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1. Introduction

Abstract

The coronavirus pandemic has distanced people from social life and increased the use of social
media. People's emotions can be determined with text data collected from social media
applications. This is used in many fields, especially in commerce. This study aims to predict
people's sentiments about the pandemic by applying sentiment analysis to Twitter tweets
about the pandemic using single machine learning classifiers (Decision Tree-DT, K-Nearest
Neighbor-KNN, Logistic Regression-LR, Naive Bayes-NB, Random Forest-RF) and ensemble
learning methods (Majority Voting (MV), Probabilistic Voting (PV), and Stacking (STCK)). After
vectorizing the tweets using two predictive methods, Word2Vec (W2V) and Doc2Vec, and two
traditional word representation methods, Term Frequency-Inverse Document Frequency (TF-
IDF) and Bag of Words (BOW), classification models built using single machine learning
classifiers were compared to models built using ensemble learning methods (MV, PV and
STCK) by heterogeneously combining single machine classifier algorithms. Accuracy (ACC), F-
measure (F), precision (P), and recall (R) were used as performance measures, with
training/test separation rates of 70%-30% and 80%-20%, respectively. Among these models,
the ACC of ensemble learning models ranged from 89% to 73%, while the ACC of single
classifier models ranged from 60% to 80%. Among the ensemble learning methods, STCK with
Doc2Vec text representation/embedding method gave the best ACC result of 89%. According
to the experimental results, ensemble models built with heterogeneous machine learning
classifier algorithms gave better results than single machine learning classifier algorithms.

people constantly express opinions about concepts such
as social, economic, health, product, brand, etc. has led to

The development of information technologies has had
both negative and positive effects on people. The
channels through which they express this situation are
social media. With the development of smart devices that
allow access to social media at any time, applications and
websites on these devices have become the first resort in
many areas, especially in the field of health.

During the pandemic, people could not go out of their
environment. Working life turned into remote work.
Most levels of education, especially universities, turned
to distance education. Those infected with the disease
were subjected to mandatory isolation. For these reasons
that can be increased, people's first choice for socializing
was social media such as Twitter [1].

Sentiment analysis was performed on the data
collected and tagged on Twitter, a medium where people
share their instant ideas and emotions. The fact that
social media is an indispensable tool for people and that
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the emergence of the field of sentiment analysis. Natural
language processing techniques are used in these
studies. Emotions such as positive and negative are
predicted from the texts people share. Sentiment analysis
studies are carried out on movie and restaurant
experiences as well as texts that give opinions about
companies. These studies provide positive feedback to
companies. For this purpose, in this study, DT, KNN, LR,
NB, RF, Support Vector SVM (SVM) algorithms are used
to provide diversity in a heterogeneous ensemble
system. MV and PV ensemble learners and STCK are used
as methods to fuse the ensemble decision.

In the first step of ensemble learning, which consists
of two parts: ensemble formation and integration,
different base classifiers are used. This step is called
ensemble formation, and different sets of patterns are
created. In the ensemble integration phase, the final
decision of the system is determined by using various


https://dergipark.org.tr/en/pub/tuje
https://doi.org/10.31127/tuje.1352481
https://orcid.org/0000-0002-7996-9169
https://orcid.org/0000-0002-8752-3335
https://dergipark.org.tr/en/pub/tuje/issue/83762/1352481

Turkish Journal of Engineering - 2024, 8(2), 175-185

integration methods to combine the decisions of the base
classifiers. In this process, two other factors are as
important as classifier selection and integration
methods: the single performance of the base learners and
the independence of the ensemble learners' results. High
diversity of base learners is usually achieved with
traditional ensemble algorithms such as bagging, random
subspaces, random forests and rotation forests. In
heterogeneous systems, diversity is achieved using
different learning algorithms and the results are
combined with various decision-making methods such as
voting, STCK and boosting. By combining these factors,
the ensemble system can achieve a higher classification
performance.

Models based on machine learning (SVM, DT, RF, LR,
NB, KNN) and ensemble learning (MV, PV, STCK) tweet
data were split into two separate training and test sets
(70%-30% and 80%-20%). F, ACC, and performance
metrics were used to evaluate these models. The
contributions of this paper can be listed as:

e The performance of six single machine learning
classifiers was compared to sentiment analysis in
the same study,

e The performance of various ensemble learning
methods was compared with sentiment analysis in
the same study,

e The performance of single machine learning
classifiers was compared to ensemble learning

methods based on the same single learning
classifiers in the same study,

e The effect of different text
representation/embedding methods on
sentiment analysis performance was compared in
the same study.

