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A B S T R A C T  

Sentiment analysis is the process of identifying and categorizing people’s emotions or opinions regarding various topics. The 

analysis of Twitter sentiment has become an increasingly popular topic in recent years. In this paper, we present several machine 

learning and a deep learning model to analysis sentiment of Persian political tweets. Our analysis was conducted using Bag of 

Words and ParsBERT for word representation. We applied Gaussian Naive Bayes, Gradient Boosting, Logistic Regression, 

Decision Trees, Random Forests, as well as a combination of CNN and LSTM to classify the polarities of tweets. The results of this 

study indicate that deep learning with ParsBERT embedding performs better than machine learning. The CNN-LSTM model had 

the highest classification accuracy with 89 percent on the first dataset and 71 percent on the second dataset. Due to the complexity 

of Persian, it was a difficult task to achieve this level of efficiency. The main objective of our research was to reduce the training 

time while maintaining the model's performance. As a result, several adjustments were made to the model architecture and 

parameters. In addition to achieving the objective, the performance was slightly improved as well. 

Keywords— Sentiment Analysis, Persian, Machine Learning, Deep Learning, Twitter. 
 

1. Introduction  

In text analytics, Natural Language Processing (NLP) and 
Machine Learning (ML) techniques are used to gain insight 
from unstructured text data [1]. Sentiment analysis (SA) is the 
study of people's opinions, attitudes, and emotions regarding 
certain events or topics using computational methods [2]. SA 
is an NLP technique used to extract and analyze emotions in 
text [3, 4], speech [5], and images [6]. It involves detecting 
emotions, classifying them (binary or multiclass), and mining 
opinion polarity and subjectivity [7]. Therefore, an important 
SA task is emotion detection (ED). In SA, the focus is mainly 
on specifying positive, negative, or neutral opinions, whereas 
in ED, the focus is on detecting a variety of emotional states 
from text. The implementation of ED as a SA task can be 
achieved using either a machine learning approach or a 
lexicon-based approach [2]. 

Over the years, people have posted a lot of content on 
social media like Twitter, Instagram, and Facebook and 
expressed their opinions, sentiments, thoughts, and attitudes 
towards various topics. SA can be applied to this enormous 
amount of textual corpora, which include real-time feedback 
and recommendations about events and products [8, 9]. 
Companies use this textual content to maintain full awareness 
of customer’s opinion regarding their products, which is 
helpful in making strategic decisions and identifying 
limitations [10].  

Twitter (which rebranded to X on July 31, 2023) is one of 
the most popular social media platforms and people post 
around 500 million tweets every day. In terms of data access, 
Twitter has a policy of openness and an API that can be used 

to collect data about any subject [11, 12]. Although tweets can 
be a valuable source of sentiment analysis, they present a 
number of challenges. Tweets are short (280 characters for free 
and 25,000 for paid users), informal, unstructured, and have 
ambiguous language with polysemy and figurative expressions 
[13]. The content may contain sarcasm, which conveys the 
intended meaning in the opposite manner. Literature is 
available on a variety of topics and authors. Additionally, 
tweets may contain Emojis or hashtags that need to be 
preprocessed [14].  

Using tweets in Persian language poses other challenges 
that should be addressed. It is common in Persian to use 
abbreviations such as “مشترک “) ”برجام اقدام  جامع   which ”برنامه 

means “Joint Comprehensive Plan of Action”). There are some 
characters in Persian alphabet that have the same 
pronunciation, but are written differently. These words convey 
negativity or positivity, which play an extremely important 
role in sentiment analysis. Researchers used twitter content for 
sentiment analysis in different domain such as healthcare [15], 
tourism [16], business [17], finance [18, 19], and education 
[20].  

Political SA is no different from other domains in terms of 
method and implementation [21]. The importance of sentiment 
analysis in politics has increased in recent years for several 
reasons. The political diplomat must be aware of the opinions 
and needs of the people, as well as major issues in society [22]. 
Conducting surveys and polls on political topics is an 
extremely time-consuming and expensive endeavor. 
Therefore, political SA is a common method of assessing the 
public's attitudes regarding a political campaign [23]. SA could 
be used in political debates to discover the opinions of people 
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regarding a particular election candidate or political party [24]. 
It is also possible to predict the election results based on 
political posts [22].  

It has become increasingly important to analyze emotions 
in order to predict democratic elections [25]. Microblogging 
and social networking sites are considered good sources of 
information during the SA process since people are able to 
discuss their opinions freely about political issues [2]. 

Political parties can also benefit from sentiment analysis by 
assessing public opinions regarding politicians' words and 
actions. They can monitor the public's reactions about their 
promises, and determining polarities to be aware of their 
acceptance. This will help to fill the gap between the public 
and politicians and will have a significant impact on the 
candidate's political future. 

In this paper, we aim to analyze and understand the 
sentiment of Persian political tweets. We considered two 
states. Since the first dataset has three classes, it is considered 
a SA job. The second dataset, on the other hand, has seven 
classes which are based on human emotions. For this dataset, 
our approach was to look at ED as a branch of SA with seven 
classes rather than performing SA with positive, negative, or 
neutral classes. Consequently, our results are more 
comprehensive and more comparable to human states, making 
them more suitable for analysis. In [23], the author performed 
sentiment and emotion analysis on the Gujarat Legislative 
Assembly Election in India. However, our approach is 
completely different.  

In order to vectorize textual content, Bag of Words (BOW) 
and ParsBERT [26] were used. For prediction, we employed 
several machine learning classifiers as well as a deep learning 
method. Our results are evaluated using two Persian political 
datasets collected from Twitter. 

In Section 2 that follows, we discuss the related work. 
Section 3 provides a detailed description of the proposed 
method. Section 4 describes the results we achieved using 
different models. The paper concludes with future directions 
in Section 5. 

2. Related Work 

The use of sentiment analysis is becoming increasingly 
popular in many domains, including e-learning [27], online 
stores [28], hotel reviews [29], and movie reviews [30]. Many 
researchers have used sentiment analysis to investigate events 
or to solve problems using Twitter data. 

