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 The World Wide Web has taken a serious look at new ways for individuals to express their viewpoints and conclusions on a 

variety of topics, models, and concerns. Clients provide material for a variety of media, such as web gatherings, discussion 

groups, and weblogs, and provide a robust and open foundation for gaining clout in areas such as promoting and research. 

Strategy, justification research, market estimations, and a business perspective are all important considerations. Theory study 

eliminates derivations from publicly available data and organizes the sentiments that the author associates with a given object 

into one of two specified categories (positive and negative). Make a distinction between the two problems. This follows a Twitter 

speculation audit cycle for quickly seeking unstructured news. Furthermore, we're looking at several ways to present an itemized 

positive assessment on Twitter News. It also shows a parametric relationship between operations that are influenced by 

perceived boundaries. The qualities conveyed in them address the tweets: positive, negative, or fair. This work will in general 

present the defense appreciate exploring on Twitter; the qualities conveyed in them address the tweets: positive, negative, or fair. 

Twitter is a web-based application that integrates with a blog and a wide range of contacts, allowing users to send brief 

140-character messages. It's a rapidly growing partnership with over 200 million endorsers, 100 million of whom are active 

clients, and a large portion of them follow Twitter on a regular basis, sending out over 250 million tweets. This study aims to 

perform Sentimental analysis using deep learning with bigrams and trigrams to classify the tweets accurately. 
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1. INTRODUCTION 

The social media currently affects all areas of social 

activity. In the interest of understanding and informing 

others on matters they care about such as products, 

services, events or places, people exchange information. 

A worldwide system like Twitter lets users in a very 

brief multimedia message to convey their thoughts. 

Understanding what people think of products and 

services both by decision-makers who govern the 

products/services and for customers is crucial. 

Construction of aggregated knowledge can be made in 

the form of indicators for decision-makers. Indicators 

are values which enable decision makers to decide. It is 

a very tough undertaking to develop indicators for 

assessing people's feelings on a certain issue. Among 

other things it requires a solution that is able to extract 
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sentiment from sequences of the characters with great 

precision to execute natural language processing (NLP). 

 The literature provides many approaches for the 

extraction of feelings from texts and tweets. However, 

the development of an indicator of sentiment for a 

specific collection of issues of interest needs the 

development of a full solution built and verified for the 

specific field of interest. The current neural networks 

(RNNs) are a variant of neural artificial networks 

capable of modelling sequences [1]. A sequence to 

value problem might be seen as an issue of sentiment 

analysis. The input is the text that is a tokens sequence. 

The result might be a value that indicates the specified 

feeling. Modern RNNs are built on memory cells, which 

can learn how to depend on data points in the 

sequence. Mechanisms of attention [2] have been 

developed to improve RNNs' capacity to locate the 

proper dependence between the input components. The 

great majority of the studies presenting feeling analysis 

approaches are utilising very small data sets because 

the procedure is quite slow to hand label the text. The 

authors of [1,3] have shown the relevance of the data set 

size in order to reveal its actual potential for deep 

learning approaches. 

Recently, the field of sentiment analysis in the 

English language has improved remarkably deep. 

However, fewer studies have been done on the use of 

Arabic profound learning. Recent research [4] in Arabic 

has been done using the Recursive Neural Tensor 

Network, which has obtained cutting-edge results over 

previous linear models (RNTN). In this paper, we 

examine the model that was initially utilised in the 2017 

SemEval competition [7]. The models were created for 

Twitter data and the most advanced results were 

obtained. The associations models ANN and CNN to 

predict the tweet feelings. It employs pretrained word 

incorporations and no extra functional engineering is 

necessary. Apply the same technique in [7] to measure 

the model and to enhance its exactness by conducting 

different hyper parameters. In order for us to associate 

our findings with the prior of deep learning model [4], 

we are evaluating our model using the ASTD data set 

[20]. Our Model's F1 score improves by around 11% 

over [4]. 

In Section 2 we have presented the related work in the 

field of sentimental analysis. The remaining article is 

arranged accordingly. The key components and model 

architecture of the system is explained in section 3 and 

4. Then, in Section 5, describes the evaluation process 

and their findings. Section 6 gives Results and 

Discussions. Conclusion of the paper is in section 7. 

