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Abstract— Data Mining is a non-trivial process of analysing large databases or data warehouses to extract knowledge and useful 
patterns. Sentiment analysis is an area in data mining that uses the web as a data source. It is also known as Opinion Mining and is a 
very important and extensively premeditated topic in Web content mining and Natural language processing. It is a process of 
extracting sentiments or emotions from a database of reviews or comments. Basically, it is the classification task that groups the 
reviews according to their polarity but it can actually accomplish tasks such as summarization, spam content detection, product 
recommendation, buying behaviour recognition and objectionable content detection on social media also. Mostly data collected from 
the web is in unstructured and noisy form. So, pre-processing of web content is a crucial step that increases the accuracy of classifier 
in sentiment analysis but it is often ignored. Keeping in mind the importance of this step, major pre-processing techniques are 
reviewed and are analysed for their advantages and disadvantages. Along with preprocessing, lexicon based sentiment analysis is also 
a booming research area. A new hybrid algorithm has been proposed that combines various lexical resources and introduces some 
customized resources that enhance the results generated by the existing lexicons. The proposed technique is a combination of 
techniques that allow the efficient classification of opinionated data. The new technique is hence compared with the existing 
techniques and it has been experimentally observed that the proposed technique performs better than the existing techniques in terms 
of accuracy, F-measure and also Mathew’s correlation coefficient. The error rate has also decreased significantly. In future, the new 
technique can be implemented on different datasets and other lexicons like SentiStrength, SenticNet lexicons can also be used. 
Keywords— Sentiment Analysis, Opinion Mining, Lexicon Based Methods, TextBlob, VADER. 

I. INTRODUCTION 

Sentiment Analysis (SA), also called Opinion Mining (OM) is the field of text mining and web mining that analyses users’ 
sentiments, opinions, and emotions about a particular product, service or a topic [1]. SA uses natural language processing, 
machine learning or lexical resources, text analysis, statistical and linguistic knowledge to analyse, identify and extract 
information from documents as described in Fig. 1 [2]. 
In the era of computerization, web 2.0 is growing significantly. Web 2.0 is the dynamic web that contains dynamically 
processing websites that generally deal with data servers to store and update information online. Web 2.0 includes social 
networking, information providing, media sharing websites along with online shopping sites. This extensive information 
explosion suggests that customers often check other users’ suggestions in online shopping sites, blogs, and reviews on social 
networking sites before buying a product or getting a service. According to the Oxford dictionary, SA is the process of 
computationally identifying and categorizing opinions expressed in a piece of text to determine whether the writer’s attitude 
toward a particular topic, product, and so on is positive, negative, or neutral [3].  

 
Fig. 1 Sentiment Analysis and Opinion Mining 

Basically, there are three major categories to divide the polarity of the sentence or review but in some research works more than 
three categories are also introduced along the predefined scale. 
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II. BASIC PROCESS OF SENTIMENT ANALYSIS 

In general, SA can be considered as a classification process. SA can be done at three levels of classification i.e. document level, 
sentence level, and aspect level. At the document level, SA classifies the whole document as positive, neutral or negative. Some 
researchers consider document level classification similar to sentence level classification but considering document as a unit for 
sentiment classification is generally not very advantageous when the dataset is small and sentiment of each sentence is varying. 
At the sentence level, opinion or sentiment of each sentence is considered as a unit. The classification is carried out in two steps. 
The first step excludes factual sentences that do not express any sentiment from the dataset. In the next step, subjective 
sentences are differentiated as positive, negative and neutral. At aspect level, classification is done on the basis of particular 
words present in the sentence. Various classifiers are used that determines the polarity of the sentence by the presence of 
particular words. Some other fields in SA include Emotion Detection, Building Resources and Transfer learning [4]. Resources 
include lexical resources that are used as a dictionary in the task of SA. These resources have pre-assigned polarity for many 
words along with synonyms and antonyms. Transfer learning is a typical machine domain that stores knowledge acquired while 
solving a problem to apply it to solving another related problem. The basic process of SA is given below that comprises of basic 
three steps as given in Fig. 2. 
 Dataset selection 
 Pre-processing of the dataset 
 Feature selection or feature acquisition 
 Polarity classification 
The final results give the sentiment polarity of each word or sentence that can be used for summarization or classification of 
reviews on a specified scale. 
Dataset is generally a collection of user reviews and comments about a particular product, service, event or a person. These 
reviews are collected from online sources or forums using web crawling method or manual selection of dataset.  

 
Fig. 2: Process of Sentiment Analysis 

 
Pre-processing is the first step in text classification, after collection of data. Pre-processing is the procedure of cleansing and 
preparing texts that are going to be classified [5].  