A sentiment analysis of three public datasets (Amazon 
product reviews, IMDB movie reviews, and Yelp restaurant 
reviews) was conducted by Mutinda et al. [31] using sentiment 
lexicons, N-grams, and BERT with a CNN. COVID-19 tweets 
were analyzed by Aslan et al. [32]. They used FastText Skip-
gram to extract information, a convolutional neural network 
(CNN) model for feature extraction and an optimization 
algorithm (AOA) for feature selection. Several machine 
learning algorithms were used to classify tweets as positive, 
negative, or neutral. VADER and NRCLex were used by 
Ainapure et al. [33] to investigate Indian citizens' views on the 
COVID-19 pandemic and vaccination. They used Bi-LSTM 
and GRU methods to train the classification model. In the 
paper by AlBadani et al. [34], a methodology based on fine-
tuning universal language models and SVMs was proposed to 

determine people's attitudes towards a particular product based 
on their tweets. Naseem et al. [9] present DICET, which is a 
transformer-based method for removing noise from tweets to 
enhance their quality. A BiLSTM network was applied to three 
datasets, including US airlines, Airlines, and Emirates airlines, 
to determine the sentiment of tweets. In an educational context, 
Misuraca et al. [35] used sentiment analysis to determine the 
polarity (positive/neutral/negative) of a student's feedback.  

In a study by Ruz et al. [36], Bayesian networks were used 
to analyze sentiments during critical events. Twitter posts 
regarding the 2010 Chilean earthquake were collected as 
natural events and tweets regarding the 2017 Catalan 
independence referendum were collected as social movements. 
Neogi et al. [37] proposed a method for analyzing Indian 
farmers' protest tweets. They collected 18,000 tweets about the 
protest and applied Bag of Words and TF-IDF for word 
embedding. The tweets were classified using Decision Trees, 
Random Forests, Naive Bayes, and SVM. A study conducted 
by Charalampakis et al. [38] assessed how sarcastic tweets 
may influence electoral outcomes. Using a combination of 
Support Vector Machines and Neuro-Fuzzy analysis, Katta et 
al. [39] assessed sentiment analysis of twitter information 
related to political issues. 

For the purpose of sentiment analysis in Persian, Shams et 
al. [40] present LDASA, an LDA-based sentiment analysis 
method, which is evaluated using data from websites about 
hotels, cell phones, and digital cameras. A deep learning 
method was proposed by Dehghani et al. [41] for detecting 
abusive words in Persian tweets. In order to detect the polarity 
of 1000 idiomatic expressions, Dashtipour et al. [42] used 
Decision Tree, Naive Bayes, KNN, SVM, and CNN. Using 
803278 Persian tweets, Nezhad et al. [43] proposed a deep 
learning method based on CNN and LSTM to classify 
sentiments about COVID-19 vaccines. In Dastgheib et al. [44] 
article, structural correspondence learning (SCL) and 
convolutional neural networks (CNN) are combined in order 
to analyze the polarity of 26K Persian sentences obtained from 
user opinions about digital products. In subject of Persian 
political tweets, our previous work [45] was the first study. We 
used a CNN-BiLSTM model which scored the accuracy of 
0.889  on first dataset and 0.710 on second dataset. 

3. Methodology 

In this section, we describe our proposed method for 
analyzing Persian political tweets. Our approach is illustrated 
in Figure 1. We preprocessed the input data and then used 
BOW and ParsBERT to convert textual information into 
numerical vectors. As Bow is a traditional method, ParsBERT 
is a fine-tuned version of BERT that takes the semantics into 
account. Several algorithms were used to classify tweets 
polarity, namely Gaussian Naive Bayes, Gradient Boosting, 
Logistic Regression, Decision Tree, Random Forest, as well as 
CNN-LSTM. The BOW was mostly used with traditional 
machine learning algorithms and the ParsBERT output was 
used as an input for the deep learning model. Lastly, we 
evaluate every algorithm based on accuracy, precision, recall 
and F1-score. 

This paper covers a wide range of traditional machine 
learning algorithms and a deep learning model that provides a 
comparison between the performance of different models. 
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Figure. 1. Our proposed method. 

3.1. Dataset 

In this study, we analyzed two Persian political tweets 
datasets to analyze the polarity of people's opinions about 
Iranian politicians. The first dataset divided into three 
categories based on positive, negative, and neutral polarity. In 
the second dataset, there are seven different emotion 
categories, including happy, sad, hopeless, hopeful, angry, 
apathy, and others. A sample of each class presented in the 
second dataset is shown in Table 1. 

3.2. Data Preprocessing 

Data preprocessing is the process of preparing raw data 
before it is used to build Machine Learning models which 
involve several steps. As tweets are sometimes posted in a 
variety of ways, there is a lot of inconsistency and redundancy, 
which makes data cleaning necessary. The following 
preprocessing steps were applied: 

• Removing all HTMLs and URLs: It should be noted the 
data was collected from Twitter, a social media 
platform where users can post images, videos and links. 
Typically, HTML tags are used to present this type of 
content, which is collected during the crawling process. 
We should remove these HTML tags and other URLs 
in order to clean the data [46]. 

• Removing repetitive characters in a word, e.g. 
 Persian word for) ”خوب“ is replaced with ”خووووووب“

good). 

• Additional vocabulary pruning was carried on to avoid 
non-informative terms, the so-called stopwords [47].  

• Emojies were replaced with their textual equivalent 
using Regex.  

• Stemming is applied to extract the base form of the 
words.  

• Detecting incorrect spellings and correcting them. 

Table 1. Samples of second dataset. 

Tag English Persian 

Happy 

In a country where 

logic is rare on the part 

of the statesmen, 

logical remarks by 

president of the central 

bank is hilarious! 

#Currency #dollar 

از  حساب  حرف  شنیدن  که  مملکتی  تو 

مسئولان کیمیاست، شنیدن چارکلام حرف 

می  چقدر  مرکزی  بانک  رییس  از    حساب 

 دلار#ارز #چسبه!  

Sad 

The factory where my 

father works is being 

closed due to the 

#strike of truck driver. 

داره کارخونه  میکنه  کار  توش  بابام  که  ای 

 کامیونداران -اعتصاب#بسته میشه سر 

Hopeful 

Iranians are engaged 

in various professions 

abroad. Most of them, 

from scientist to 

worker, are elite in 

their profession. They 

have been vagabonds 

for so long and 

nowhere feels like 

their homeland. The 

majority will return 

and we will rebuild the 

country as a united 

nation. 

حرفه  به  خارج  در  مختلف ایرانیان  های 

د تا کارگر مشغولند. حداکثرشان، از دانشمن

نخبه  خود  حرفه  در   40اند.  در  است  سال 

کجا  هر  بدوشند.  خانه  خارجی  کشورهای 

گردند هستند میهنشان نیست. اکثریت برمی 

سازیم با اتحاد ملت ایران و دوباره ایران را می 

 در داخل. 