2.RELATED WORK 

The classifiers provided are trained using both 

external and endogenous text information. Exogenous 

data on the source device is an example of exogenous 

information, while words, keywords, hashtags, 

references and unique characteristics are examples of 

endogenous features. Naive Bayes only obtained 

accuracy of 52 percent for big tweets that other effective 

learning algorithms can increase [4]. Catherine Ordun 

et al. utilised three distinct approaches, Universal 

Multiple approximation and screening, Digraphic and 

Sujet Modeling, to explain dishonest coronavirus 

tweets in 2020.   In addition to the Latents Dirichlets 

Allocation (LDAs) techniques as a keyword research, 

the main aspects of Covid-19 are analysed and the 

themes are integrated to show the tweeted data in their 

time-bound form. The research states that it took public 

personnel at least 2.86 hours to tweet the about problem 

[5]. 

The Covid-19 epidemic, which has more influence on 

mental health than physical diseases, has severely 

affected citizens throughout the world. 

Wissenschaftlers throughout the world would like to 

understand more about the causes, symptoms and 

challenges facing individuals every day. Many 

difficulties are caused by fear and incorrect information 

shared over social network blogs by individuals. Few 

academics observed at the same problem and 

hypothesised remedies built on their outcomes. In 2019, 

Abhilash et al. investigated an ordinary social blog 

named Twitter in order to study its consciousness using 

a nostalgic analysis. Tweets relating to the Covid-19 

pandemic determined the exceptional properties of the 

future Weighted Correlated Effects (WCIs) for training 

technique. In the case of the Covid-19 epidemic, the 

proposed WCI calculation was applied. Characteristics 

are obtained from the profile data perspective and are 

presented in standard structured data as a relationship 

graph [3]. The downside of the proposed approach is 

that just three elements have been utilised, resulting in 

a shortfall, for tweets, retweets and mentions. Naive 

Bayes was created by Jim Samuel et al. in 2020 to 
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evaluate tweets relating to the fear-sensing of 

coronavirus and regression categorization. 

In 2020, Márcios et al studied several categorization 

and prediction models for machine learning. Using 

emotional analysis, the SVM, DT, random forests and 

Bayes theorem are used to categorise text data [6]. 

These algorithms are certified and evaluated on social 

media to recognise emotional sentiments. In 2019, 

Kumar Jain et al. created Naive Bayes, which supported 

the use of multilingual text data to identify emotions in 

the vector classification [6]. The most used technique 

for categorising text data using similitude calculations 

is K-Nearest Neighbor (KNN)[8]By calculating their 

distance and closeness, the relationship between the 

two data points is assessed. In order to classify each 

data point's nearest neighbour, the K-NN employs a 

clear common vote. The number of neighbours closest 

to (K, or by definition or by a number of neighbours 

within a specific radius must be defined for each object 

[7]. 

In sentimental analysis difficulty, the deep learning 

techniques (ANN, CNN and RNN) have been 

confirmed and linked in the research papers [13, 15, 16]. 

Jeong et al. [19] has identified chances to create their 

products by integrating topic demonstrating and the 

impacts of sentimentality analysis on specific social 

network data from customers. The following tool is 

used to detect the varying demand for new products. In 

order to investigate travel evaluations and to evaluate 

sentiments for the issues: significance, area, place, 

sanitation and facility, Pham et al. utilised knowledge 

representations [11]. The additional technique [17] 

combines the emotional and semantic aspects of the 

RNN model. Deep learning techniques, such as CNN, 

RNN and LSTM have been evaluated on different 

datasets independently in [14.15, 16]. However, these 

three approaches have not been analysed 

comparatively. For emotional analysis, most scientists 

employ the same technique. Using Word2vec [18], text 

properties are automatically extracted from diverse 

data causes and then transferred to word embeddings. 

Wide. literature has also been concentrated on 

sentiment analysis in the suggested field of system 

technology. The bulk of techniques in this field are 

based on data filters and may be split into 

content-based, collective filtering’s (CF), demographics 

and hybrid categories. The usage of these methods uses 

social data in different ways. 