 
Fig. 3: Pre-processing Techniques in Sentiment Analysis 

The right combination of pre-processing techniques can efficiently improve the accuracy of the classification task. Tokenization 
is the first and common step in pre-processing techniques. Tokenization is a task of separating the full-text string into a list of 
separate words [6]. The various Pre-processing techniques that can be applied to review data are given in Fig. 3. Techniques 
like URL removal, Unicode removal, punctuation removal, removing numbers and stop word removal decrease the noise in 
review data. Lemmatizing and stemming are used to bring each word to its basic form so that classification can be done easily. 
Negation handling, POS tagging, slang word replacement increase the classification accuracy significantly. Spelling correction 

Review Dataset Preprocessing Feature 
Extraction Classification Sentiment 

Polarity

Preprocessing 
Techniques

Basic Techniques

Tokenization

Removing URLs

Removing Unicode Strings

Removing Punctuations

Domain Specific 
Techniques

Stop Word Removal

Removing Numbers

Stemming

Lemmatization

Spelling Correction

Lowercasing

POS Tagging

ISSN NO: 0972-1347

http://ijics.com2

INTERNATIONAL JOURNAL OF INFORMATION AND COMPUTING SCIENCE

Volume 6, Issue 6, June 2019



brings the misspelled words, internet shorthand words and slang words to their actual representation that can be efficiently 
matched with the dictionary terms. 
After pre-processing next step is the classification of reviews according to their polarity. Sentiment classification can be divided 
into machine learning techniques, semi-supervised techniques and lexicon based techniques as shown in Fig. 4. Each technique 
has various algorithms associated with it. Lexicon based techniques are unsupervised learning techniques and there is no need 
for training data in advance. This technique can be divided into two basic approaches i.e. manual approach and dictionary-based 
approach. The manual approach is a time-consuming approach as lexicon needs to be coded by hand. The other technique i.e. 
dictionary-based approach generally deals with already available lexical resources like Wordnet, Sentiwordnet, Vader, 
Sentistrength, etc. To increase the efficiency of these lexical resources, synonyms and antonyms are utilized for polarity 
assignment [7]. 
Machine learning is a supervised approach that provides a solution to a classification problem in two steps i.e. learning the 
model from a corpus of training data then classifying the unseen data based on the trained model [8]. Mostly used machine 
learning algorithms are Naïve Bayes Classification, Support Vector Machine, Artificial Neural Networks, Random Forest, 
Genetic Algorithms, Decision Trees, Ensemble Vote Methods, and Decision Trees [9]. 

 
Fig. 4: Classification Techniques in Sentiment Analysis 

Some semi-supervised techniques are also proposed by various researchers that include the benefits of both machine learning 
and lexicon based approaches. 

 