Hopeless 
Why should I stay and 

not emigrate?! 
 نکنم؟! چرا باید بمونم و مهاجرت 

Angry 

They gloriously and 

publicly announce the 

way they spend the 

money of labor 

children and orphans. 

They consider us so 

fool and inferior that 

they so mock us. Till 

when should we 

pretend to be asleep 

کودکان های کار و  با افتخار میگن نون بچه

کردند.  هزینه  چگونه  و  کجا  را  ایران  یتیم 

این  که  میدونن  ذلیل  و  احمق  رو  ما  انقدر 

چنین به ریشمان میخندن تا کی خودمون 

 رو به خواب بزنیم 

Apathy 
Political news is none 

of my business. 
 اخبار سیاسی ب من چ اخه 

Others 
Tomorrow is election 

day 
 انتخاباته فردا روز 

3.3. Feature Representation 

We used BOW and ParsBERT techniques to convert 
textual tweets into numeric format. BOW is a simple, yet 
powerful, method of vectorizing text. This method counts the 
number of times each word appears in a document and does 
not consider its position. BOW generates a document-term 
matrix (DTM) that describes the frequency of terms within a 
collection of documents. DTM is used as input for machine 
learning classifier . 

ParsBERT is a monolingual language model based on 
Google’s BERT architecture with the same configurations as 
BERT-Base. A large Persian corpus (with more than 2M 
documents) has been used to pre-train this model. There are a 
variety of writing styles on the corpus, as well as many subjects 
(e.g., scientific, novels, news). With ParsBERT, the semantics 
and meaning of the Persian sentences are taken into account 
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[48]. ParsBERT is intended to recognize the nuances and 
complexities of the Persian language to be more efficient with 
NLP tasks. 

3.4. Model Building 

Gaussian Naive Bayes 

A Naive Bayes classification algorithm is based on Bayes' 
Theorem, where features are assumed to be independent of 
each other. Bayesian networks assume features are 
independent. The algorithm calculates the probability of an 
item occurring, and then assigns the document to the class 
which has the highest posterior probability [49]. By using the 
Bayes theorem, we can calculate the posterior probability 
P(A|B). Equ (1) calculates the Naive Bayes. 

𝑃(𝐴|𝐵) =  
𝑃 (𝐵|𝐴) 𝑃(𝐴)

𝑃 (𝐵)
 (1)  

where P(A|B) is the posterior probability of the target class, 
P(A) is the class prior probability, P(B|A) is the likelihood 
which is the probability of predictor of given class and P(B) is 
the predictor prior probability. 

The Gaussian Naive Bayes classification algorithm is an 
extension of the Naive Bayes classification algorithm. 
Gaussian Naive Bayes assumes that data follows a normal 
distribution and each parameter (also known as feature or 
predictor) has an independent ability to predict the output 
variable. Combining all predictions yields the final prediction, 
which returns a probability for the dependent variable to be 
classified in each group. As a result, the final classification is 
assigned to the group with the highest probability. In Equ (2), 
a Gaussian Naive Bayes calculation is shown. The maximum 
likelihood is used for estimating 𝜎𝐵 and 𝜇𝐵 [50]. 

 

𝑝 (𝐴𝑖|𝐵) =  
1

√2𝜋𝜎𝐵
2

 𝑒
(−

(𝐴− 𝜇𝐵)2

2𝜎𝐵
2

 (2)  

Gradient Boosting 

The gradient boosting method is one of the types of 
ensemble learning. Ensemble learning combines a group of 
weak learners to create a strong learner [51]. In ensemble 
boosting, models are produced sequentially by iteratively 
minimizing the error of earlier learned models. In gradient 
boosting, an ensemble of weak learners is used to improve the 
performance of a machine learning model.  In classification, 
the final result is calculated as the class that receives the 
majority of votes from weak learners. In gradient boosting, 
weak learners work sequentially. The goal of each model is to 
improve on the error of the previous model. It is different from 
bagging, in which multiple models are fitted on subsets of data 
in parallel [52]. An example of bagging is Random Forest.  

Logistic Regression 

A logistic regression model, despite its name, is a 
classification model, not a regression model. It is a 
classification model that is simple to implement and performs 
well with linearly separable classes [53]. The logistic 
regression algorithm is based on logistic function. Logistic 
functions are sigmoid curves calculated by Equ (3). 

𝑓(𝑥) =  
𝑀

 1 + 𝑒−𝑘(𝑥−𝑥0)
 (3)  

where e represents Euler's number, x0 represents the 
midpoint of the sigmoid curve, M represents its maximum 
value, and s represents its steepness. 

Logistic Regression converts categorical dependent 
variables into probability scores. These scores are then used to 
measure the relationship between the categorical dependent 
variable and the continuous independent variable. A logistic 
regression can be classified into binary and multinomial types. 
A multinomial logistic regression is used when the labels 
contain multiple values [54, 55]. 

 

 Decision Tree 

In machine learning, decision trees are used for 
classification and follow an "if/then" logic. During the 
development of a decision tree, the tweet dataset is the root 
note and the decision nodes represent the features of the 
dataset. Decision nodes are split into branches and create child 
nodes. The branches are actually the decision rules. The output 
of a decision tree is represented by leaf nodes, which have no 
branches [37]. For the first dataset, leaf nodes may be positive, 
negative, or neutral, and for the second dataset, they may be 
happy, sad, hopeless, hopeful, angry, apathy, or others. A 
decision tree provides an explainable model and is simple. 

Random Forest 

A random forest is a collection of decision trees that can be 
used for both regression and classification. Each decision tree 
classifier receives a part of the data, produces an output, and 
the final result is decided by voting. Random Forest is an 
ensemble algorithm that uses bagging approach in order to 
determine voting results. In comparison with decision trees, 
the random forest classifier has the advantage of eliminating 
the possibility of overfitting [55, 56].  

CNN-LSTM 

Convolutional neural networks (CNNs) are a type of 
artificial neural networks that learn directly from data. CNN is 
a feedforward network that can extract features from data with 
convolutional structures [57]. As a result of the convolution 
layer, the input data is filtered and a feature map is created, 
which illustrates the particular attributes associated with the 
data points [58]. 