Methodological for contents rely on item and 

user-profile features, CF techniques on users' implicit or 

explicit expectations, demographic methods for users 

and the composition methods of different things or user 

data collected or generated from social networking. In 

addition, both explicit (input explicitly provided by 

users) and implicit data processes are considered to be 

thorough methods to recommendation systems (which 

are inferred from the behaviour and actions of users). 

Shoham provided one of the early hybrid 

recommendations integrating content and common 

screening recommendations [20]. While sensational 

analytics are not used in this work, they may be seen as 

a roadmap for subsequent research that combines both 

methods and emotional analytics in order to create the 

input of implicit clients. Wang et al. [21] propose a 

hybrid feedback method from films in order to create 

an indeterminate list of suggestions based on a mix of 

shared filtering procedures and contents. Singh et al. 

suggest the use of a film-enabled feedback emotional 

classification as a second filter in the same application 

following collaborative filtering. Rajeswari.et al [26] 

describes the architecture of CNN model. 

 

OBJECTIVES 

The predominant invoice processing systems are 

either entirely manual or they follow a rigid single 

template system. Whether an individual is a buyer or a 

seller, this leads to a lot of inefficiencies and high costs.  

This project aims to address some of the problems in 

current systems by greatly minimizing the human 

intervention in the process and thus reducing costs and 

errors. The aim is to ease the task of both the buyer and 

the seller. 

3. PROPOSED METHODOLOGY 

In Proposed method we are going to build deep 

learning models on twitter data with bigrams and 

trigrams. First collect the data. The data is collected 

from Kaggle. Kaggle is open source platform to provide 

all type of dataset for student learning and research 

purpose. After data collection perform some data 

preprocessing steps using panda’s library. In data 

preprocessing, check null values, duplication, outlier 

etc. After data preprocessing this text data need to 
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perform some text processing steps like removing 

punctuation marks, stop word removal, tokenization, 

stemming, and tokenization. By applying this 

technique, preprocessed text model won’t accept this 

text directly so converting into numerical vector is 

done. For converting the numerical vector there are so 

many techniques in this case bigrams and trigrams are 

used. Perform deep learning model on numerical 

vector, train the model on train data and test that model 

on test data based on the best we conclude. Show all the 

proposed work and work flow in fig 1 

 

Fig 1: Proposed model work flow 

The following steps are used in proposed 

methodology 

Data set 

Dataset is collected from kaggle. This is Tweet 

Polarity Classification. In this case specified tweet, 

predict whether the tweets are negative, or positive. We 

use accuracy score over positive and negative tweets as 

the scoring metric. Each test line should contain a pair 

of tweet_id and its predicted sentiment. In this dataset 

we have 3 columns 1 is ID, 2 is tweet and 3 is sentiment. 

Totally 31962 rows are there. 

Data pre-processing 

In this case first we have to import all needed libraries 

and read the data using pandas then check the 

duplicates. If you find any duplicates just drop it there, 

it’s  of no use using duplicates. Instead, the missing 

data in the datasets will be handled. If our dataset has 

any data missing, then our model might generate an 

enormous problem. The missing values included in the 

dataset must thus be handled. This can  be handled by  

missing data by using mean or median replacement 

and most frequent word replacement.  

Text Pre-processing  

In Pre-processing, preprocessing text is done using 

NLP method. NLP is a problem cracking method that 

aids you analyses text. Natural Language Processing 

(NLP). It is used to let people access and absorb vast 

quantities of existing text material. The feeling of a text 

section using NLP, statistics, or recall or defines it. This 

facilitates the machine's understanding of the wording. 

That's a way to split text into tokens. A token is an 

entity-functioning text of characters. It might consist of 

phrases, emotics, hashtags, links, or even single 

characters depending on how the tokens are created. 