III.  RELATED WORKS 

Symeon Symeonidis, et al. [5] gathered common pre-processing techniques from previous studies, added some new ones and 
evaluated them on two datasets using four machine learning algorithms. An ablation and combination study was performed in 
order to determine high-performance techniques and their interactions. It was concluded that the techniques like lemmatization, 
removing numbers, removing repetition of punctuation increased the efficiency but techniques like punctuation removal and 
stop word removal do not impact the efficiency to a higher extent 
V. V. Nhlabano, et al. [10] considered text pre-processing as a crucial step in challenging text classification tasks. Further, the 
effect of stemming, stop word removal and feature selection on social media data classification was discussed. The applied 
techniques improved predictive accuracy as well as decreased the dimensionality of the classification model. Shreyas 
Wankhede, et al. [11] analysed the usage and importance of preprocessing on social media data as social media data is 
compact and this increases the chances of misspelling and other problems. The social media dataset considered here is Twitter 
dataset and due to the short size of tweets, there are misspelled words as well as abbreviations present in tweets. The 
methodology introduced pre-processing techniques like URL and hashtag removal, spell checking and correction before 
applying the classification method. 
Tajinder Singh, et al. [12] evaluated the effect of pre-processing on Twitter data especially in terms of slang words. It was 
considered that short texts like tweets are full of information, noise, abbreviations, symbols, folksonomy, and unidentified 
words. N-gram method was used to bind slang words with coexisting words and the impact of these words on the sentiment of 
the tweet. Along with slang normalization, hashtag removal, URL removal, punctuation removal and stop word removal 
techniques were also applied.  
Giulio Angiani, et al. [13] aimed to highlight the importance of pre-processing techniques and show how they can improve 
system accuracy. The methodology uses supervised machine learning based technique i.e. Naïve Bayes Binomial for the 
classification of text reviews. This methodology applies each of most known filters like emoticons detection, stemming, spell 
correction and negation handling along with the basic cleaner. 
Erik Cambria et al. [14] discussed natural language processing problems like micro text normalization, sentence boundary 
disambiguation, POS tagging, text chunking, Lemmatization, word sense disambiguation, concept extraction, named entity 
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recognition, anaphora resolution, subjectivity detection, personality recognition, sarcasm detection, metaphor understanding, 
aspect extraction and polarity detection that need to be solved for human-like performance of sentiment analysis system.  
Emma Haddi, et al. [15] explored the role of text pre-processing in sentiment analysis and demonstrated that appropriate 
feature selection and representation improve accuracy in Support Vector Machine (SVM) classifier. The preprocessing removes 
HTML tags, scripts and advertisements from the dataset.  
Akrivi Krouska et al. [16] analysed the effect of pre-processing on Twitter dataset. This study showed the importance of 
sentiment analysis in e-learning systems and decision support systems. This research used unigrams, bigrams and one to three 
grams for data representation and applied TF-IDF, stemming, stop word removal and tokenization on each dataset.  
Walla Mehdat et al. [4] gave a comprehensive overview of recently proposed sentiment analysis algorithms and applications 
of sentiment analysis. Feature selection methods and classification methods were explained briefly. The related topics like 
transfer learning, emotion detection, and building resources were discussed in this study. The major studied techniques in 
lexicon-based approach were dictionary-based approach, statistical corpus-based approach, and semantic corpus-based approach 
whereas in machine learning were decision trees, support vector machines, neural networks, Naïve Bayes, Bayesian network 
and maximum entropy techniques.  
Shahid Shayaa et al. [9] presented systematic literature review to discuss both technical aspects i.e. techniques used and types 
as well as non-technical aspects i.e. application areas of opinion mining and sentiment analysis (OMSA) and highlighted 
challenges in OMSA techniques. Various techniques of classification i.e. keyword-based classification, lexicon based 
classification and machine learning based classification along with different datasets on which these techniques were applied 
were discussed.  
N. Azzouza et al. [17] presented a real-time implementation of a system that can discover and track opinions on Twitter using 
Apache Storm tool. The system provides multiple opinions representations through dynamic graphic visualizations. An 
unsupervised machine learning technique was used to analyse opinions and detect tweet polarity. 
Y. Zuo et al. [18] proposed CAMEL, a novel topic model for complementary aspect-based opinion mining across asymmetric 
collections. CAMEL gains information complementarily by modelling both common aspects and specific aspects across the 
collection. An auto labelling technique called AME was also proposed that helped to discriminate between aspect and opinion 
words without elaborative human labelling which can be further enhanced by adding word embedding based similarity as a new 
feature. 
 R. Geetha et al. [19] proposed a path for boosting Twitter sentiment analysis using various sentiment proportions as meta-level 
features. The dataset considered was the set of user reviews related to iPhone 6. The methodology used was a lexicon based 
approach that uses Opinion Finder Lexicon (OPL) for polarity identification. The related words correspond to Opinion Finder 
Positive Words (OPW) and Opinion Finder Negative Words (ONW) respectively.  
F. H. Khan et al. [20] presented a framework for Twitter Opinion Mining (TOM) for Twitter feeds classification based on a 
hybrid approach. The challenges presented by the research were named entity recognition, anaphora resolution, parsing, 
sarcasm, Twitter abbreviations, poor spellings, poor punctuations, poor grammar, incomplete sentences, and sparsity.  
M. Eirnaki et al. [21] presented an algorithm which not only analysed the overall sentiment of a document or a review, but also 
identified the semantic orientation of specific components of the review that lead to a particular sentiment. The algorithm was 
integrated with an opinion search engine which presented results to a query along with their overall tone and a summary of 
sentiments of the most important features. Data preprocessing was done by tagging the user mentions and URLs.  
D. Chatzakou et al. [22] discussed the approaches of harvesting opinions and emotions from social media data with emphasis 
on detecting sentiments from web 2.0 textual resources. The approach of sentiment analysis was divided into sentence based 
analysis and document-based analysis. Sentence based analysis used Bag of Words (BOW) model or N-gram model using n-
gram filtering and n-gram tagging.  
Atanu Dey et al. [23] presented a methodology to create an N-gram lexicon for SA. Existing lexicons only contain unigrams 
along with their sentiment score. The paper concluded that using unigrams along with intensifiers or negations can increase the 
efficiency of lexicon-based SA. When used Senti-N-gram lexicon, the proposed method outperformed well-known unigram-
lexicon based approach using VADER and an n-gram SA approach SO-CAL.  
Nilesh M. Shelke et al. [24] proposed a simple framework for text classification. The paper presented the categorization of 
features and feature selection techniques. A framework for the selection of features and then calculating polarity of the words 
using lexicon was proposed. The framework calculated a score according to the noun phrase and verb phrase present in the 
review.  
S. Huang et al. [25] observed that emoticons which are widely used on social media because of their simplicity and 
visualization were good indicators of sentiment orientation. The study represents a sentiment word model based on emoticons 
which built orientation model of the sentiment words with the orientation of emoticons and train the model with the SVM 
classifier It was concluded that ECWM model correctly represented the orientation of sentiment words as compared to previous 
models. 
S. Kadge et al. [26] considered that opinion mining was performed by matching words to a dictionary or corpus with static 
content. So recognition of new words was not possible. A novel algorithm concerned with auto addition of new words at the run 
time thus making the dictionary dynamic was proposed. The main challenge in this process is considered to be sarcasm 
detection and anaphora resolution that included some words that carried different meaning and were difficult to analyze. 
P. W. Liang et al. [27] presented a new system architecture that can automatically analyze the sentiment of the message and the 
system was combined with the manually annotated data from Twitter. The proposed system allowed the machines to extract a 
set of reviews which contained opinions and calculate the non-opinionated words. The preprocessing techniques used were 
lowercasing, emoticon extraction, URL removal, POS tagging, repeated character replacement and stop word removal.  
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IV.  METHODOLOGY 