Long short-term memory (LSTM) is an improved model of 
recurrent neural networks (RNNs) that solves the gradient 
vanishing or exploding problem [59]. LSTM models have 
three gates: the input gate, the forget gate, and the output gate. 
Input gate determines which information is added to memory 
cell. Forget gate determines which information should be 
removed from memory cell and which information should be 
retrained . It enables LSTM to solve the gradient vanishing or 
exploding problem. Output gate is responsible for calculating 
the output. LSTM is capable of remembering information for 
a long time, which makes them suitable for text classification 
[60]. LSTM gates and cell are calculated using Equ (4)-(7) 
[61]. 

Input gate 𝐼𝑛𝑡 =  𝜎 (𝑊𝑖𝑛[ℎ𝑠𝑡 − 1]. 𝑥𝑡 + 𝑏𝑖𝑛) (4)  

Forget gate 𝑓𝑡 = 𝜎 (𝑊𝑓[ℎ𝑠𝑡 − 1]. 𝑥𝑡 +  𝑏𝑓) (5)  

Output gate 𝑓𝑜 = 𝜎 (𝑊𝑜[ℎ𝑠𝑡 − 1]. 𝑥𝑡 + 𝑏𝑜) (6)  
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Memory cell 𝐶𝑡 = 𝑡𝑎𝑛ℎ (𝑊𝑐[ℎ𝑠𝑡 − 1]. 𝑥𝑡 + 𝑏𝑒) (7)  

CNN is capable of detecting local features and deep 
features from text, and LSTM is capable of processing 
sequential input. Figure 2 shows our proposed deep learning 
architecture that combines CNN and LSTM. First, we used 
ParsBERT for word embedding, resulting in text vectorization, 
which can be used as input to a neural network. For feature 
extraction, One-dimensional Convolution (Conv1D) is used. 
The next layer is the max-pooling which reduces the network 
parameters, resulting in a faster training process and the ease 
of handling overfitting problems [62]. To train the 
classification model, a LSTM layer was added. A spatial 
dropout layer follows with a dropout rate of 0.1, which sets 10 
percent of input units to zero during training. As a final layer, 
the dense layer is used to generate predictions. 

Although the proposed architecture in the previous work  
[45] achieved good results, the train and inference times were 
high and the method was not fast as compared to the machine 
learning methods. As part of this work, we sought to make 
changes that would increase speed while maintaining 
accuracy. TF-IDF was replaced by BOW for vectorizing input 
for machine learning algorithms. BOW is a simpler and faster 
method. However, the major changes have been made to the 
deep learning model, which had produced better results. There 
are two areas where we could make changes: the architecture 
of the model and the parameters of the model. 

Model architecture: The model's architecture was 
changed by reducing the size of the layers. The convolution 
layer size has been reduced from 64 to 32, and the maxpooling 
size has been reduced from 8 to 2. Additionally, LSTM was 
used rather than BiLSTM. LSTM-based models are slightly 
preferred over BiLSTM-based models since they require a 
greater amount of computational time to train [63]. 
Furthermore, dropout layer was replaced by spatial drop out. 
With spatial drop out, an entire 1D vector is dropped out at the 
specified rate, preventing the model from overfitting and 
ensuring better generalization [64]. 

Model parameters: There are five different parameters 
used in the neural network, each of which can have a different 
value. We considered 5, 10, 20, 30, 50, and 100 for epochs and 
2, 4, 8, 16, 32, and 64 for batch size. In this experiment, the 
learning rate was set at 0.1, 0.01, 0.001, 0.0001, 0.00001, and 
0.000001. We selected accuracy and categorical cross-entropy 
for the loss and Adam and SGD as the optimizer. These values 
are summarized in Table 2. Therefore, the most optimal 
parameters were determined by greedy search. The greedy 
algorithm attempts to arrive at a globally optimal solution by 
making a locally optimal choice [65]. 

4. Results and Discution 

4.1. Evaluation Metrics 

To evaluate the performance of each model, we used 
accuracy, precision, recall and F1-score measures. They are 
calculated based on confusion matrix which has four values: 

• True Positives (TP): The number of positive tweets that 
have been classified correctly. 

• True Negatives (TN): The number of negative tweets 
that were correctly classified. 

• False Positives (FP): The number of tweets that have 
been incorrectly classified as positive. 

• False Negatives (FN): The number of tweets that have 
been incorrectly classified as negative. 

Accuracy is defined as the proportion of true results 
among all the cases examined. It can be used for binary as well 
as multiclass classification problems. Equ (8) calculates 
accuracy. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (8)  

Precision indicates what proportion of predicted positives 
are actually Positive. Equ (9) is used to calculate precision. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (9)  

Recall measures the proportion of Positives that are 
correctly classified. Equ (10) shows the recall calculation. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (10)  

F1-score is a number between zero and one that represents 
the harmonic mean of precision and recall. Calculation of F1-
score is shown in Equ (11). 

𝐹1_𝑠𝑐𝑜𝑟𝑒 =  
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (11)  

 

Figure. 2. Architecture of the deep learning model. 

Table 2. Model parameters for greedy search. 

Parameter Values 

Epochs 5, 10, 20, 30, 50, 100 

Batch size 2, 4, 8, 16, 32, 64 

Learning rate 0.1, 0.01, 0.001, 0.0001, 0.00001, 0.000001 

Loss  Accuracy, Categorical Cross-Entropy 

Optimizer Adam, SGD 
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4.2. Evaluation 

This section presents results of each dataset. Parameters 
used in training of deep learning model are shown in Table 3, 
which are the result of greedy search. Loss function is 
calculated based on Categorical cross-entropy.   Adam 
algorithm is used to optimize the training model. Learning rate 
is set to 0.0001 and the neural networks were trained for 10 
epochs with a batch size equal to 64. Datasets were split 70:30, 
with 70% of the data used for training the models and 30% for 
evaluating their performance. 

Table 4 shows the results of first dataset. Gradient Boosting 
shows the best results in terms of precision, equal to 90%. The 
performance of Random Forest was more accurate when 
compared to other machine learning methods, with accuracy, 
recall, and F1-score equal to 86%. CNN-LSTM has the highest 
performance with accuracy and recall of 89% and F1-score of 
88%. Therefore, the overall result of deep learning is better 
than the result of machine learning. 

The results of the sentiment analysis of the second dataset 
are presented in Table 5. Among all classifiers, CNN-LSTM 
has the best accuracy, precision, recall, and F1-score, which is 
71%. The performance of logistic regression is better than 
other machine learning models with accuracy, precision, 
recall, and F1-score of 66%. 

