reviews and is advantageous 

to both customers and firms. Clients can profitably make better decisions by taking into consideration important 

aspects, while firms can focus on improving the way of these perspectives and thusly redesign things 

reasonably. From the Pros and Cons reviews, we first identify the unique aspects because consumer uses 

different words for same aspect. So this will reduce the accuracy of ranking algorithm. So here we use synonym 

clustering to obtain unique aspects. We collect synonym terms of aspect as a feature. The isodata (Iterative Self 

Organizing Data Analysis technique) clustering algorithm is used to do synonym clustering. 

C. Sentiment Classification 

After the identification of important aspects the next step is sentiment classification. In this step the sentiments 

expressed on each aspect is identified. The sentiment is classified as a positive or a negative sentiment for that 

particular aspect. Thus we obtain aspects and sentiments related to those aspects. Dependency Extraction 

Algorithm is used for sentiment classification. 
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Fig 1: Proposed System Architecture 

D. Aspect Ranking 

Subsequent to performing Sentiment grouping we have a set of aspects alongside sentiments connected with 

them. Now we need to find weight of each of the aspects. TFIDF is a numerical measurement that is expected to 

reflect how vital a word is to a report, in an accumulation or corpus. The IDF  is a measure of the amount of data 

the word gives, that is, whether the term is regular or uncommon over all docs. 

TF: This indicates Term Frequency, which measures how frequently a term comes in a document. Since each 

data set is of variable length, there is a probability that a term would occur multiple times i.e. a larger number of 

times in long documents than shorter ones. In this manner, the term frequency is divided by the report length 

(otherwise known as. the total number of terms in the report) as a method for normalization. 

IDF: Inverse Document Frequency measures how critical a term is. While figuring TF, all terms are viewed 

pretty much as of same importance. Regardless it is understood that particular terms, e.g. "of", “is”, "that", may 

show up a huge amount of times however have little worthiness. Thus we need to reduce weight of frequently 

occurring terms and scale upwards the rare terms. 
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Fig 2: System Flow 

E. Negation Handling & Linguistic Parsing 

Negation simply means to reverse the polarity of lexical element besides a negator, changing good (+2) to not 

good (-2). We term this as switch negation. There are various subtitles that are related to negation and need to be 

considered. One is the consideration that there are negations, including not, none, nobody, nothing and other 

words, such as without or lack, which do have a similar effect, some of these could occur at more distance from 

the lexical item which they have effect, a reverse search is required to identify these negators, one which is 

related to that part-of-speech involved. 

Also the user may enter his reviews in native languages. It is necessary to capture these sentiments as well. 

These reviews in native languages are passed to a linguistic parser which will output the English version of the 

sentiment and this is used for sentiment analysis. 

 

F. Mathematical Model 

Let Z denote, the System, Z= {I, S, P, O} where, 

I denotes the set of reviews given by the user 

S denotes user set 

P indicates processes used for processing 

O indicates the output set 

Input - User Reviews 

Input will be the reviews given by customers for different product aspects. 

Output - Product aspects in ranked order 

Output will consist of aspects in ranked order based on dataset 

P denotes set of multiple processes 

To do the ranking of aspects from the obtained review data set consider below steps 

Consider P indicates the set of different processes 

          P = {P1, P2} Where, 

P1 = {k1, k2, k3} is the process set used for preprocessing 

P2 = {n1, n2, n3} is the process set used for Aspect      ranking. 

Obtain aspect: 

Let P1 denote the process set used for preprocessing 

P1 = {k1, k2, k3} where, 

{k1 = j is for stop-word removal} 
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{k2 = k to identify repetitive words with help of parser} 

{k3 = l is removal of synonyms} 

Ranking of Aspect: 

When preprocessing is done, we perform aspect ranking process. 

P2 denotes the set of processes for ranking of aspects. 

