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Abstract:  

We have seen a huge amount of growth on review websites. We convert the feedback data to weighted data to detect user polarity 

and detect inter-social dynamics and its impacts on other members. The availability of these huge data sets offers numerous 

research opportunities for deriving meaningful cause-effect relationships for many applications. To mine valuable informat ion 

from rev iews to understand user’s preferences, and make an accurate recommendation is crucial. To filter out unrelated 

informat ion and to increase the accuracy of classification, the preprocessing procedure has been developed.  Social user 

sentimental measurement approaches is proposed and calculate each  user sentiment on items or products. More precisely pinpoint 

the reasons for user satisfaction/dissatisfaction on the items. 

 

I.  INTRODUCTION 

 

The domain of sentiment analysis has seen a great interest 

with the rap id increase of availab le text data containing 

opinions and recommendations on the web (movie reviews, 

forum, debates, tweets and other entries in social networks).A 

challenging area is the development of opinion detection 

methods relying on these new sources. Opinion detection 

systems using sentiment analysis have been developed to 

target customers and evaluate the success of market ing. There 

is more personal information in online textual reviews, which 

plays a very important role on decision processes. Hence, how 

to mine rev iews and the relat ion between reviewers has 

become an important issue in web min ing, machine learning 

and natural language processing. Reviews contain enough 

detailed product informat ion and user opinion informat ion, 

which have great reference value for a user’s decision. Rev iew 

websites provides a broad thought in mining user preferences 

and predicting user’s ratings  Sentiment analysis is the most 

fundamental and important work in extract ing user’s interest 

preferences. Sentiment is used to describe user’s own attitude 

on items. Reviews represent the so called user-generated 

content, and this is of growing attention and a rich resource for 

market ing teams, sociologists and psychologists and others 

who might be concerned with opinions, views, public mood 

and general or personal attitudes. It focuses on finding how 

people feel about entities, events, or other objects. It is more 

important to provide numerical scores rather than binary 

decisions. It is difficu lt for customers to make a choice when 

all candidate products reflect positive sentiment or negative 

sentiment. To make a purchase decision, customers not only 

need to know whether the product is good, but also need to 

know how good the product is. It’s also agreed that different 

people may have different sentimental expression preferences.  

In our daily life, customers are most likely to buy those 

products with highly-praised reviews. Customers are more 

concerned about item’s reputation. To obtain the reputation of 

a product, sentiment in reviews is necessary. If item’s reviews 

reflect positive sentiment, the item may be with good 

reputation to a great extent. Oppositely, if item’s reviews are 

full of negative sentiment, then the item is to be with bad 

reputation. When we search the net for purchasing, both 

positive reviews and negative reviews are valuable to be as 

reference. For positive reviews, we can know the advantages 

of a product. For negative reviews, we can obtain the 

shortcomings in case of being cheated. Drugs may cause 

different side effects, which are mostly discovered during drug 

development. Pharmaceutical companies, for example, 

traditionally rely on clin ical t rials to establish the efficacy and 

side effects of drugs. Reviews maybe have incomplete 

sentences; they often do not follow syntactic or semantic rules. 

Furthermore, for ext racting drug-effect relationship, the 

automatic extract ion process is often hindered by the 

complexity of drug names, often causing misspellings. 

 

II. RELATED WORK 

 

In this section, we survey recent work related to our approach. 

We review some approaches based on collaborative      

filtering (CF). Then, we review the utilized rating prediction 

/recommendation methods based on matrix factorization. The 

task of collaborative filtering is to predict user preferences for 

the unrated items, after a list of most preferred items can be 

recommended to users. Data set is used to evaluate the multi-

way classification of semantic relations between nominals in a 

sentence [1]. The basic idea is that people expressed similar 

preferences in the past will prefer to buy similar items in the 

future. In this task, nine relations, including cause-effect 

relations, were classified. The task was to identify the type of 

relations between these two nominals from given sentences, in 

which two nominals were highlighted by tags. 

 

There are some best approaches such as UTD [3] and FBK [4]. 

UTD has achieved the highest score in this evaluation [3]. The 

authors employed many different features, including lexical 

features, Word Net, nominalization, etc.  