According to the results, deep learning performed better 
than machine learning in both datasets. Input for the machine 
learning algorithm is derived from BOW, which constructs a 
document vector based on words without considering 
semantics. ParsBert is a fine tuning of BERT embeddings that 
take context into account, and this result is used as input to 
CNN-LSTM models. Furthermore, the CNN layer extract 
features that are useful to train LSTM.  

As we can see from Tables 4 and 5, the models perform 
better when analyzing sentiments for three classes compared 
to seven classes. 

Table 3.  Model parameters 

Parameter Value 

Epochs 10 

Batch size 64 

Learning rate 0.0001 

Loss  Categorical cross-entropy 

Optimizer Adam 

Table 4.  First dataset results. 

Model Accuracy Precision Recall F1-score 

Gaussian Naïve Bayes 0.619 0.669 0.619 0.591 

Decision Tree 0.761 0.771 0.761 0.766 

Gradient Boosting 0.765 0.901 0.765 0.805 

Random Forest 0.869 0.866 0.868 0.865 

Logistic Regression 0.846 0.875 0.846 0.855 

CNN-LSTM 0.892 0.888 0.892 0.888 

Our main objective was to decrease training and inference 
times as compared to previous models [45] without 
compromising model accuracy. A comparison of the results is 
presented in Table 6. Using the new lighter model, we have 
improved SA results in both datasets. The accuracy of the first 
dataset, which has three classes, improved by 0.3%. Accuracy 
improved by 0.4% in the second dataset, which has seven 
classes. The improvement is not significant, but our primary 
goal was to reduce computation time while maintaining the 
model's performance. According to the results, the goal was 
attained.  

The hybrid CNN-LSTM model that we have proposed in 
this paper has proven to be highly effective by providing the 
best results. The results obtained in this paper indicate that 
combining deep learning algorithms effectively is a promising 
approach to creating efficient political SA and ED systems. 

5. Conclusion 

We present several machine learning methods (Gaussian 
Naive Bayes, Gradient Boosting, Logistic Regression, 
Decision Trees and Random Forests) and deep learning (CNN-
LSTM) for sentiment analysis of Persian political tweets. We 
vectorized tweets with BOW for machine learning, and 
ParsBERT for deep learning. Models were evaluated and 
compared using two datasets from twitter. There are three 
classes in the first dataset and seven classes in the second 
dataset. In the first dataset, CNN-LSTM performed better with 
the highest accuracy (89%), recall (89%), and F1-score (88%). 
As well, it has the best performance in all evaluation metrics 
for the second dataset with accuracy, precision, recall, and F1-
score of 71%. Additionally, we aimed to reduce the training 
time and increase the speed of the model, which was 
accomplished.  

Table 5.  Second dataset results. 

Model Accuracy Precision Recall F1-score 

Gaussian Naïve Bayes 0.632 0.636 0.632 0.632 

Decision Tree 0.594 0.595 0.594 0.594 

Gradient Boosting 0.64 0.655 0.64 0.642 

Random Forest 0.653 0.669 0.653 0.656 

Logistic Regression 0.668 0.669 0.668 0.668 

CNN-LSTM 0.714 0.717 0.714 0.713 

Table 6.  Comparing results. 

 Model Accuracy Precision Recall F1-score 

First 

Dataset 

[45] 0.889 - - 0.887 

CNN+LSTM 0.892 0.888 0.892 0.888 

Second 

Dataset 

[45] 0.710 - - 0.700 

CNN+LSTM 0.714 0.717 0.714 0.713 
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We developed a hybrid model that combines CNN with 
LSTM in order to take advantage of the benefits of both layers. 
The model was also evaluated against several known machine 
learning algorithms. Based on several evaluation metrics, our 
CNN-LSTM model is found to provide the best performance. 

In the future, other features can be considered, such as 
hashtag frequency. In order to gain better results, using 
multimodal approaches and combining textual tweets with 
other types of data such as speech and video can be beneficial.  

Considering that fine-tuning the Bert model is state of the 
art in different tasks, it would be interesting to see how it 
performs on other dataset. Our proposed method can be 
applied to other political datasets in other languages, such as 
English, and the results can be compared. 

Declarations 

Funding 

This research did not receive any grant from funding 
agencies in the public, commercial, or non-profit sectors. 

Authors' contributions 
Mohammad Dehghani: Study design, acquisition of data, 
implementation of the computer code and supporting 
algorithms, interpretation of the results;  

Zahra Yazdanparast: Writing and editing the manuscript; 
All authors read and approved the final manuscript. 

Conflict of interest 
The authors have no conflicts of interest to declare. 

References 

[1] M. Wankhade, A. C. S. Rao, and C. Kulkarni, "A survey on sentiment 

analysis methods, applications, and challenges," Artificial Intelligence 

Review, vol. 55, no. 7, 2022, pp. 5731-5780. 
https://doi.org/10.1007/s10462-022-10144-1 

[2] W. Medhat, A. Hassan, and H. Korashy, "Sentiment analysis 

algorithms and applications: A survey," Ain Shams engineering 
journal, vol. 5, no. 4, 2014, pp. 1093-1113. 

https://doi.org/10.1016/j.asej.2014.04.011 
[3] K. Ravi and V. Ravi, "A survey on opinion mining and sentiment 

analysis: tasks, approaches and applications," Knowledge-based 

systems, vol. 89, 2015, pp. 14-46. 
https://doi.org/10.1016/j.knosys.2015.06.015. 

[4] S. Y. Ying, P. Keikhosrokiani, and M. P. Asl, "Comparison of data 

analytic techniques for a spatial opinion mining in literary works: A 
review paper," In International Conference of Reliable Information 

and Communication Technology, Cham: Springer International 

Publishing, 2021, pp. 523-535. https://doi.org/10.1007/978-3-030-
70713-2_49 

[5]  S. Maghilnan and M. R. Kumar, "Sentiment analysis on speaker 

specific speech data," in 2017 international conference on intelligent 
computing and control (I2C2), IEEE, 2017, pp. 1-5. 

https://doi.org/10.1109/I2C2.2017.8321795. 

