
© 2022 JETIR July 2022, Volume 9, Issue 7                                                                         www.jetir.org (ISSN-2349-5162) 

JETIR2207586 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f705 
 

SEMANTIC ANAYSIS USING DEEP 

LEARNING TECHNIQUE 
 

A.Vijay Karthik, 

Research Scholar, 

Department of Computer Science, 

PG Extension Center, Periyar University, 

Dharamapuri. 

 

Dr. P.Sengottuvelan, 

Associate Professor, 

Department of Computer Science, 

PG Extension Center, Periyar University, 

Dharamapuri. 

 

Abstract: Social analytics on the Web are now 

focused on sentiment detection and classification. 

Nowadays Twitter has turned into a significant tool 

for the procurement of peoples’ feelings. 

Sentiment analysis of tweets becomes a captivating 

exploration in the area of artificial intelligence. 

Sentiment analysis is necessary for information 

alignment in social media, particularly the user 

engagement rates are significantly higher on 

Twitter. Several methods have been formulated for 

evaluating the sentimental analysis of Twitter 

users, yet some improvisation is needed to improve 

accuracy and execution time. A major evaluation 

of tweets by applying efficient learning structures 

to accumulate the feeling of Twitter data is carried 

out in the proposed framework using a convolution 

neural network (CNN) and modified short-term 

memory (LSTM). Data pre-processing is 

performed for normalizing the data.  We 

additionally contrasted our proposed approach and 

traditional AI models. Exact outcomes showed that 

our proposed approach results in better accuracy. 

Keywords: Sentiment analysis, LSTM, 

Convolution Neural Networks, Recurrent Neural 

Networks. 

 

1. INTRODUCTION 

Social networking websites have seen quick 

growth in recent years. It is the most convenient 

way for people to share their thoughts and 

sentiments on a wide range of subjects through 

these sites. Many companies are using the mass of 

textual information available on the Internet to find 

out what people think of their products because 

textual data is growing rapidly on the Internet. In 

addition to providing unlimited opportunities for 

user-generated content, online social network 

platforms also offer unique insight into the user 

emotional trends. It is impossible to manually 

analyse such vast amounts of text sources in social 

media, which contain large amounts of unstructured 

text information. In addition to  

contributing content, users can also modify, grade, 

and express their own opinions about a wide range 

of topics through social networking websites.  

Bloggers, forums, product review websites, 

and social networking sites like Twitter are just a 

few examples. The microblogging site Twitter 

allows the possibility to analyse the users feeling 

and previous research has demonstrated that patterns 

of positive and negative emotional states can be 

detected on a geographical, diurnal, weekly, and 

seasonal basis. Collaboration and resource sharing 

will be significantly improving as wide-area 

networks become increasingly connected. It is 

possible for individuals to build connections with 

each other within a short period of time through 

social media sites, and share information in the 

forms of images, audio, video, and text. Social 

media networks in real-time like Twitter have 

enabled users to create an unprecedented collection 

of public thoughts. Tweets may be a wonderful 

medium for creating and disseminating opinions, but 

it presents more new and various demands. A good 

analysis tool is essential for highlighting these 

thoughts so that they can be consumed swiftly. 

The term Text Mining describes the process 

of analysing unstructured script documents for 

patterns and relevant information by using a variety 

of techniques including opinion mining and 

sentiment analysis. One can detect polarity and 

recognize emotions by using opinion mining and 
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sentiment analysis respectively. The vast majority 

of opinions are stored in text format, and therefore 

opinion mining has a higher market potential than 

data mining. In contrast to data analysis and fuzzy 

statistics, this is a very complex task. The research 

area cross-cuts across numerous disciplines since it 

incorporates procedures such as data processing, 

data analysing and extracting, text auto-

categorization, machine learning process, cluster 

analysis, and visualization.  