 

They split the task into two steps. First they classified the type 

of relation, and then they used another classifier to classify the 

direction of relat ion.  the authors of FBK used only one 

classifier to handle the task, and it required fewer data sources, 

but the result was only slightly worse than UTD's [4]. UTD 

achieved an F-score of 82.19 overall with 8000 training 

instances, and 89.6 on cause effect relation classification [3]. 

FBK received an F-score of 77.62 overall, and 76.14 on cause-

effect relat ionship [4]. But these research showed good results 
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in classifying relations between two nominal’s  in a sentence, 

their approaches were based on given nominal’s  and complete 

sentences. There is an effect ive way of class ifying cause-effect 

relations [2]. Due to a high dependence on patterns, only 61% 

of the cause terms were found from the dataset. 

 

Where Adverse Drug Reactions (ADR) was defined as a drug 

side effect caused by a drug at normal dose, during normal use 

[5]. 

 

A computational approach for collecting, processing, and 

analyzing tweets to discover ADR was developed. [6] Propose 

a generic method that allows tags to be incorporated to 

standard collaborative filtering (CF) algorithms and to fuse the 

3-dimensional correlations between users, items and tags. 

Sentiment analysis can be conducted on three different levels: 

review-level, sentence-level, and phrase-level. It attempts to 

classify the sentiment of a whole review to one of the 

predefined sentiment polarit ies, including positive, negative 

and sometimes neutral. Attempt to extract the sentiment 

polarity of each feature that a user expresses his/her attitude to 

the specific feature of a specific product. The main task of 

phrase-level sentiment analysis is the construction of 

sentiment lexicon. 

 

Polanyi et al [7] describe how the base attitudinal valence of a 

lexical item is modified by lexical and discourse context and 

propose a simple implementation for some contextual shifters. 

They calculate user sentiment based on a finer grained method 

on all levels 

 

Zhang et al. [9] propose a self-supervised and lexicon-based 

sentiment classification approach to determine sentiment 

polarity of a review that contains both textual words and 

emoticons. And they use sentiment for recommendation. 

 

Pang et al. [8] propose a context insensitive evaluative lexical 

method. However, they cannot deal with the mismatch 

between the base valence of the term and the author’s usage. 

 

Zhang et al. [8] propose a self-supervised and lexicon-based 

sentiment classification approach to determine sentiment 

polarity of a review that contains both textual words and 

emoticons. And they use sentiment for recommendation. 

 

Zhang et al. [10] propose an Explicit Factor Model (EFM) to 

generate an explainable recommendation; they extract explicit 

product features and user opinions by phrase-level sentiment 

analysis on reviews. 

 

III. PROPOS ED S YS TEM 

 

The purpose of our approach is to find effective clues from 

reviews and predict items reputation. In this paper, we firstly 

extract product features from user reviews it is known as 

dataset collection. It involves raw collection of drug reviews. 

And then we introduce method called preprocessing. Which 

will filter the unrelated information and the next phase called 

sentimental analysis will analysis the dataset which is filtered 

using preprocessing and then it will pass through the 

sentimental analysis tracking phase. And it will show the 

number of positive and negative sentiment details and the 

reviews nature. The following sections describe more details 

about our approach. 

 

 

Architecture diagram 

 

       

 

 

 

 

 

 

 

 

 

 

 

 

Figure.1. Architecture Diagram 

 

3.1 Dataset collection 

 Dataset is a collect ion of data. In our approach we collect data 

from user reviews about drugs from drug websites, these 

collected data about user opinion of drugs made as input to our 

modules.  It involves collecting opinionated text documents. 

We can collect number data in this raw dataset collection. It 

contains more number of drug product informat ion and it may 

contains different drug from various fields. We ext ract product 

features from textual rev iews. We main ly focus on drug 

related issues that are posted by users, and also focus on 

advantages about the drug product that were experienced by 

the users. These collected user opinion may contain more 

unrelated information. It contains user emotional words which 

are more valuable for sentimental analysis process. All these 

valuable information, which consists of user sentimental 

details are used as valuable assets. Initially dataset collection 

contains all the reviews without any filtration. It   may contain 

medical lexical words. It contains symbols, emotional 

expressions, mathematical expressions, and special characters.  

The dataset which we collected was in the format of excel 

sheet and It is used as the input file to the next module known 

as   preprocessing. 