The main objective of the research is to develop a lexicon based sentiment analysis and opinion mining system that can handle 
the words that are generally not present in the classic lexicons or non-dictionary words like slang, emoticons, technical words, 
misspelled words or even obsolete words. The presented system is based on five major modules. Each module has its own 
working as depicted in figure 5. Different lexicon based methods are used for classification of text i.e. TextBlob is used to 
calculate the polarity of the basic words or general dictionary words while Vader lexicon is used to analyse slang as well as 
emoticons. Some of the new resources are used each for technical words, abbreviations and obsolete words that access the 
words not analysed by both of the previous lexicons. In the final module, misspelled words are handled by using spell 
suggestion and spell correction. If a word is misspelled then suggestions are generated and the best suggestion is selected on the 
basis of Edit Distance algorithm for comparing strings. 

A. Data Collection 

The dataset desired for the purpose of sentiment analysis is online review data that is collected from a number of resources. The 
dataset is collected from online shopping site Flipkart [28] about Dell Inspirion laptop reviews that are provided open source on 
the shopping portal. The dataset contains a collection of more than 100 reviews along with the name of the author, rating is 
stored in both CSV and text file.            

 
Fig. 5: Methodology 

B. Preprocessing Techniques 

Preprocessing of the data collected from the online resources is an important step as data is present in raw form and has a 
number of anomalies. A number of preprocessing techniques have been proposed in previous researches. Among the given 
preprocessing techniques, tokenization, stop word removal, lemmatization, and removing numbers are applied on the given 
dataset. 

C. Classification Process 

The classification process is done in five steps: 
1) TextBlob Classification: TextBlob is a python library used to classify text into positive, negative and neutral polarity. 

TextBlob returns the subjectivity as well as the polarity of the word or a sentence. 
2) Vader Classification: Vader lexicon is considered as a better performing lexicon as compared to other lexical resources 

present online. Vader returns positive, negative and compound polarity of the dictionary words, slang words, and 
emoticons. 

3) Technical Word Dictionary: A technical word dictionary is used along with the polarity range of -1 to 1. Technical words 
and internet shorthand are classified according to predefined polarity. 

4) Obsolete Words and Abbreviation Dictionary: An obsolete word dictionary is constructed using Oxford Dictionary 
obsolete words, common abbreviations, and shorthand used on internet. 

5) Spell suggestion and correction: The remaining words are considered to be misspelled. Pyenchant library of python is 
used to generate spell suggestion of the misspelled words. Further, among all the suggested words the best suggestion is 
calculated by applying edit distance algorithm for comparison of two strings. 
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D. Polarity Calculation 

The results from each classification step are analys
overall polarity, average sentence based polarity is calculated which is used to determine the average sentiment expressed by
users in a document. 

E. Result Generation 

The final results are generated in the form of the average polarity of each document and the average polarity can be used to 
access the overall sentiment of the document without the need of manual treatment of each sentence or review in the whole 
dataset.  
Algorithm of Proposed Work 
ALGORITHM-SAusingLexicon 
1. Select dataset file in .csv file format. 
2. Tokenize each review using sent_tokenize  
    For each line separated using sent_tokenize 
 Apply preprocessing technique stop word removal and removing numb
3. Tokenize using word_tokenize 
    For each word separated using word_tokenize
 Apply lemmatization and store in .txt file.
4. For each line in preprocessed review file(.txt file)
   If word == dictionary_word 
 Calculate polarity using TextBlob 
   Else if word == slang_word or emoticon 
 Calculate polarity using Vader Lexicon
   Else if word == technical_word or obsolete_word or 
                            Abbreviation 
 Calculate polarity using customized dictionary
  Else apply spell suggestion 
 For each suggested word calculate edit_distance
      If edit_distance == min (edit_distance1, ……..,
                                                         edit_distancen)
      Apply spell correction 
 Calculate polarity of corrected word using Vader