Despite the similarities to subjects like 

typical data analysis or text-based analysis, 

sentiment analysis and opinion mining differ in 

several ways. Sentiment analysis involves a 

relatively small number of categories and is a 

binary polarity classification. As opposite to text 

auto-categorization, sentiment analysis is an easy 

task. In addition to sentiment polarity detection, 

opinion mining can also be used for classification 

and clustering. 

 

2. RELATED WORK 

A strong algorithm needed to classify tweet 

sentiments in Twitter is essential for extracting the 

sentiments. Jaba (2016) has proposed a scalable 

and efficient distribution system with Map-Reduce 

parallel processing approach, the Hadoop 

Ecosystem will be used to enhance its efficiency 

and scalability. Finally, an extensive experiment on 

real-world data is performed and obtained a better 

precision. Kumar et al (2012) have propounded a 

scheme for sentimental mining from a real-time 

microblogging service such as Twitter, Facebook, 

and YouTube. The integration of dictionary and 

corpus method is used to determine the semantic 

attributes from tweets. Natural language processing 

and text mining are both parts of sentiment 

analysis. Therefore, sentiment analysis can be 

studied from a variety of angles. Kishori et al 

(2015) presented stages of sentiment analysis for 

the classification of sentiments by extracting the 

relevant features from input data. This system 

shows how to extract tweets, how to pre-process 

them, and how to analyse the sentiments. 

Public opinion is constantly important to 

different organizations when it comes to their 

product and services. Prior to purchasing a 

product, consumers often look for reviews and 

ratings from current purchasers. The sentiment 

analysis of texts consists of computing the 

consumer’s judgments, feelings, and subjectivity 

of their writings. Rayl et al (2017) have introduced 

a scheme for sentiment analysis using R software 

that analyses the tweets using Twitter API to 

provide insights into users' sentiments. They have 

collected Twitter data initially and then pre-

processed it with an approach based on lexicon to 

measure the sentiments of customers. Geetika (2014) 

has propounded a system to construct appropriate 

feature vectors from the pre-processed dataset. 

Afterward, extracted synonyms and similarity of 

content features using Semantic Orientation based 

WordNet. Finally, the system performance is 

evaluated based on recall, accuracy, precision, and 

F-score. Social analytics on the Web are now 

focused on sentiment detection and classification. 

The view of the public is crucial to gaining insight to 

target information including healthcare, finance, 

media, consumer markets, and government. Since 

social web data have grown increasingly large, 

subjective, and diverse, and the data are now more 

vague, uncertain, and imprecise than ever before. 

Soft computing techniques are used to manage this 

fuzziness in real-time applications. The key goal is 

to determine the relevance and feasibility of the new 

system through soft computing tools for opinion 

mining.  

This system handles the research gaps 

identified from the existing system of this 

collaboration through a systematic literature review. 

It examines and evaluates the efficiency of soft 

computing techniques for sentiment analysis. It 

accepts a systematic way in contrast to existing 

evaluation schemes to investigate a specific research 

question that pertains to the defined domain of the 

study. 

Zimbra et al (2018) have reviewed the 

challenges provided by Twitter opinion mining and 

examined the work to address these challenges. To 

evaluate the development stages of tweet analysis, 

they have applied a benchmark assessment of tweet 

opinion classification across five exclusive 

informational indexes.  In order to determine the 

reasons for the most common classification faults, it 

performs error analysis. A case study on event 

detection will be conducted to further the evaluation. 

To further the evaluation, applied and summarized 

the critical trends and corrective measures from the 

evaluation and benchmark assessment to direct the 

plan for future enhancement. Tyagi et al (2019) have 

proposed a system named Tweepy, which is used to 

mine the opinions from the Twitter database.  The 

extracted sentiments are classified into 3 categories 

using a supervised machine learning algorithm 

known as K-Nearest Neighbour. In this study, a 

classification algorithm is implemented in Python 

language using the gathered information. N-gram 

modelling procedure is used to extract the features. 
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Bhuta et al (2014) have reviewed various systems 

and suggested that both learning-based techniques 

and lexicon-based approaches are employed for 

tweet analysis of the input text. In order to analyse 

these methods for tweets, analysis is obtained from 

the internet community. 