This study used BOW, TF-IDF both of which are
frequency-based text representation methods. In
addition, the classification process performed using
W2V, one of the word embedding methods, and the
Doc2Vec method, which allows direct vectorization of
documents. Two methods of W2V word embedding
(CBOW and Skip-gram) and two methods of Doc2vec
embedding (PV-DM, PV-DBOW) were used. The
flowchart is shown in Figure 1.

In the second section, information about the
literature is given. In the third section, the methodology
section, the data set and its types, word embedding and
text representation methods are available. In the fourth
section, which is the experimental settings section,
information is given about the environment in which the
experiments are carried out, the language, the
performance evaluation metric of the models created,
and the separation method of the data set used in the
experiments. In the fifth section, experimental results are
given. In the last section, the conclusion and discussion
section, comparison with the literature and general
evaluation are included.

Sentiment Dataset

Data Processing

Stop word
removal,stemming and
lemmization.....etc.

Ensemble Learning

Feature Extractions

TF-IDT, BOW Doc2Vee, Word2Vec

Sentiment Analysis Models

MV, PV, Stacking
Classifiers

Machine Learning

Classifiers

Model Evaluation

Figure 1. Study flowchart diagram.

After the text representation methods on Coronavirus
made with Twitter data during the pandemic period,
models and details on sentiment analysis with various
Machine Learning methods will be explained in this
section.

After TF-IDF and BOW, 65% ACC result was obtained
in the model created with Long short-term memory
(LSTM) [2]. In another study with TF-IDF, 65% ACC value
was obtained in the model created with stochastic
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gradient descent (SGD) [3]. After word representation
with TF-IDF method, 78.5% ACC was obtained as a result
of emotion classification with LR machine learning [4].
The first study [5] obtained 74.29% ACC and the second
[6] obtained 84% ACC in the model created with TF-IDF
and ngrams before NB machine learning. In their
experimental study on sentiment analysis using SVM and
NB methods together with MV ensemble learning on
Twitter data, they achieved the best result with 87.7%
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accuracy [7]. In another study, 84.38 ACC results were
obtained in the model created with SVM after TF-IDF and
W2V [8]. Among the models they created using different
ensemble learning methods for sentiment analysis on
tweet data during the pandemic period, they obtained
83.3% with voting and 83.2% with STCK [9]. TF IDF on
40,000 coronavirus tweets with Bi-gram Among the
models created with NB, RF, and SVM, the best results
were obtained with SVM with 87.80% ACC [10].

Classification Performance achieved using TF-IDF
feature extraction and SGD is 85.141% ACC [11]. In
another study, they obtained an ACC value of 70.6% with
TDF-IDF and artificial neural networks (ANN) [12].
Models were created with KNN, SVM, DT, and NB after
TF-IDF and BOW with Covid data, and they got better
results than other models with 63% ACC with SVM [13].
In sentiment analysis models made with DT, LR, SVM, NB
models and BOW, LR gave better results with 81.8% ACC
[14]. In the models built with Arabic tweet data and RF,
LR, NB, Voting, and BOW word representations, Voting
performed better with a 74% ACC [15].

In this section, we describe sentiment analysis studies
based on different machine learning classifiers using
different text representation and word embedding
methods on Twitter tweets about coronavirus. Popular
studies have used ensemble learning to improve the
performance of machine learning algorithms. In this
study, we compare the performance of models generated
by single machine learning methods and different
ensemble methods according to TF-IDF and W2V in
different vector dimensions.

2. Method

This section describes the ensemble and machine
learning algorithms, the text representations, and the
data set. Before classification, 44955 tweets were
preprocessed. Symbols, punctuation, numbers and stop
words were removed. All characters were converted to
lower case. Lemmization was performed. Removed
usernames and hashtags. NLTK was used in the
preprocessing steps.

2.1. Dataset

The study used open-source data. [16]. The data set
contains 44955 data and 6 attributes as shown in Table
2. In the study, only the label attribute with tweet and
sentiment class was used. Table 1 gives information
about the Twitter data.

As shown in Table 2, the emotion class distribution of
the tweet data consists of 3 classes: positive, negative,
and neutral.

The percentage distribution of the coronavirus tweet
data is shown in Figure 2.