[6]  N. Mittal, D. Sharma, and M. L. Joshi, "Image sentiment analysis 
using deep learning," in 2018 IEEE/WIC/ACM International 

Conference on Web Intelligence (WI), IEEE, 2018, pp. 684-687. 

https://doi.org/10.1109/WI.2018.00-11 
[7]  H.-C. Soong, N. B. A. Jalil, R. K. Ayyasamy, and R. Akbar, "The 

essential of sentiment analysis and opinion mining in social media: 

Introduction and survey of the recent approaches and techniques," in 
2019 IEEE 9th symposium on computer applications & industrial 

electronics (ISCAIE), IEEE, 2019, pp. 272-277. 

https://doi.org/10.1109/ISCAIE.2019.8743799. 
[8] G. Alexandridis, I. Varlamis, K. Korovesis, G. Caridakis, and P. 

Tsantilas, "A survey on sentiment analysis and opinion mining in greek 

social media," Information, vol. 12, no. 8, 2021, p. 331. 
https://doi.org/10.3390/info12080331. 

[9] U. Naseem, I. Razzak, K. Musial, and M. Imran, "Transformer based 

deep intelligent contextual embedding for twitter sentiment analysis," 

Future Generation Computer Systems, vol. 113, 2020, pp. 58-69. 
https://doi.org/10.1016/j.future.2020.06.050. 

[10] Z. Drus and H. Khalid, "Sentiment analysis in social media and its 

application: Systematic literature review," Procedia Computer 
Science, vol. 161, 2019, pp. 707-714. 

https://doi.org/10.1016/j.procs.2019.11.174. 

[11] D. Antonakaki, P. Fragopoulou, and S. Ioannidis, "A survey of Twitter 
research: Data model, graph structure, sentiment analysis and attacks," 

Expert Systems with Applications, vol. 164, 2021, p. 114006. 

https://doi.org/10.1016/j.eswa.2020.114006. 
[12] V. Van der Mersch, "Twitter’s 10 Year Struggle with Developer 

Relations," Nordic APIs, 2016. https://nordicapis.com/twitter-10-year-

struggle-with-developer-relations/ 
[13] Z. Saeed, R. A. Abbasi, O. Maqbool, A. Sadaf, I. Razzak, A. Daud, N. 

R. Aljohani, and G. Xu, "What’s happening around the world? a survey 

and framework on event detection techniques on twitter," Journal of 
Grid Computing, vol. 17, 2019, pp. 279-312. 

https://doi.org/10.1007/s10723-019-09482-2. 

[14] V. Shah, S. Singh, and M. Singh, "TweeNLP: a twitter exploration 
portal for natural language processing," arXiv preprint 

arXiv:2106.10512, 2021. https://doi.org/10.48550/arXiv.2106.10512. 

[15] L. Abualigah, H. E. Alfar, M. Shehab, and A. M. A. Hussein, 
"Sentiment analysis in healthcare: a brief review," Recent advances in 

NLP: the case of Arabic language, 2020, pp. 129-141. 

https://doi.org/10.1007/978-3-030-34614-0_7. 
[16] F. Mehraliyev, I. C. C. Chan, and A. P. Kirilenko, "Sentiment analysis 

in hospitality and tourism: a thematic and methodological review," 
International Journal of Contemporary Hospitality Management, vol. 

34, no. 1, 2022, pp. 46-77. https://doi.org/10.1108/IJCHM-02-2021-

0132. 
[17] J. R. Saura, P. Palos-Sanchez, and A. Grilo, "Detecting indicators for 

startup business success: Sentiment analysis using text data mining," 

Sustainability, vol. 11, no. 3, 2019, p. 917. 
https://doi.org/10.3390/su11030917. 

[18] T. Renault, "Sentiment analysis and machine learning in finance: a 

comparison of methods and models on one million messages," Digital 
Finance, vol. 2, no. 1-2, 2020, pp. 1-13. 

https://doi.org/10.1007/s42521-019-00014-x 

[19] K. Mishev, A. Gjorgjevikj, I. Vodenska, L. T. Chitkushev, and D. 
Trajanov, "Evaluation of sentiment analysis in finance: from lexicons 

to transformers," IEEE access, vol. 8, 2020, pp. 131662-131682. 

https://doi.org/10.1109/ACCESS.2020.3009626. 
[20] J. Zhou and J. M. Ye, "Sentiment analysis in education research: a 

review of journal publications," Interactive learning environments, vol. 

31, no. 3, 2020, pp. 1-13. 
https://doi.org/10.1080/10494820.2020.1826985. 

[21] P. K. Jain, V. Saravanan, and R. Pamula, "A hybrid CNN-LSTM: A 

deep learning approach for consumer sentiment analysis using 
qualitative user-generated contents," Transactions on Asian and Low-

Resource Language Information Processing, vol. 20, no. 5, 2021, pp. 

1-15. https://doi.org/10.1145/3457206. 

[22]  S. Dorle and N. Pise, "Political sentiment analysis through social 

media," in 2018 second international conference on computing 

methodologies and communication (ICCMC), IEEE, 2018, pp. 869-
873. https://doi.org/10.1109/ICCMC.2018.8487879. 

[23]  R. Bose, R. K. Dey, S. Roy, and D. Sarddar, "Analyzing political 

sentiment using Twitter data," in Information and Communication 
Technology for Intelligent Systems: Proceedings of ICTIS 2018, Vol. 

2, Springer, 2019, pp. 427-436.  https://doi.org/10.1007/978-981-13-

1747-7_41. 
[24] M. Rodríguez-Ibáñez, F. J. Gimeno-Blanes, P. M. Cuenca-Jiménez, C. 

Soguero-Ruiz, and J. L. Rojo-Álvarez, "Sentiment analysis of political 

tweets from the 2019 Spanish elections," IEEE Access, vol. 9, 2021, 
pp. 101847-101862. https://doi.org/10.1109/ACCESS.2021.3097492. 

[25] S. Peng, L. Cao, Y. Zhou, Z. Ouyang, A. Yang, X. Li, W. Jia, and S. 

Yu, "A survey on deep learning for textual emotion analysis in social 
networks," Digital Communications and Networks, vol. 8, no. 5, 2022, 

pp. 745-762. https://doi.org/10.1016/j.dcan.2021.10.003. 

[26] M. Farahani, M. Gharachorloo, M. Farahani, and M. Manthouri, 
"Parsbert: Transformer-based model for persian language 

understanding," Neural Processing Letters, vol. 53, 2021, pp. 3831-

3847. https://doi.org/10.1007/s11063-021-10528-4. 
[27]  A. Sheeba, S. Padmakala, and J. Ramya, "Consuming E-Learning 

Twitter Data by Live Streaming," in 2021 6th International Conference 



 International Journal of Web Research, Vol. 6, No. 1, Winter- Spring, 2023 

36 

on Inventive Computation Technologies (ICICT), IEEE, 2021, pp. 
738-740. https://doi.org/10.1109/ICICT50816.2021.9358676. 