 

3. PRE-PROCESSING 

Pre-processing of data is a task that makes 

data more suitable for mining operations. It 

includes several tasks that support data sourcing, 

extraction, clean-up, and transformation. Once 

algorithms are applied to data warehouses, the data 

quality is ensured. Data transformation from one 

format to another is based on possible differences 

between the source and the target platforms. Data 

integration is the process of combining several data 

into a single record to be loaded into the storage. 

 

3.1 Tokenization 

Input files are transformed into a sequence 

of pre-processing tokens after the textual 

transformations have been completed. In fact, 

white space does not constitute a token itself; it 

separates tokens. Usually, white space is needed to 

avoid ambiguities despite tokens not necessarily 

having to be separated by it. When there is more 

than one possible tokenization for a certain 

sequence of characters, the pre-processor becomes 

greedy. Before moving to the next token, it makes 

each token as large as possible starting from the 

left. When you tokenize something, first chop it up 

into small bits, like tokens, during which certain 

characters/words, like punctuation, may be 

discarded.  Tokenization is categorized into two 

ways. 

● Word Tokenization: The use of a 

unique space character allows words to 

be separated.  As part of word 

tokenization, phrases with multiple 

words may also be tokenized. The 

process is closely associated with a 

technique known as Named Entity 

Recognition.  

● Sentence Tokenization/ 

Segmentation: As part of text 

processing, sentence segmentation is 

equally important as word tokenization. 

This is commonly carried out primarily 

based on punctuations since they serve 

to mark the boundary between the 

sentences. Tokenizers may detect a 

sentence boundary in the absence of 

one if abbreviations are used. 

 

3.2 Normalization 

There are two text normalization processes 

that are normally used: 

● Stemming: Using this technique, the 

stem of a word is substituted for the word 

as a whole. Porter's algorithm has 

repeatedly been shown to be very 

effective in stemming English, one of the 

most popular algorithms for the task. The 

complete set of rules is simply too 

lengthy and complicated.  

● Lemmatization: Using vocabulary and 

morphological analysis of words, this 

method is intended to achieve a clear 

understanding of the word's meaning by 

removing inflectional endings and 

returning it to its base form, the lemma. 

 

3.3 Stop word Removal 

As part of the stop words removal process, it 

is often necessary to eliminate ubiquitous words 

from the vocabulary that seems to be of little use in 

helping the analysis but increasing the 

dimensionality of the feature set. There are two 

concerns generally that encourage this removal. 

● Irrelevance: By doing this, content-

bearing words can be analysed. When 

used as part of an analysis/modelling 

process, stop words are also known as 

empty words because they are mostly 

meaningless and so considered noise in 

the processes. 

● Dimension: In addition to reducing the 

tokens in documents, removing the stop 

words will also lead to a decrease in 

feature dimension. 

Before stop words are removed, characters 

may be converted into lowercase letters, which can 

lead to ambiguity and often the entire meaning of the 

text being altered.  

 

4. FEATURE EXTRACTION 

Triangular and double fine polarization and 

mixing systems are multiple notable characteristics 

of sentiments. The analysis of emotions through 

auxiliary vector machines can be done using 

statistical preparation to identify both negative and 

positive edges. The inscription of names is chosen 

using neural networks in emotion analysis. Social 

networks can be used to share precise data and learn 

by simplifying words and sentences. In generating 

negative and positive information, symbolic pieces 

of information are utilized at the root level of the 
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word. In order to achieve accuracy in social media 

information, disaster reduction structures are used 

for overall analysis. 