Figure 3 shows word clouds according to the
sentiment classes of the posted tweets. As can be seen in
all three sentiment classes, words for basic needs such as
"supermarket”, "pandemic”, "grocery", "store",
"shopping" are used. In addition to protecting health, this
situation has revealed feelings about the places where he
and his family meet their needs such as hygiene,
especially food. This situation is another research topic
that needs to be studied.

Table 1. Data set information.

Attribute Definition of attribute
Username Twitter Users integer type name
Screen Name The name of the query that everyone on Twitter sees in integer type
Location Tweet location
Tweet At When the tweet was posted
Tweet Content of the tweet

Table 2. Sentiment class distribution.

Sentiment class

Text

Positive
Negative
Neutral

19592
17031
8332

Negative

Positive

Neutral

Figure 2. Class distribution.
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2.2. Textrepresentation
INPUT PROJECTION OUTPUT

In text classification, text representation and
embedding improve classification performance. A
distinction can be made between frequency-based and w(t-2)
estimation-based methods. In frequency-based methods,
vectorization is performed according to the word
frequency during the classification process, while in

embedding, vectorization is performed based on the w(t-1)

neural network. In this study, TF-IDF and W2V were used SUM
[17].
wi(t)
2.21. Term frequency inverse document * '
frequency
TF-IDF is calculated by taking into account the words w(t+1)

present in the document, including all the words
associated with that particular document. This method
facilitates the identification of the target word in the
context of the document. Specifically, TF (Term
Frequency) is determined by counting the occurrences of
the target word within the document, providing insight
into its frequency in that specific context. Conversely, IDF INPUT PROJECTION OUTPUT
(Inverse Document Frequency) is derived by locating the
relevant records within the entire set of word records,
highlighting the importance of the term in relation to the
broader corpus [17].

w(t+2)

Figure 4. CBOW model [13].

w(t-2)

2.2.2. Word2Vec

w(t-1)
W2V is a prediction-based text representation

method. It is an unattended neural network model

consisting of an input, an output, and a hidden layer.

Mikolov and his team have proposed two new model w(t)

architectures. W2V is performed by two different

methods as Skip-Gram and CBOW. These two approaches

are based on different application of input and output

variables, but they basically use the same neural network

[18]. The CBOW model tries to predict the central word

from the words around the central word. The CBOW

model makes better predictions on small data sets. On

the other hand, it is difficult to understand words that

have more than one meaning. The representation of the

model is shown in Figure 4 [18-19]. Figure 5. Skip-gram model [13].

w(t+1)

w(t+2)
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The skip-gram model tries to predict the words found
around a word. The skip-gram model works better with
larger amounts of data. At the same time, the skip-gram
model is better at understanding words that have 2 or
more meanings than the CBOW. The representation of
the model is shown in Figure 5 [19].

In the study, vector sizes of 100 and 200 and window
size of 5 were taken.

2.2.3. Doc2Vec

Based on the W2V architecture, each document is
created by adding a separate document vector. These
document vectors are represented by numerical values
in vector space. The Doc2Vec model has two methods,
the distributed memory version of the paragraph vector
(PV-DM) and the distributed bag-of-words version of the
paragraph vector (PV-DBOW), which are shown in Figure
6 and Figure 7, respectively [20]. The PV-DM in the

Classifier

Average/Concatanate
/ i\ \"k\
J/ G T

o
B EEE

is engine

Paragraph
matrix

Paragraph id this

Doc2Vec model corresponds to the CBOW in the W2V
model, while the PV-DBOW method is implemented as a
skip-gram method [21]. In the study, the hyperparameter
settings for Doc2Vec were taken as vector size 100 and
200, window size 5, min-count 5.

2.3.Machine learning

Machine learning is a mathematical approach to
modeling decision making in the human brain and neural
networks. It compares each neuron in the human brain
to a simple digital processor and the brain to a computing
machine. In 1950, Alan Turing introduced the idea of
machines thinking like humans. The emergence of
machine learning as we know it today dates back to the
1980s [21]. In this study, SVM, NB, KNN, LR from machine
learning methods are wused. These classifiers are
explained in this section.

Classifier . - -

Paragraph
matrix

Paragraph 1d

Figure 6. PV-DM model and PV-DBOW model [20].

Figure 7. Ensemble learning.

2.3.1. Naive bayes

Named in honor of the English mathematician
Edmund Bayes, the algorithm belongs to the class of
statistical classification methods. The Bayesian classifier
is based on Bayes' theorem [21].