 Lexicon 
5. Record and normalize values generated at each step.
6. Calculate overall and average polarity and return results.
7. End 

The output parameters used in the calculation of sentiment analysis accuracy are as follows:
Variance: The variance is the measure of deflection of calculated results from the original results. Variance determines the 
accuracy of the classifier by accessing the average predicted values of the document. It can be calculated as follows
Variance = | Original value- Calculated value | 
The confusion matrix is the matrix depicting true positives, true negatives, false positives, and false negatives. It is a ta
allows the visualization of the performance of an algorithm. It is a special kind of
identical sets of classes in both dimensions.  
 

Each combination of the contingency matrix is presente
 True positive (TP): correct positive prediction
 False positive (FP): incorrect positive prediction
 True negative (TN): correct negative prediction
 False negative (FN): incorrect negative prediction

Precision: Precision is the ratio of correctly predi
also known as the positive predicted value. Precision is presented in terms of correctly classified values to the total value

h classification step are analysed and normalized to find the overall polarity of each document. From the 
overall polarity, average sentence based polarity is calculated which is used to determine the average sentiment expressed by

The final results are generated in the form of the average polarity of each document and the average polarity can be used to 
access the overall sentiment of the document without the need of manual treatment of each sentence or review in the whole 

 
Apply preprocessing technique stop word removal and removing numbers. 

For each word separated using word_tokenize 
Apply lemmatization and store in .txt file. 

(.txt file) 

Calculate polarity using Vader Lexicon 
Else if word == technical_word or obsolete_word or   

Calculate polarity using customized dictionary 

each suggested word calculate edit_distance 
If edit_distance == min (edit_distance1, …….., 

edit_distancen) 

Calculate polarity of corrected word using Vader 

5. Record and normalize values generated at each step. 
6. Calculate overall and average polarity and return results. 

V.  EXPERIMENTAL RESULTS 

The output parameters used in the calculation of sentiment analysis accuracy are as follows: 
The variance is the measure of deflection of calculated results from the original results. Variance determines the 

accuracy of the classifier by accessing the average predicted values of the document. It can be calculated as follows
 

The confusion matrix is the matrix depicting true positives, true negatives, false positives, and false negatives. It is a ta
allows the visualization of the performance of an algorithm. It is a special kind of contingency table, with two dimensions, and 

 
Fig. 6: Confusion Matrix 

Each combination of the contingency matrix is presented as  
True positive (TP): correct positive prediction 
False positive (FP): incorrect positive prediction 
True negative (TN): correct negative prediction 
False negative (FN): incorrect negative prediction 

Precision is the ratio of correctly predicted values to the total predicted values in the confusion matrix. Precision is 
also known as the positive predicted value. Precision is presented in terms of correctly classified values to the total value

e overall polarity of each document. From the 
overall polarity, average sentence based polarity is calculated which is used to determine the average sentiment expressed by 

The final results are generated in the form of the average polarity of each document and the average polarity can be used to 
access the overall sentiment of the document without the need of manual treatment of each sentence or review in the whole 

The variance is the measure of deflection of calculated results from the original results. Variance determines the 
accuracy of the classifier by accessing the average predicted values of the document. It can be calculated as follows: 

The confusion matrix is the matrix depicting true positives, true negatives, false positives, and false negatives. It is a table that 
, with two dimensions, and 

cted values to the total predicted values in the confusion matrix. Precision is 
also known as the positive predicted value. Precision is presented in terms of correctly classified values to the total values that 
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are classified and carry a positive value. 

Recall: Recall is the ratio of correctly predicted values to total values in a particular class. The recall is also known as 
sensitivity. The recall is based on a particular class i.e. class yes (1) or class no (0). 

F-Measure: F-Measure is the weighted average of precision and recall. F
of the precision and recall values. 

F

Accuracy: Accuracy is the measure of correctly predicted v

Error Rate:  Error rate is the additive inverse of accuracy. It depicts the rate of incorrect results present in the confusion 
matrix. 

Error

Mathews Correlation Coefficient: It is the measure of binary classification quality and calculates the correlation in terms of a 
single value. It is used to represent the whole confusion matrix in a single term.

MCC =
√

 
An interface of the applied technique has been created in Python. 
for manual analysis, implementation of the previous technique, enhanced technique without preprocessing, and enhanced 
technique with preprocessing. 