 

3.2 Preprocessing. 

 Pre-processing the data is the process of cleaning a preparing 

the text for classification. The data pre-processing involves 

collecting opinionated text documents, performing in itial data 

cleaning and transforming relevant text data into the input 

variables form as needed by self-organizing maps. on words 

level, many words in the text do not have an impact on the 

general orientation of it. Keeping those words makes the 

dimensionality of the problem high and hence the 

classification more difficu lt since each word in the text is 

treated as one dimension.  Here is the hypothesis of having the 

data properly pre-processed  to reduce the noise in the text 

should help improve the performance of the classifier and 

speed up the classification process, thus aiding in real time 

Data set 
Collection in 

Excel 

 

Upload 

 

Data List 

 

Saved in SQL 

 

 

Preprocessing  

 

Emoti
onal 

words 

 

Stop  
word 

 

@ 
sym
bol 

 

Sentimental 

analysis 

Positiv
e 
 

Neutral  

 

Negativ
e 

 
Analysis 

tracking 

Search 

Drug name  

Sugge

stions  



International Journal of Engineering Science  and Computing, March 2017         5142                                                                 http://ijesc.org/ 

sentiment analysis. The whole process involves several steps: 

online text cleaning, white space removal, expanding 

abbreviation, stemming, stop words removal, negation 

handling and finally feature selection. user tags, symbols, 

Unicode characters, and URLs were all removed in this 

process. In this study, we have performed tokenizat ion, 

stemming and stop word removal in data pre-processing. To 

construct the vocabulary, we firstly regard each user’s review 

as a collection of words without considering the order. Then 

we filter out “Stop Words”, “Noise Words” and emotional 

symbols, special characters,degree words, and negation words. 

A stop word can be identified as a word that has the same 

likelihood of occurring in those documents not relevant to a 

query as in those documents relevant to the query. For 

example, the “Stop Words” could be some prepositions, 

articles, and pronouns etc. After words filtering, the input text 

is clear and without much interference fo r generating topics. 

Features in the context of opinion mining are the words, terms 

or phrases that strongly express the opinion as positive or 

negative. Drug names were replaced by a fixed token. By this 

the dimension of features was reduced, thereby reducing the 

impaction caused by drug names. This means that they have a 

higher impact on the orientation of the text than other words in 

the same text. In this module we use pos tagger where we 

invoke text sanitizer. We also added POS to the unigram 

features. The POS tagging is a grammatical tagging. It 

categorizes each word corresponding to its position as a 

particular part of speech.  POS tag is used to identify the short 

term words in the given input. And it identifies the related 

words and removes the unwanted words from the data set. 

 

3.3 Sentimental  Analysis 

Sentiment analysis is the process of analyzing and accounting 

positive and negative reviews made by the customers. We 

used sentimental dictionary in this phase.  

 

We have five different levels in sentiment degree dictionary 

(SDD), which has 128 words in total. There are 52 words in 

the Level-1, which means the highest degree of sentiment, 

such as the words “most”, and “best”. And 48 words in the 

Level-2, which means higher degree of sentiment, such as the 

words “better”, and “very”. There are 12 words in the Level-3, 

such as the words “more”, and “such”. There are 9 words in 

the Level-4, such as the words “a little”, “a bit”, and “more or 

less”. And there are 7 words in the Level-5, such as the words 

“less”, “bit”, and “not very”. Also, we built the negation 

dictionary (ND) by collecting frequently-used negative prefix 

words, such as “no”, “hardly”, “never”, etc 

 

We firstly div ide the orig inal review into several clauses by 

the punctuation mark. Then for each clause, we firstly look up 

the dictionary SD to find the sentiment words before the 

product features. A positive word is initially assigned with the 

score +1.0, while a negative word is assigned with the score 

−1.0. Secondly, we find out the sentiment degree words based 

on the dictionary SDD and take the sentiment degree words 

into consideration to strengthen sentiment for the found 

sentiment words. When we express positive sentiment by 

saying “high quality”, but “high price” or “high noise” 

represents the negative sentiment. As a result, such direct rule 

may result in incorrect sentiment estimat ion. so in order to 

provide solution to this problem we invoke linguistic ru les by 

applying conjunctive rules. 