 

4.1 Bag of Words (BoWs) 

It is a technique for extracting features 

feature extraction technique that describes the 

frequency of words occurring in a file by 

modelling textual data. Depending on how many 

words are in the document, BoWs vocabulary size 

will differ. The document represents a set of words 

and features, an index is a collection of words and 

features, which are each given a value, which 

signifies how frequently they appear. 

This approach has great potential for solving 

problems like language modelling and document 

classification. Features can be extracted from 

documents using different methods with this 

flexible approach. BoWs can be implemented 

depending on the occurrences of data irrespective 

of the structure and order. 

In terms of text analysis, BoW is one of the 

most efficient methods for extracting features from 

sentences and documents. Each word count is 

treated as a feature in BoW and considers a 

histogram of words within the text. It keeps a 

vocabulary and calculates the frequency of words 

by eliminating the natural language abstractions 

such as grammar and word order. The process of 

breaking the whole document into single words is 

called Tokenization and each word is called a 

token. A vocabulary is then formed from all of the 

unique tokens collected from the documents. In 

addition, a vector is created with values 

representing the frequency of tokens appearing 

within the document. The vector length is equal to 

the size of the vocabulary. The implementation 

steps of BoWs are described below: 

Phase1: Tokenization  

Phase 2: Creating a vocabulary 

Phase 3: Calculate the token frequency 

Phase 4: Create document vectors 

To get an idea about the performance of 

their work, NLP researchers usually begin by 

developing a model using Bag of Words. The 

feature is especially useful when drafting a few 

documents that are highly domain-specific.  

 

5. CLASSIFICATION 

The process of separating the data into 

classes based on features.  It tends to be performed 

on both organized and unstructured information. 

The process of classification is performed by 

finding the interconnection among the data points. 

The classes are commonly referred to as labels or 

targets. 

 

5.1 Convolutional Neural Network (CNN) 

CNN is a feed-forward neural network 

approach for visual image analysis through the 

process of grid-like topologies. It is additionally 

referred to as a ConvNet. CNN is employed for the 

detection and classification of objects in an image. It 

utilizes an input image, then assigns learnable 

weights and biases to different attributes to 

differentiate the objects. Compared to other learning 

models, CNN minimizes the pre-processing 

complexities. ConvNet can learn the filters with 

proper training, unlike primitive methods. 

 

5.1.1 Layers in a Convolutional Neural Network 

There are various hidden layers in convolution 

neural networks; you can easily extract information 

from an image based on that. CNN constitutes 

convolution layer, ReLU layer, pooling layer, and 

fully connected layer. These layers are important in 

the feature extraction phase. 

 

Convolution Layer 

Taking an image and extracting its valuable 

features, is the first step in the procedure. The 

convolution operation is carried out by a convolution 

layer with numerous filters. Each Image is thought 

of as matrices of pixels. 

 

ReLU layer 

An activation function commonly used in 

deep learning models is called a Rectified Linear 

Unit or ReLU. Every negative pixel is represented as 

0 by ReLU after performing an element-wise 

operation. A rectified feature map is formed as a 

result of nonlinearity being introduced into the 

network. 

 

Max-Pooling Layer 

The concept of pooling refers to the reduction 

in the dimension of the feature map as a 

consequence of down-sampling. The rectified 

feature map is processed for developing a pooled 

feature map using a pooled layer. Various filters are 

used to know about the various attributes of the 

image by the pooling layer. The subsequent step is 

called flattening, which converts the data into a one-

dimensional array to transmit the data into the next 

layer. A single long continuous linear vector is 

created by converting all the 2D arrays generated 

from pooled feature maps by flattening. In the Max 
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pooling layer, BoW is employed to extract the best 

features. 

 

5.2 Recurrent Neural Network (RNN) 

A generalized Feed Forward Neural 

Networks (FFNN) is called Recurrent Neural 

Networks (RNNS) that have internal memory. The 

RNN can be characterized as recurrent in that it 

executes the same operation on each input data, 

whereas the output is dependent on the 

computation performed on the previous input. The 

generated output is copied and transferred to the 

recurrent networks. It depends on both the present 

input and the current output from the last input for 

decision-making. 