Fig. 7
 

The manual computation of the true positives and true negatives has been done for analysis purpose. Three types of graphs i.e
precision, recall, accuracy and F-measure graph, error 
presented. The graphical representation of the data collected from various data 

Table 1: Polarity Variance 

The variance of the outputs of various techniques applied without 
dataset. 

   Techniques 
Manual 
Results 

Existing Technique 
(SentiWordNet) 

Enhanced 
Technique without 
Preprocessing

Flipkart 
Dataset 

26.0 22.8032 24.4727

Amazon 
Dataset 

44.0 38.3800 46.1800

DataWorld 
Dataset 

36.0 34.3965 34.2400

Precision =
TP

TP + FP
 

Recall is the ratio of correctly predicted values to total values in a particular class. The recall is also known as 
sensitivity. The recall is based on a particular class i.e. class yes (1) or class no (0).  

Recall =
TP

TP + TN
 

Measure is the weighted average of precision and recall. F-Measure is generally considered as a harmonic mean 

F measure =
2 ∗ Precision ∗ Recall

Precision + Recall
 

Accuracy is the measure of correctly predicted values to the total predicted values. 

Accuracy =
TP + TN

TP + TN + FP + FN
 

Error rate is the additive inverse of accuracy. It depicts the rate of incorrect results present in the confusion 

Error Rate =
FP + FN

TP + TN + FP + FN
 

It is the measure of binary classification quality and calculates the correlation in terms of a 
single value. It is used to represent the whole confusion matrix in a single term. 

(TP ∗ TN) + (FP ∗ FN)

√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
 

An interface of the applied technique has been created in Python. The title page of the interface shows four different modules 
for manual analysis, implementation of the previous technique, enhanced technique without preprocessing, and enhanced 

Fig. 7: Title page of Sentiment Analysis System 

The manual computation of the true positives and true negatives has been done for analysis purpose. Three types of graphs i.e
measure graph, error rate and Mathew’s correlation graph, and variance graph has been 

presented. The graphical representation of the data collected from various data platforms is given as Figure 8.
: Polarity Variance of Techniques without and with Preprocessing 

 Techniques
Manual 
Results 

Existing 
Technique 
(Vader) 

Flipkart 
Dataset 

26.0 22.8178

Amazon 
Dataset 

44.0 39.3400

DataWorld 
Dataset 

36.0 33.3900

 
The variance of the outputs of various techniques applied without preprocessing used is shown below by comparing it for each 

Enhanced 
Technique without 
Preprocessing 
24.4727 

46.1800 

34.2400 

Recall is the ratio of correctly predicted values to total values in a particular class. The recall is also known as 

Measure is generally considered as a harmonic mean 

Error rate is the additive inverse of accuracy. It depicts the rate of incorrect results present in the confusion 

It is the measure of binary classification quality and calculates the correlation in terms of a 

The title page of the interface shows four different modules 
for manual analysis, implementation of the previous technique, enhanced technique without preprocessing, and enhanced 

 

The manual computation of the true positives and true negatives has been done for analysis purpose. Three types of graphs i.e. 
Mathew’s correlation graph, and variance graph has been 

platforms is given as Figure 8. 

Techniques 
Existing 
Technique 

 

Enhanced 
Technique with 
Preprocessing 

22.8178 26.1398 

39.3400 45.1600 

33.3900 37.3600 

preprocessing used is shown below by comparing it for each 
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Fig. 8: 
The given graph shows that the polarity values computed by enhanced technique resemble more with the manual and standard 
method as compared to existing techniques. The results in all the three datasets show the same trend. The variance of the 
outputs of various techniques applied without preprocessing used is shown below in Table 

The polarity values of different techniques that
shows that the values predicted by the enhanced technique are more close to original values as compared to existing technique
Hence, the trends in the polarity values clearly show
existing techniques both in the case of pre-processed data and non 
The Flipkart dataset has been evaluated on the basis of precision, recall, accuracy, and F
depicts the computed results of the Flipkart review dataset.

Table 2: Performance Analysis in Confusion Matrix in Flipkart Dataset

The given Figure compares the Flipkart dataset in terms of existing techniques without preprocessing. As in terms of recall, F
Measure and accuracy the proposed technique outperforms the existing techniques but lacks slightly in the terms of precision.
As shown in table 3, the performance analysis of the pre
of precision, recall and accuracy in enhanced techniques as compared to previous techniques. Due to the increase in precision
and recall, F-measure has also increased. The given table depicts the values of pre
dataset. 

Table 3: Performance Analysis of Confusion matrix in Flipkart Dataset

 
 
The error rate is the value inverse to the accuracy. The error rate in Flipkart dataset is calculated in the following Table 
the given figure 9. 