[28] J. Jotheeswaran and Y. Kumaraswamy, "Opinion mining using 

decision tree based feature selection through manhattan hierarchical 
cluster measure," Journal of Theoretical & Applied Information 

Technology, vol. 58, no. 1, 2013. 

[29] M. Al-Smadi, M. Al-Ayyoub, Y. Jararweh, and O. Qawasmeh, 
"Enhancing aspect-based sentiment analysis of Arabic hotels’ reviews 

using morphological, syntactic and semantic features," Information 

Processing & Management, vol. 56, no. 2, 2019, pp. 308-319. 
https://doi.org/10.1016/j.ipm.2018.01.006. 

[30]  A. B. Goldberg and X. Zhu, "Seeing stars when there aren’t many 

stars: Graph-based semi-supervised learning for sentiment 
categorization," in Proceedings of TextGraphs: The first workshop on 

graph based methods for natural language processing, 2006, pp. 45-52.  

[31] J. Mutinda, W. Mwangi, and G. Okeyo, "Sentiment Analysis of Text 
Reviews Using Lexicon-Enhanced Bert Embedding (LeBERT) Model 

with Convolutional Neural Network," Applied Sciences, vol. 13, no. 3, 

2023, p. 1445. https://doi.org/10.3390/app13031445. 
[32] S. Aslan, S. Kızıloluk, and E. Sert, "TSA-CNN-AOA: Twitter 

sentiment analysis using CNN optimized via arithmetic optimization 

algorithm," Neural Computing and Applications, vol. 35, 2023, pp. 1-
18. https://doi.org/10.1007/s00521-023-08236-2. 

[33] B. S. Ainapure, R. N. Pise, P. Reddy, B. Appasani, A. Srinivasulu, M. 

S. Khan, and N. Bizon, "Sentiment Analysis of COVID-19 Tweets 
Using Deep Learning and Lexicon-Based Approaches," Sustainability, 

vol. 15, no. 3, 2023, p. 2573. https://doi.org/10.3390/su15032573. 
[34] B. AlBadani, R. Shi, and J. Dong, "A novel machine learning approach 

for sentiment analysis on twitter incorporating the universal language 

model fine-tuning and SVM," Applied System Innovation, vol. 5, no. 
1, 2022, p. 13. https://doi.org/10.3390/asi5010013. 

[35] M. Misuraca, G. Scepi, and M. Spano, "Using Opinion Mining as an 

educational analytic: An integrated strategy for the analysis of 
students’ feedback," Studies in Educational Evaluation, vol. 68, 2021, 

p. 100979. https://doi.org/10.1016/j.stueduc.2021.100979. 

[36] G. A. Ruz, P. A. Henríquez, and A. Mascareño, "Sentiment analysis of 
Twitter data during critical events through Bayesian networks 

classifiers," Future Generation Computer Systems, vol. 106, 2020, pp. 

92-104. https://doi.org/10.1016/j.future.2020.01.005 
[37] A. S. Neogi, K. A. Garg, R. K. Mishra, and Y. K. Dwivedi, "Sentiment 

analysis and classification of Indian farmers’ protest using twitter 

data," International Journal of Information Management Data Insights, 
vol. 1, no. 2, 2021, p. 100019. 

https://doi.org/10.1016/j.jjimei.2021.100019. 

[38] B. Charalampakis, D. Spathis, E. Kouslis, and K. Kermanidis, "A 
comparison between semi-supervised and supervised text mining 

techniques on detecting irony in greek political tweets," Engineering 

Applications of Artificial Intelligence, vol. 51, 2016, pp. 50-57. 
https://doi.org/10.1016/j.engappai.2016.01.007. 

[39] P. Katta and N. P. Hegde, "A hybrid adaptive neuro-fuzzy interface 

and support vector machine based sentiment analysis on political 

twitter data," International Journal of Intelligent Engineering and 

Systems, vol. 12, no. 1, 2019, pp. 165-173. 

https://doi.org/10.22266/ijies2019.0228.17. 
[40]  M. Shams, A. Shakery, and H. Faili, "A non-parametric LDA-based 

induction method for sentiment analysis," in The 16th CSI 

international symposium on artificial intelligence and signal 
processing (AISP 2012), IEEE, 2012, pp. 216-221. 

https://doi.org/10.1109/AISP.2012.6313747.  

[41]  M. Dehghani, D. T. Dehkordy, and M. Bahrani, "Abusive words 
Detection in Persian tweets using machine learning and deep learning 

techniques," in 2021 7th International Conference on Signal 

Processing and Intelligent Systems (ICSPIS), IEEE, 2021, pp. 1-5. 
https://doi.org/10.1109/ICSPIS54653.2021.9729390 

[42] K. Dashtipour, M. Gogate, A. Gelbukh, and A. Hussain, "Extending 

persian sentiment lexicon with idiomatic expressions for sentiment 
analysis," Social Network Analysis and Mining, vol. 12, 2022, pp. 1-

13. https://doi.org/10.1007/s13278-021-00840-1. 

[43] Z. B. Nezhad and M. A. Deihimi, "Twitter sentiment analysis from Iran 
about COVID 19 vaccine," Diabetes & Metabolic Syndrome: Clinical 

Research & Reviews, vol. 16, no. 1, 2022, p. 102367. 

https://doi.org/10.1016/j.dsx.2021.102367. 
[44] M. B. Dastgheib, S. Koleini, and F. Rasti, "The application of deep 

learning in persian documents sentiment analysis," International 

Journal of Information Science and Management (IJISM), vol. 18, no. 
1, 2020, pp. 1-15. 

[45]  M. Dehghani and Z. Yazdanparast, "Sentiment Analysis of Persian 

Political Tweets Using ParsBERT Embedding Model with 
Convolutional Neural Network," in 2023 9th International Conference 

on Web Research (ICWR), IEEE, 2023, pp. 20-25. 

https://doi.org/10.1109/ICWR57742.2023.10139063.  
[46]  C. Pavan Kumar and L. Dhinesh Babu, "Novel text preprocessing 

framework for sentiment analysis," in Smart Intelligent Computing 

and Applications: Proceedings of the Second International Conference 
on SCI 2018, Vol. 2, Springer, 2019, pp. 309-317. 

https://doi.org/10.1007/978-981-13-1927-3_33. 