 

Long Short Term Memory (LSTM) 

LSTM is an RNN architecture employed in 

the area of deep learning and, it is an improved 

version of RNN. It allows remembering previous 

data in memory using LSTM networks. In this 

case, vanishing gradient problems are eliminated 

from RNN. Time series can be classified, 

processed, and predicted using LSTMs even with 

unknown time lags. Back-propagation is employed 

to train the method with LSTM gates:  

 

LSTM gates 

1. Input gate: To change the memory, figure out 

which data value ought to be taken. The 

sigmoid method figures out which values 

should go through the 0,1 and tanh function is 

liable for allocating weightage to the qualities 

that are passed, deciding their significance 

levels from - 1 to 1. 

  it =  σ(Wi. [ht−1xt] + bi)                          (1) 

C̃t = tanh (Wc. [ht−1xt] + bc                    (2) 

2. Forget gate: Decide the information that 

should be chosen from the block. The sigmoid 

capacity can determine it. For each number in 

the cell state Ct−1, it produces a number 

between 0 (omit this) and 1 (keep this) using 

the previous state (ht−1) and the content input 

(Xt). 

ft =  σ(Wf. [ht−1xt] +  bf)                             (3) 

3. Output gate:  The block determines the 

outcome dependent on its memory and input. 

Sigmoid function figures out which values 

should go through the 0,1 and tanh function is 

reasonable for allocating weightage to the 

values that are passed, deciding their 

significance levels from - 1 to 1. The result of 

this function is multiplying with the Sigmoid 

result. 

Ot =  σ (Wo [ ht−1xt ] + bo)                   (4) 

ht = ot tanh (Ct)                                      (5) 

 

The historical data are present. The features 

extracted in the max-pooling layer of CNN are 

passed into the LSTM. Based on the features 

extracted, the tweets are classified into positive, 

negative and neutral.  

 

 

5.3 CNN-LSTM 

CNN-LSTM is an integrated architecture for 

extracting features from input data paired with 

LSTMs using CNN for sequence prediction. An 

application of CNN LSTMs is the automatic 

generation of texts from sequences of images such 

as videos to solve visual time series prediction 

problems. Specifically, it has the following 

problems: 

● Activity Recognition: Creating textual 

descriptions of activities that are shown 

through an image sequence. 

● Description of Image: A single 

image's description can be generated as 

text. 

● Video Description: The process of 

creating a textual description of a series 

of pictures. 

The CNN-LSTM model splits the main 

sequence into subsequences named as blocks, and 

feature is extracted from each block. Later LSTM 

evaluates the feature from each block. Figure 1 

represents the process of feature extraction for 

tweets encoding. 
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Figure 1: Feature encoding using CNN-LSTM 

 

Training the LSTM Model 

Features ← ["Gen", "DOB", "Degree", "SES", 

"MMSE", "eTIV", "nWBV", "ASF","CDR"] 

Classes ← ['Group'] 

X ← dataset [Features).values 

Y ← dataset (Classes).values 

Train_Data, Test_Data, Valid_Data ← Test_Train 

Split (X, Y, 0.30, 0.20) 

Batch_Size← 4 

LSTM_MODEL ← Sequential Model([ 

Embedding_Layer(Train_Data.length, 

Output_length, Train_Data.Columns), 

LSTM_Layer (Output_length)), Dense_Layer 

(Output_length, activation='sigmoid’)) ]) 

Loss ← 'binary_crossentropy', optimizer ← 'adam', 

EPOCHS + 12 

LSTM_ Model.compile (Loss, optimizer) 

LSTM_Model.Train (Train_Data, Epochs, 

Batch_Size, Valid_Data) 

 

5.4 RNN-LSTM 

The internal state (memory) of the RNN can 

be used for processing sequences of input, unlike 

feedforward neural networks. Therefore, they can 

be used for tasks like speech recognition, or non-

segmented, connected handwriting recognition. 