P2 = {n1, n2, n3} 

Where, 

{n1 = p indicates identification of aspects}     

{n2 = q indicates classification of sentiments} 

{n3 = r indicates ranking of aspects} 

TF/IDF: 

Comment = {c1, c2, c3….cn} 

Aspects available in each comment 

D = {cmt1, cmt2, cmt3, cmtn} 

And comments available in each document 

Calculate the Tf-Idf score as  

tfidf (t, d, D) = tf (t, d) * idf (t, D) 

t=specific term 

d= specific document which we have to find a term 

D=total documents. 

This is known as weight of tfidf formula for specific comment. 

G. Algorithm 

Dependency Retrieval Algorithm for sentiment classification: 

Consider there are „n‟ features where the dimension of F is indicated by „n‟. The algorithm for obtaining the set 

of words from comment, that show the opinion related to the target feature ft will be as below: 

i. Initialize all nodes as cluster Ci, as 1…n 

ii. Each Ci having a cluster head Ch which is denoted by the given cluster information based on the cluster 

features. 

iii.  For each (Ci! =null) 

Extract the all features from Ch 

      If (Ci index is 0) 

  Create a new cluster otherwise  

 Calculate the weight of current cluster Ci and classified clusters. 

iv. Collect all weight list from all clusters. 

v. find best maximum weight cluster group. 

vi. Assign current cluster to highest weight group. 

vii. end for  

Preprocessing Algorithm: 

Step 1:  Review every comment C from dataset D. 
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Step 2: Apply tokenization to input review 

Step 3: Perform stop-word removal functionality on C 

Step 4: Use stemmer algorithm to obtain the root words. 

H. Dataset 

Numerous experiments are being done on product comments, which we obtain from various web applications. 

First we created one web portal like e-commerce application where user can buy various products. For the users 

discussion purpose we made there one forum where user can enter or update his/her own comments about the 

specific products. The same data we have used for processing purposes, it is multidimensional data and we store 

it into MySQL as well as .csv file format. 

The most utilized datasets is from web applications, which contains survey of five specific electronic items (e.g., 

Nikon Quickpix 4500). Every sentence is physically commented on with viewpoint terms and also annotator 

agreement has been accounted for. Every sentence is chosen to express clear positive or negative suppositions. 

There are some sentences having clashing suppositions about viewpoint terms (e.g., "The screen is clear 

however little, it‟s a 4.8-inch screen").  

I. Proposed Results 

For the proposed system performance evaluation, we calculate matrices for accuracy. We implement the system 

on java 3-tier MVC architecture framework with INTEL 3.0 GHz i7 processor and 8 GB RAM. Some user 

comments are positive or negative, and the data contains around 80,000 user‟s comments. The system finally 

classifies all the comments as positive, negative as well as neutral. Negation handling also works at the time of 

aspect classification. Here table 1 shows the estimated system performance with different existing systems. So, 

proposed results are around on satisfactory level.  

Approach  Feature 

selection 

Data Source  Accuracy 

Lexical 

Resource 

POS Apriori Amazons customers Reviews 87.07% 

Lexical 

Approach 

Graph 

Distance 

Measurement 

Users Blog Posts 82.85% 

Hybrid n-gram Movie based review 90.05% 

Naive 

Bayes 

Information 

Gain 

Canteen services reviews 91.75% 

Naive 

Bayes and 

SVM 

Based on 

minimum 

cuts 

Movie reviews from users 85.90% 

Proposed 

Approach 

NLP and ML Specific Product based Review 95.90%(Estimated) 

Table 1:  Performance Analysis of Proposed System 

Table 1 shows the estimated result after completion of the system implementation.  
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IV. CONCLUSION 

We have proposed sentiment classification approach based on product aspects and then ranking these aspects. 

The modules for this include Preprocessing Module, Product Aspect Identification, Sentiment Classification, 

and Aspect Ranking. The preprocessing module contains the sub modules for tokenization, Stop word removal 

and Stemming. Synonym handling is done for aspects with same meaning but different name to avoid 

ambiguity. Sentiment classification is done based on aspects and ranking of these aspects is decided based on 

their calculated weight. We have also considered the Negation handling feature for obtaining better accuracy. 

We will also consider the intensity of the reviews to minimize the errors in classification. This framework will 

allow the user not only to judge between the different products but also the user can judge the individual aspects 

of the products. 
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