Splitting text on whitespace and punctuation tokens is a 

simple approach. The term 'standardisation' refers to 

the grouping of similarly significant terms. 'Food,' 'eat' 

and 'eat' are all independent words without 

standardisation, despite the fact that you desire to 

regard them as separate words. A supervised machine 

learning method is employed to assess the author's 

opinion towards a topic. And a building data set with 

every dataset having a "feeling" for training is 

produced. Text may be categorised by emotional 

analysis into a variety of emotions. This study allows 

you to train typically in only 2 classes: positive and 

negative in order to ensure consistency and availability 

of the data. We have transformed the text into 

numerical vector by utilising BOW (bi-gram and 

tri-gram). 

Data Splitting  

Data set is divided into a training set and a test set. This 

is one of the key phases in preprocessing data since it 

enables us to improve the performance of our deep 

learning model. 

Suppose we have tested our deep model by using a 

data set and a totally other data set. Then our model 

will have difficulty in understanding the links between 

models. 
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If the training accuracy of our model is likewise 

extremely good and we offer a new dataset, then the 

performance will be lowered. We constantly strive to 

create a machine learning model using the training set 

and with the test dataset which works well. 

Featurization 

This is final step of data pre-processing. After this 

Featurization we can apply and predict the accuracy 

directly. Featurization means covert object type vector 

into numerical vector like categorical data ,is object 

type model  which won’t accept it directly. In this study 

we are working on text data after applying text 

preprocessing we get preprocessed text. Now convert 

this proposed text into numerical vector. So many 

techniques are there for converting but in this study we 

are using bigrams and trigrams. Bigrams means instead 

of taking single word take two word sequence like 

“loved tweets” as one sequence. Trigram is nothing but 

take 3 words combination as sequence like “loved this 

tweets”. This project we are applying both bigrams and 

trigrams to convert text data into numerical data. By 

using this we can get high dimensionality but give best 

results. 

4. MODELS 

ANN Model 

 ANNs are models for machine learning which aim to 

imitate a working brain, the structure of which consists 

of a large number of neurons linked to it hence the term 

"Artificial Neural Networks." A single neuron is the 

simplest ANN model and the sound term Perceptron 

comes from the Star Trek. Frank Rossenblatt created it 

in 1957 and consists of a basic neuron, which applies a 

mathematical function to the weighted sums of the 

inputs (which in a biological neuron were the 

dendrites) and results (the output would be the 

equivalent of the axon of a biological neuron). This 

paper will help us to acquire a fundamental knowledge 

of how a neural networks operate, is not to dig into the 

specifics of the many functions. If this way networks 

are built, neurons which do not belong to the input or 

output layers are considered to form part of hidden 

layers and represent with their Name one of the main 

features of an ANN, namely: they are almost black box 

models; we understand what happens and what 

happens behind the mathematics. 

 

Fig 2: ANN architecture 

In this ANN first we define sequential and add input 

layer with input shape (10000, 1). Then add batch 

normalization and dropouts in input layer. Build 2 

hidden layers with batch normalization and dropouts 

followed by relu activation function. Finally added out 

layer with softmax classifier then compile and fit the 

model. We can see the ANN architecture in fig 2. 

 

Fig 3: ANN model architecture  

CNN Model  

Neural networks or CNNs in development of 

machine learning models are among the most 

promising. In image categorization and computer 

vision, for example, it performs very well. 

CNN is merely a sort of neural network. It varies 

from other networks in its convolutionary layer. CNN 

passes over each angle, vector and dimension of the 

pixel matrix to carry out picture categorization. This 

makes CNN more sustainable to format data with all 

the properties of a matrix. 
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Convolutionary layers are made up of several 

characteristics such as edges, corners and several 

texture detection which make this a particular tool for 

the modelling of CNN. This layer runs over and can 

identify all characteristics in your picture matrix. Each 

convolutionary network layer can identify increasingly 

complicated characteristics. As the feature increases, 

the dimension of the convolutionary layer must be 

expanded. 

Text data can be considered a single-dimensional 

matrix as sequential data such as time series data. We 

must operate with a single layer of convolution. The 

concept of the model is nearly identical but the data 

type and dimension of convergence layers have 

changed. We need a word embedding layer and a 

one-dimensional convolutionary network in order to 

work with Text CNN. 