Unlike other neural networks, the input to 

Recurrent Neural Networks is related to each other 

instead of being independent.   

The initial step involves taking input as X(0) 

and then generating output as h(0), which along 

with X(1) serves as the following step’s input. 

Thus, the input for the next step is h(0) and X(1). 

Also, h(1) from the subsequent step becomes the 

input with X(2) for the following step, and so on. 

The context is retained while it is being trained in 

this way. 

Currently, we have the following formula: 

ht = f(ht−1 Xt)                                  (6) 

Applying Activation Function: 

ht =tanh tanh (Whh ht−1 + WxhXt) (7) 

 

‘h’ is the single hidden vector, W 

is weight,  ‘Whh’ is the weight at past hidden 

state, ‘Wxh’ is the weight at present input 

state, tanh is the Activation function, that 

implements a Nonlinearity that squashes the 

activations to the range [-1.1] 

 

6. PROPOSED SCHEME 

This review focusses on exploring the 

analysis of tweets by incorporating a lexical word 

reference along with modified CNN-LSTM system. 

The dataset contains 140 sentiments utilized for 

assessing the performance of the proposed system. 

It consists of 1.6 million tweets and it is classified 

into positive tweets, negative tweets, and neutral. 

The classified results are later compared with the 

actual sentiments. The comparison shows that 

modified CNN-LSTM provides ideal performance 

as compared to the actual methods. Thereafter, the 

information is pre-processed to convert the raw 

data into valuable information by eliminating the 

irrelevant data for the tweets analysis. 70% of the 

dataset is taken as a training set and 30% is 

considered as tested data for training and testing 

classifiers. The proposed CNN-LSTM model is 

then trained on the training set and evaluated on the 

testing set. Figure 2 shows the process flow of the 

proposed methodology.
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Figure 2: Architecture of the Proposed System 

 

6.1 MODIFIED CNN-LSTM 

CNN-LSTM is an integrated 

architecture for feature extraction on input data 

paired with LSTMs using CNN for sequence 

prediction. An application of CNN LSTMs is 

the automatic generation of texts from 

sequences of images such as videos to solve 

visual time series prediction problems. BoWs 

is used for extracting features feature 

extraction technique that describes the 

frequency of words occurring in a file by 

modeling textual data. There are two major 

components in BOW, which include a set of 

well-known words and a measure of how 

frequently these words appear in documents 

regardless of their location within the 

document. Depending on how many words are 

in the document, BOW's vocabulary size will 

differ. The document represents a set of words 

and features, an index is a collection of words 

and features, which are each given a value, 

which signifies how frequently they appear. 

 

7. RESULTS AND DISCUSSION 

The informational index used for 

sentimental analysis contains 140 datasets. It 

contains 1,600,000 tweets extracted using the 

Twitter API. The tweets are categorized into 

three categories as 0, 1, and 2 to represent 

negative, positive, and neutral respectively for 

identifying the sentiments.  

It contains the following 6 fields: 

• Target: the polarity of the tweet 

(0 = negative, 2 = neutral, 4 = 

positive) 

• IDs: The id of the tweet ( 2087) 

• Date: the date of the tweet (Sat 

May 16 23:58:44 UTC 2009)  

• Flag: The query (lyx). If there is 

no query, then this value is 

NO_QUERY. 

• User: the user that tweeted 

(robotickilldozr) 

• Text: the text of the tweet (Lyx is 

cool) 

 

 

 
Figure 3: Sample Reviews 
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Figure 4: Number of Negative and Positive Reviews 

 

Figure 5: Target Count

 

 

CNN, RNN, CNN_LSTM and 

RNN_LSTM offer 12%, 9%, 7% and 4% 

better Accuracy in contrast to the proposed 

MCNN_LSTM (Figure 5).  