    Techniques 

Existing 
Technique 
(Vader) 

Existing Technique 
(SentiWordNet) 

Precision 0.900 0.898 

Recall 0.915 0.913 

F-Measure 0.907 0.9028 

Accuracy  0.888 0.890 

 Techniques 

Existing 
Technique 
(Vader) 

Existing Technique 
(SentiWordNet) 

Enhanced 
Technique with 
Preprocessing

Precision 0.902 0.889 0.880

Recall 0.912 0.916 0.948

F-Measure 0.910 0.927 0.9127

Accuracy  0.895 0.895 0.8989

 Polarity Variance without and with Preprocessing 
The given graph shows that the polarity values computed by enhanced technique resemble more with the manual and standard 

as compared to existing techniques. The results in all the three datasets show the same trend. The variance of the 
outputs of various techniques applied without preprocessing used is shown below in Table 1. 

 
The polarity values of different techniques that use preprocessing as a step are shown in the given graph. The given graph 
shows that the values predicted by the enhanced technique are more close to original values as compared to existing technique
Hence, the trends in the polarity values clearly show that the results using enhanced technique are more accurate as compared to 

processed data and non pre-processed data. 
The Flipkart dataset has been evaluated on the basis of precision, recall, accuracy, and F-measure as follows. The given table 
depicts the computed results of the Flipkart review dataset. 

Performance Analysis in Confusion Matrix in Flipkart Dataset 

compares the Flipkart dataset in terms of existing techniques without preprocessing. As in terms of recall, F
Measure and accuracy the proposed technique outperforms the existing techniques but lacks slightly in the terms of precision.

, the performance analysis of the pre-processed enhanced technique shows that there is an increase in terms 
of precision, recall and accuracy in enhanced techniques as compared to previous techniques. Due to the increase in precision

has also increased. The given table depicts the values of pre-processed data in case of Flipkart review 

Performance Analysis of Confusion matrix in Flipkart Dataset 

The error rate is the value inverse to the accuracy. The error rate in Flipkart dataset is calculated in the following Table 

Enhanced Technique 
without Preprocessing 

0.880 

0.948 

0.9127 

0.8989 

Enhanced 
Technique with 
Preprocessing 

0.880 

0.948 

0.9127 

0.8989 

 

The given graph shows that the polarity values computed by enhanced technique resemble more with the manual and standard 
as compared to existing techniques. The results in all the three datasets show the same trend. The variance of the 

use preprocessing as a step are shown in the given graph. The given graph 
shows that the values predicted by the enhanced technique are more close to original values as compared to existing techniques. 

that the results using enhanced technique are more accurate as compared to 

asure as follows. The given table 

 
compares the Flipkart dataset in terms of existing techniques without preprocessing. As in terms of recall, F-

Measure and accuracy the proposed technique outperforms the existing techniques but lacks slightly in the terms of precision. 
processed enhanced technique shows that there is an increase in terms 

of precision, recall and accuracy in enhanced techniques as compared to previous techniques. Due to the increase in precision 
processed data in case of Flipkart review 

The error rate is the value inverse to the accuracy. The error rate in Flipkart dataset is calculated in the following Table 5 and 
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Fig. 
The results in the error rate show that the error rate
Hence, it is clear that preprocessing is an important step in sentiment analysis. The enhanced technique shows the best resul
the error rate is lowest in this case. 
The given graph in Figure 9 shows the computation of Mathew’s correlation coefficient in Flipkart dataset.
show the results of the error rate and Mathew’s Correlation Coefficient for each technique applied with preprocessing and als
without preprocessing. The computed values of Mathew’s correlation depict a very small difference between each technique but 
with the minor difference enhanced technique outperforms the other existing techniques.
 

Table 4:

The analysed results show that the proposed technique out

The new hybrid algorithm collects the basic sentiment analysis techniques and 
technique by including some customized lexicons to improve the accuracy of the overall system. So this research work includes
the following points. 
 A new hybrid algorithm has been developed to remove the shortcomi
  Work has been done to combine the best performing Vader lexicon with TextBlob, customized technical and obsolete 

word dictionary and apply spell correction and spell suggestion in an improved manner.
 Based on the experimental results it has been recorded that the enhanced system shows the accuracy of 92.92% whereas the 

existing systems show the accuracy of 88.80% in case of Flipkart dataset
 According to the observed results, the values do not vary with respect to change in t

efficiency are shown in each dataset. 

 It is evident from the depicted results that there is always a tradeoff between precision and recall of the systems and 
generally high precision is an accomplice with average recall an

The following advancements can be done in the future in the work.
 The customized dictionary of technical words can be extended to form a more sophisticated dictionary with words from 

cross-domain regions. The considered datasets are related to product reviews but movie review and news article related 
sublanguage words can also be added. 