 
Fig 4: CNN Architecture 

In CNN first we define input layer with Relu 

activation function followed by batch normalization 

and dropouts. Then build two hidden dense layers with 

same batch normalization and dropouts. Finally, add 

flatten layer and define output layer with softmax 

classifier. In compile we use Adam optimizer and 

accuracy as a performance metric then fit the model 

with train data and test data. We can see this 

architecture in fig 4. 

 
Fig 5 CNN model architecture 

5. EVALUATION METRIC 

Accuracy is used as performance matrix. Accuracy 

means number of correctly classified data point divided 

by total number of data points. By using this accuracy 

we can decide our model going to work proper or not. 

If we get 90% accuracy on test in feature, if we give any 

new data point to the model it will predict 90% 

accurately. This is balanced data after printing the 

accuracy plot the confusion matrix also. It will tell how 

many miss classified data points are there per each 

class. Sometime by using only accuracy we can’t say in 

that cases confusion matrix will help us. 

 Accuracy = (TP+TN) or correctly classified data points/ 

(TP+TN+FP+FN) or total data points  

Precision is nothing but number of positive divided by 

the total number of positive predictions. 

Precision = TP / (TP + FP) 

The recall is the measure of our model correctly 

identifying True Positives. 

Recall = TP / (TP + FN) 

F1-score is the Harmonic mean of the Precision and 

Recall. 

F1- score = 2 * (Precision * Recall) / (Precision + Recall)  

6. RESULTS AND DISCUSSION 

      In this we utilized the data set of twitter that Kaggle 

published in public. Analyzes were done with several 

function extraction methods on this labelled dataset. 

We utilised the framework for applying the 

preprocessor for the raw phrases, which make the 

understanding more suitable. Further, the various 

methods of machine learning train the data set with 

functional vectors, and the somaticized analysis gives a 

great number of synonyms and similarities that give the 

content polarity. Then after getting the pre-processed 

text applied bigrams and trigrams convert this text into 

numerical data. Now we can feed this data to deep 

learning models. In this case we used CNN and ANN 

we got 67% accuracy by using CNN and 80% accuracy 

by using ANN we can see that in fig 6 and table 1. By 

seeing that result we can conclude ANN is our fine tune 

model in our project. We plotted accuracy plot and 
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confusion matrix of ANN model in Fig 7 and Fig 8. In 

fig 8 confusion matrix it will tell how many data points 

are correctly classified and how many data points are 

misclassified. We plotted confusion reports with 

precision, recall and f1 score. Mostly we use these 

metric when we have imbalance data. By seeing this 

report we can know the precision, recall and f1 score 

values per each class. In ANN report we got 0.79% f1 

score value. Similarly using CNN also we got 0.66%. 

We can see this results in fig 9 and fig 12 

 

Fig 6 Accuracy comparison table 

Table 1: Results comparison  

S. NO Models Accuracy F1 - Score 

1 ANN 0.80 0.79 

2 CNN 0.69 0.66 

 

           

 
      Fig 7:- ANN model accuracy plot 

 

 

 Fig 8:- ANN model confusion matrix  

 

Fig 9:- ANN model classification report 

 

Fig 10: CNN model accuracy plot 

 

 Fig 11: CNN model confusion metrix 
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 Fig 12: CNN model classification report 

7. CONCLUSION 

  Now a day’s sentiment analysis is very hot topic in 

Artificial Intelligence. In this study we are going to 

build deep learning models on twitter data with 

bigrams and trigrams. This project help us to save 

human time and predict tweets accurately. If we 

manually read the tweet and classify whether it is a 

positive or negative, it takes some time but using deep 

learning model it can be done very easily. Using this 

model we can classify upcoming tweets also. In 

addition, as for deep learning approaches, we proposed 

two different methods, including ANN, and CNN with 

bi-grams and tri-grams. According to our experiments, 

by using ANN with bigrams and tri grams 

outperformed other deep learning methods with the 

accuracy of 80.60%. Various architecture of ANN and 

CNN are used to get best accuracy in future and by 

using latest model Bert we get more accuracy and 

predict accurately.  
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