 

 

 

Table.1. Conjunctive rules  

Dict ionaries REPRESENTATIVE WORDS 

SD(8938 POSITIVE-

Words(4379):attractive, clean, 

beautiful, comfy, convenient, 

delicious, delicate, excit ing, 

fresh, happy, homelike, nice, 

ok, yum …  

NEGATIVE-

Words(4605):annoyed, awful, 

bad, poor, boring, complain, 

crowed, dirty, expensive, 

hostile, sucks, terribly, 

unfortunate, worse …  

 

ND(56)  

 

no, nor, not, never, nobody, 

nothing, none, neither, few, 

seldom, hardly, haven't, can't, 

couldn't, don't, didn't, doesn't, 

isn't, won't,…  

 

SDD(128)  

 

Level-1 (52): most, best, 

greatest, absolutely, extremely, 

highly, excessively, 

completely, entirely, 100%, 

highest, sharply, superb… 

Level-2 (48): awfu lly, better, 

lot, very, much, over, greatly, 

super, pretty, unusual…  

Level-3 (12): even, more, far, 

so, further, intensely, rather, 

relatively, slightly more, 

insanely, comparative. 

Level-4 (9): a  little, a bit, 

slight, slightly, more or less, 

relative, some, somewhat, just. 

Level-5 (7): less, not very, bit, 

litt le, merely, passably, 

insufficiently.    

 

 

It is Necessary to check the number of positive and negative 

Reviews by implementing K-NN (K- nearest neighbor  

Algorithm) which is derived from sample data sets. K-NN is a 

type of instance-based learning, or lazy learning, where the 

function is only approximated locally and all computation is 

deferred until classificat ion. It is used for classification and 

regression. where classification consists of object which are 

classified by taking major vote from the neighbors. Objects 

where being assigned to the class is most common among its 

k-NN. The k-NN algorithm is among the simplest of 

all machine learning algorithms. Pred iction for test data is 

done on the basis of its neighbors. The neighbors are taken 

from a set of objects for which the class (for k-NN 

classification) or the object property value (for  k-NN 

regression) is known. 

 

3.4 Sentiment Analysis Tracking 

Reviews posted by the customers will be mostly indicating 

positive or negative sentiments in a very similar manner. So to 

analyze a particular rev iew through a keyword is known as 

sentimental analysis tracking .where by using a keyword like 

drug name we get the information about the drug polarity 

nature such as positive and negative sentimental values that a 

drug got from the customers reviews and it also  shows the 
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relative drugs that are related to the same disease. The number 

of reviews got by the individual drugs were also calculated 

and displayed during this process. When we search emotional 

oriented words in this module reviews that contain that 

particular sentimental word that we searched for will be listed 

means it will shows the entire list of review which contain that 

searched keyword.  

 

For example: When we search the word vomit it will show 

the entire list of reviews that contain the particular word vomit 

in this set of process. After the drugs which contain the 

number of positive and negative sentimental details where 

displayed. That positive and negative sentiment percentage 

where calculated to give a suggestion to the product owner 

that it is a good product and it can be sold in a great scale. 

This suggestions where fully used to give the product owner 

some future reference.  

 

IV. CONCLUS ION 

 

Collecting   opinions   from   the user reviews   about   the   

drugs from review websites posted unique challenges. Such as 

reviews are usually short sentences or phrases that do not 

follow former grammar or syntax rules, and on   drug names 

are often long and easily misspelled, some short ones may be 

misidentified as common words. We have proposed a four 

step pipeline to identify sentimental rev iews that reveal 

informat ion about drugs. The data is collected from the real 

time reviews and which is then filtered using the 

preprocessing in which all the @ symbols, emotional words, 

stop words and the un related informat ion within the reviews.  

And by enhancing preprocessing we can gradually improve 

the performance of the classification process using the 

sentimental analysis phase which involves  classification 

algorithm known as k-NN (Nearest neighbor algorithm).which 

involves the process of classification of reviews about the 

drugs.  At the final stage we search the drug which we need to 

know the information about the drug. Then the polarity details 

will be displayed about the particular drug that we searched 

for and finally the suggestion will be made according to the 

result of analysis. it can also display the details of the 

particular word that is present in the reviews if we wanted so. 

The prediction accuracy is good due to the classification 

algorithm that we used here.  

 

Future Enhancement 

 

Future work may include using more labeled data to enhance 

the training set, enhancing data collection where most drug 

names are complex that can be easily mistyped. Some drugs 

are identical to common words more studies are required in 

this field to correctly identify that word s which are associated 

with common words. Usage of more lexical d ictionary words 

will increase the accuracy of the analysis.  
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