 

Table 1: Performance 

Algorithm Accuracy Precision Recall Time period 

CNN 85 84 85 5.6 

RNN 88 86 88 4.7 

CNN_LSTM 90 89 91 4.2 

RNN_LSTM 93 92 92 3.8 

MCNN_LSTM 97 96 96 3.5 
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Figure 6: Accuracy 

 

 
Figure 7: Precision 

 

CNN, RNN, CNN_LSTM and 

RNN_LSTM offer 12%, 10%, 7% and 4% 

better Precision in contrast to the proposed 

MCNN_LSTM (Figure 6).  

 

CNN, RNN, CNN_LSTM and 

RNN_LSTM offer 11%, 8%, 5% and 4% 

better Recall in contrast to the proposed 

MCNN_LSTM (Figure 7). 
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Figure 8: Recall 

 

CNN, RNN, CNN_LSTM and 

RNN_LSTM offer 60%, 34%, 20% and 9% 

lesser time Period in contrast to the proposed 

MCNN_LSTM (Figure 8).  

 

 
Figure 9: Time Period 

 

 

 

8. CONCLUSION 

The proposed scheme introduced a new 

methodology by combining a bag of words 

with a modified CNN-LSTM to improve the 

overall performance of the proposed system. 

This system can classify sentiments from 

various tweets with high accuracy. 70% of the 

dataset is taken as a training set and 30% is 

considered as tested data for training and 

testing classifiers. The tweets are categorized 

into three categories as 0, 1, and 2 to represent 

negative, positive, and neutral respectively for 

identifying the sentiments.  The key target of 

the proposed framework is to enhance the 

accuracy and reduce the performance time of 

sentiment analysis with CNN and modified. 

The overall performance of the propounded 

system is tested on the twitter dataset with 

various techniques. The classification results 

demonstrate that the proposed modified CNN-

LSTM based system provides more accuracy 

than other traditional models.  

 

 

http://www.jetir.org/


© 2022 JETIR July 2022, Volume 9, Issue 7                                                                         www.jetir.org (ISSN-2349-5162) 

JETIR2207586 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f715 
 

REFERENCES 

1. Sheela, L. J. (2016). A review of 

sentiment analysis in twitter data using 

Hadoop. International Journal of 

Database Theory and Application, 9(1), 

77-86. 

2. Kumar, A., & Sebastian, T. M. (2012). 

Sentiment analysis on 

twitter. International Journal of 

Computer Science Issues (IJCSI), 9(4), 

372. 

3. Pawar, K. K., Shrishrimal, P. P., & 

Deshmukh, R. R. (2015). Twitter 

sentiment analysis: A 

review. International Journal of 

Scientific & Engineering 

Research, 6(4), 957-964. 

4. Ray, P., & Chakrabarti, A. (2017, 

February). Twitter sentiment analysis 

for product review using lexicon 

method. In 2017 International 

Conference on Data Management, 

Analytics and Innovation 

(ICDMAI) (pp. 211-216). IEEE. 

5. Gautam, G., & Yadav, D. (2014, 

August). Sentiment analysis of twitter 

data using machine learning approaches 

and semantic analysis. In 2014 Seventh 

International Conference on 

Contemporary Computing (IC3) (pp. 

437-442). IEEE. 

6. Kumar, A., & Jaiswal, A. (2020). 

Systematic literature review of 

sentiment analysis on Twitter using soft 

computing techniques. Concurrency and 

Computation: Practice and 

Experience, 32(1), e5107. 

7. Zimbra, D., Abbasi, A., Zeng, D., & 

Chen, H. (2018). The state-of-the-art in 

Twitter sentiment analysis: A review 

and benchmark evaluation. ACM 

Transactions on Management 

Information Systems (TMIS), 9(2), 1-

29. 