[47]  M. Dehghani and M. Manthouri, "Semi-automatic Detection of 
Persian Stopwords using FastText Library," in 2021 11th International 

Conference on Computer Engineering and Knowledge (ICCKE), 

IEEE, 2021, pp. 267-271. 
https://doi.org/10.1109/ICCKE54056.2021.9721519 

[48] M. Dehghani and F. Ebrahimi, "ParsBERT topic modeling of Persian 

scientific articles about COVID-19," Informatics in Medicine 
Unlocked, vol. 36, 2023, p. 101144. 

https://doi.org/10.1016/j.imu.2022.101144. 

[49] A. Khan, B. Baharudin, L. H. Lee, and K. Khan, "A review of machine 
learning algorithms for text-documents classification," Journal of 

advances in information technology, vol. 1, no. 1, 2010, pp. 4-20. 

https://doi.org/10.4304/jait.1.1.4-20 
[50] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. 

Grisel, M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, and J. 
Vanderplas, "Scikit-learn: Machine learning in Python," the Journal of 

machine Learning research, vol. 12, 2011, pp. 2825-2830. 

[51]  M. Lango, D. Brzezinski, and J. Stefanowski, "PUT at SemEval-2016 
Task 4: The ABC of Twitter sentiment analysis," in Proceedings of the 

10th International Workshop on Semantic Evaluation (SemEval-

2016), 2016, pp. 126-132.  
[52]  T. Chen and C. Guestrin, "Xgboost: A scalable tree boosting system," 

in Proceedings of the 22nd acm sigkdd international conference on 

knowledge discovery and data mining, 2016, pp. 785-794. 
https://doi.org/10.1145/2939672.2939785. 

[53] A. Subasi, "Machine learning techniques," Practical machine learning 

for data analysis using Python, 2020, pp. 91-202. 
[54] Y. Kaiyawan, "Principle and using logistic regression analysis for 

research," RMUTSV Research Journal, vol. 4, no. 1, 2012, pp. 1-12. 

[55]  C. N. Kamath, S. S. Bukhari, and A. Dengel, "Comparative study 
between traditional machine learning and deep learning approaches for 

text classification," in Proceedings of the ACM Symposium on 

Document Engineering 2018, 2018, pp. 1-11. 
https://doi.org/10.1145/3209280.3209526.  

[56] M. Sheykhmousa, M. Mahdianpari, H. Ghanbari, F. 

Mohammadimanesh, P. Ghamisi, and S. Homayouni, "Support vector 
machine versus random forest for remote sensing image classification: 

A meta-analysis and systematic review," IEEE Journal of Selected 

Topics in Applied Earth Observations and Remote Sensing, vol. 13, 

2020, pp. 6308-6325. https://doi.org/10.1109/JSTARS.2020.3026724. 

[57] Z. Li, F. Liu, W. Yang, S. Peng, and J. Zhou, "A survey of 

convolutional neural networks: analysis, applications, and prospects," 
IEEE transactions on neural networks and learning systems, vol. 33, 

no. 12, 2022, pp. 6999-7019. 

https://doi.org/10.1109/TNNLS.2021.3084827. 
[58] S. Pouyanfar, S. Sadiq, Y. Yan, H. Tian, Y. Tao, M. P. Reyes, M. L. 

Shyu, S. C. Chen, and S. S. Iyengar, "A survey on deep learning: 

Algorithms, techniques, and applications," ACM Computing Surveys 
(CSUR), vol. 51, no. 5, 2018, pp. 1-36. 

https://doi.org/10.1145/3234150. 

[59] S. Hochreiter, "The vanishing gradient problem during learning 
recurrent neural nets and problem solutions," International Journal of 

Uncertainty, Fuzziness and Knowledge-Based Systems, vol. 6, no. 02, 

1998, pp. 107-116. https://doi.org/10.1142/S0218488598000094. 
[60] R. Cai, B. Qin, Y. Chen, L. Zhang, R. Yang, S. Chen, and W. Wang, 

"Sentiment analysis about investors and consumers in energy market 

based on BERT-BiLSTM," IEEE access, vol. 8, 2020, pp. 171408-
171415. https://doi.org/10.1109/ACCESS.2020.3024750. 

[61] A. U. Rehman, A. K. Malik, B. Raza, and W. Ali, "A hybrid CNN-

LSTM model for improving accuracy of movie reviews sentiment 
analysis," Multimedia Tools and Applications, vol. 78, 2019, pp. 

26597-26613. https://doi.org/10.1007/s11042-019-07788-7. 



Political Sentiment Analysis of Persian Tweets Using CNN-LSTM Model 

37 

[62] L. Alzubaidi, J. Zhang, A. J. Humaidi, A. Al-Dujaili, Y. Duan, O. Al-
Shamma, J. Santamaría, M. A. Fadhel, M. Al-Amidie, and L. Farhan,  

"Review of deep learning: Concepts, CNN architectures, challenges, 

applications, future directions," Journal of big Data, vol. 8, 2021. 
https://doi.org/10.1186/s40537-021-00444-8. 

[63] D. Dessì, D. R. Recupero, and H. Sack, "An assessment of deep 

learning models and word embeddings for toxicity detection within 
online textual comments," Electronics, vol. 10, no. 7, 2021, p. 779. 

https://doi.org/10.3390/electronics10070779. 

[64]  H. H. Saeed, K. Shahzad, and F. Kamiran, "Overlapping toxic 
sentiment classification using deep neural architectures," in 2018 IEEE 

international conference on data mining workshops (ICDMW), IEEE, 

2018, pp. 1361-1366. https://doi.org/10.1109/ICDMW.2018.00193. 
[65] T. H. Cormen, C. E. Leiserson, R. L. Rivest, and C. Stein, Introduction 

to algorithms. MIT press, 2022. 

 

Mohammad Dehghani is a Ph.D. student 

at University of Tehran. He received his 

master’s degree from Tarbiat Modares 

University. He has more than five years of 

experience as a data scientist. Throughout 

his career, he has handled over 100 

different industrial projects, including 

natural language processing, artificial intelligence in medicine, 

and the forecasting of different stock prices with time series.  

 

 Zahra Yazdanparast graduated from 

Tarbiat Modares University with a 

master’s degree in Computer Engineering. 

Since graduating, she has worked as an 

artificial intelligence researcher. 

 