 The spell correction system can also be enhanced by using a more sophisticated string matching algorithm that will allow 
efficient matching in terms of omission and addition of words.

 Other combinations of lexical resources or lexicon based methods can also be used and tested for their efficiency.
 Various combinations of preprocessing techniques can be used in order to generate better resul

case of topic-specific data. Different combinations of techniques can be tested on the different type of datasets.
 Further, methods like hybrid techniques of lexical based methods and machine learning based methods can be used

to achieve better results. 

 Techniques 
Existing 
Technique 
(Vader) 

Existing Technique 
(SentiWordNet) 

Enhanced 
Technique without 
Preprocessing

Error Rate 0.11 0.12 0.10

MCC 0.7680 0.7767 0.7916

 
Fig. 9: Error Rate and MCC in Flipkart Dataset 

The results in the error rate show that the error rate value is highest in the case when no preprocessing techniques are used. 
Hence, it is clear that preprocessing is an important step in sentiment analysis. The enhanced technique shows the best resul

shows the computation of Mathew’s correlation coefficient in Flipkart dataset.
show the results of the error rate and Mathew’s Correlation Coefficient for each technique applied with preprocessing and als

ing. The computed values of Mathew’s correlation depict a very small difference between each technique but 
with the minor difference enhanced technique outperforms the other existing techniques. 

Table 4: Error Rate and MCC without preprocessing 
 Techniques

Existing 
Technique 
(Vader) 

Existing Technique 
(SentiWordNet)

Error 
Rate 

0.10 0.11 

MCC 0.7650 0.7780 
 

The analysed results show that the proposed technique out-performs the existing ones. 

VI.  CONCLUSION   

The new hybrid algorithm collects the basic sentiment analysis techniques and algorithms and combines them into a single 
technique by including some customized lexicons to improve the accuracy of the overall system. So this research work includes

A new hybrid algorithm has been developed to remove the shortcomings in the previous techniques.
Work has been done to combine the best performing Vader lexicon with TextBlob, customized technical and obsolete 

word dictionary and apply spell correction and spell suggestion in an improved manner. 
al results it has been recorded that the enhanced system shows the accuracy of 92.92% whereas the 

existing systems show the accuracy of 88.80% in case of Flipkart dataset 
According to the observed results, the values do not vary with respect to change in the dataset and same trends of the 

It is evident from the depicted results that there is always a tradeoff between precision and recall of the systems and 
generally high precision is an accomplice with average recall and vice versa. 

VII. FUTURE SCOPE   

The following advancements can be done in the future in the work. 
The customized dictionary of technical words can be extended to form a more sophisticated dictionary with words from 

datasets are related to product reviews but movie review and news article related 

The spell correction system can also be enhanced by using a more sophisticated string matching algorithm that will allow 
ng in terms of omission and addition of words. 

Other combinations of lexical resources or lexicon based methods can also be used and tested for their efficiency.
Various combinations of preprocessing techniques can be used in order to generate better results and more efficiency in the 

specific data. Different combinations of techniques can be tested on the different type of datasets.
Further, methods like hybrid techniques of lexical based methods and machine learning based methods can be used

 

 

 

Enhanced 
Technique without 
Preprocessing 
0.10 

0.7916 

 

value is highest in the case when no preprocessing techniques are used. 
Hence, it is clear that preprocessing is an important step in sentiment analysis. The enhanced technique shows the best result as 

shows the computation of Mathew’s correlation coefficient in Flipkart dataset. The given Table 4 
show the results of the error rate and Mathew’s Correlation Coefficient for each technique applied with preprocessing and also 

ing. The computed values of Mathew’s correlation depict a very small difference between each technique but 

Techniques 
Existing Technique 
(SentiWordNet) 

Enhanced 
Technique with 
Preprocessing 
0.07 

0.8531 

algorithms and combines them into a single 
technique by including some customized lexicons to improve the accuracy of the overall system. So this research work includes 

ngs in the previous techniques. 
Work has been done to combine the best performing Vader lexicon with TextBlob, customized technical and obsolete 

al results it has been recorded that the enhanced system shows the accuracy of 92.92% whereas the 

he dataset and same trends of the 

It is evident from the depicted results that there is always a tradeoff between precision and recall of the systems and 

The customized dictionary of technical words can be extended to form a more sophisticated dictionary with words from 
datasets are related to product reviews but movie review and news article related 

The spell correction system can also be enhanced by using a more sophisticated string matching algorithm that will allow 

Other combinations of lexical resources or lexicon based methods can also be used and tested for their efficiency. 
ts and more efficiency in the 

specific data. Different combinations of techniques can be tested on the different type of datasets. 
Further, methods like hybrid techniques of lexical based methods and machine learning based methods can be used in order 
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