8. Tyagi, P., & Tripathi, R. C. (2019, 

February). A review towards the 

sentiment analysis techniques for the 

analysis of twitter data. In Proceedings 

of 2nd international conference on 

advanced computing and software 

engineering (ICACSE). 

9. Bhuta, S., Doshi, A., Doshi, U., & 

Narvekar, M. (2014, February). A 

review of techniques for sentiment 

analysis Of Twitter data. In 2014 

International conference on issues and 

challenges in intelligent computing 

techniques (ICICT) (pp. 583-591). 

IEEE. 

10. Ahmad, S., Asghar, M. Z., Alotaibi, F. 

M., & Awan, I. (2019). Detection and 

classification of social media-based 

extremist affiliations using sentiment 

analysis techniques. Human-centric 

Computing and Information 

Sciences, 9(1), 1-23. 

11. Ghorbani, M., Bahaghighat, M., Xin, 

Q., & Özen, F. (2020). 

ConvLSTMConv network: a deep 

learning approach for sentiment analysis 

in cloud computing. Journal of Cloud 

Computing, 9(1), 1-12. 

12. Creswell, A., White, T., Dumoulin, V., 

Arulkumaran, K., Sengupta, B., & 

Bharath, A. A. (2018). Generative 

adversarial networks: An 

overview. IEEE Signal Processing 

Magazine, 35(1), 53-65. 

13. Bouazizi, M., & Ohtsuki, T. (2019). 

Multi-class sentiment analysis on 

twitter: Classification performance and 

challenges. Big Data Mining and 

Analytics, 2(3), 181-194. 

14. Peetz, M. H., de Rijke, M., & Kaptein, 

R. (2016). Estimating reputation 

polarity on microblog posts. Information 

Processing & Management, 52(2), 193-

216. 

15. Sulis, E., Farías, D. I. H., Rosso, P., 

Patti, V., & Ruffo, G. (2016). Figurative 

messages and affect in Twitter: 

Differences between# irony,# sarcasm 

and# not. Knowledge-Based 

Systems, 108, 132-143. 

16. Wang, Z., Cui, X., Gao, L., Yin, Q., Ke, 

L., & Zhang, S. (2016). A hybrid model 

of sentimental entity recognition on 

mobile social media. EURASIP Journal 

on Wireless Communications and 

Networking, 2016(1), 1-12. 

17. Celli, F., Ghosh, A., Alam, F., & 

Riccardi, G. (2016). In the mood for 

sharing contents: Emotions, personality 

and interaction styles in the diffusion of 

news. Information Processing & 

Management, 52(1), 93-98. 

18. Andriotis, P., Oikonomou, G., Tryfonas, 

T., & Li, S. (2015). Highlighting 

http://www.jetir.org/


© 2022 JETIR July 2022, Volume 9, Issue 7                                                                         www.jetir.org (ISSN-2349-5162) 

JETIR2207586 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f716 
 

relationships of a smartphone’s social 

ecosystem in potentially large 

investigations. IEEE transactions on 

cybernetics, 46(9), 1974-1985. 

19. Symeonidis, S., Effrosynidis, D., & 

Arampatzis, A. (2018). A comparative 

evaluation of pre-processing techniques 

and their interactions for twitter 

sentiment analysis. Expert Systems with 

Applications, 110, 298-310. 

20. Ghiassi, M., & Lee, S. (2018). A 

domain transferable lexicon set for 

Twitter sentiment analysis using a 

supervised machine learning 

approach. Expert Systems with 

Applications, 106, 197-216. 

21. Jianqiang, Z., Xiaolin, G., & Xuejun, Z. 

(2018). Deep convolution neural 

networks for twitter sentiment 

analysis. IEEE Access, 6, 23253-23260. 

22. Li, B., Chan, K. C., Ou, C., & Ruifeng, 

S. (2017). Discovering public sentiment 

in social media for predicting stock 

movement of publicly listed 

companies. Information Systems, 69, 

81-92. 

http://www.jetir.org/