The above formula is used to decide whether a given
x (x = [x(1),x(2),...,x(L)]" € r!) belongs to class S;
When the independence proposition is used statistically
in the Bayes decision theorem, this type of classification
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is called NB classification. In a mathematical expression
(Equation 1) [22].
P(xIS)P(S) > P(x|S;)P(S;), vj # i

(0

The term P(x|S;) in Equation (1) is rewritten as in
Equation (2).

L
Paisy~[ | _Peals) (2)
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In this way, Bayes' theorem takes the form of
Equation (3).

L L
) | _padsop(s)] | _peals) 3
P(S;) and P(Sj) is the prior probability of classes I

and j. Their values can be easily calculated from the
studied data set [22]. The NB classifier is used in many
fields in artificial intelligence studies, including disease
diagnosis [23-24].
2.3.2. Support vector machine

In classification studies based on the principle of least
intrinsic risk, it creates a hyperplane for the separation
between classes. In the hyperplane determines in which
class the new sample will be placed [25]. SVM excel at
both linear and nonlinear classification tasks [22].
2.3.3. K-nearest neighbor

KNN, one of the supervised learning methods, is used
for classification and regression. It determines the k
nearest neighbors by looking at the distances between
the data set and the problem-specific data and includes
that data in that class. Methods such as Euclidean
Manhattan and Minkowski distance are used to calculate
the distance [26].
2.3.4. Logisticregression

It was first introduced in 1958 by statistician David
Cox. Logistic regression uses the "maximum likelihood"
method. Logistic regression uses the sigmoid function to
classify, the sigmoid function is an "S" shaped curve [22].
2.3.5. Decision tree

Tree-based learning algorithms are widely employed
in supervised machine learning. At the core of these
algorithms is the decision tree, a hierarchical structure
designed to partition a data set with numerous records

into smaller subsets through a series of decision rules.
Essentially, a decision tree is a tool that, through

sequential decision steps, segments substantial data sets
into more manageable groups of records [27].

2.4.Ensemble learning

It is a type of learning designed to use different
classifiers together to solve classification and regression
problems, or to improve the performance of a classifier.
Ensemble learning optimizes efficiency by strategically
combining multiple expert or machine learning models
to improve the performance of a single inferior model
[28]. In addition to the distinction between
homogeneous and heterogeneous, ensemble learning
differs according to the decision function, such as voting,
averaging, etc.,, and is classified as such. However, it is
usually classified as bagging, boosting, STCK. Figure 7
shows an illustration of this classification of the
ensemble process.

2.4.1. Voting

Voting is an ensemble learning method for
classification problems. It makes predictions based on
the creation of two or more sub-models and voting the
result with the mean or mode of the predictions of these
sub-models [29].

2.4.1.1. Majority voting

The same or different Base classifiers vote for a class
and the majority with the MV wins. Statistically, the
target label of the classes together can be said to be
distributed by voting to guess. Equation (4), we estimate
the y Class label through the majority (plurality) vote of
each classification CL

¥ = mode{Cl,(x), Cl,(x), ... ... Cly, ()} (4)

If we combine the three-class results of an example of

education as in Equation (5) [30].
$ = modef{0,0,1} = 0 (5)

By MV, we would classify the sample into "Class 0".

The MV process is shown in Figure 8 [31].

New Sample

SVM

Predicted:
Positive

Predicted:
Positive

KNN

Predicted:
Paositive

Predicted:
Positive

majority of votes predicts
instance to be positive

Figure 8. MV process.
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2.4.1.2. Probabilistic voting

In the PV scheme, each base classifier provides a
probability estimate indicating the likelihood that a given
data point belongs to a particular target class. These
probability  predictions are assigned weights
proportional to the size of the classifier and aggregated.
The final prediction is determined by selecting the target
label associated with the highest sum of weighted
probabilities.

Soft voting, on the other hand, involves predicting
class labels by considering the expected probabilities (p)

s

provided by each classifier. It's important to note that
this approach is only advisable if the classifiers are
appropriately calibrated [30].

m
y=arg miax z Wip;j (6)
=1

w; is the weight that can be assigned to the jth
classifier in Equation (6) [31]. The PV procedure is
shown in Figure 9.

Predicted:
Positive

Predicted:
Positive

==

Predicted:
Positive

Predicted:
Positive

PVofvotes predicts
instance to be positive

Figure 9. PV process.

r l

y

\

Classifier 4

A

= Blending <

—
=

STCK of votes predicts
instance to be positive

Figure 10. STCK process.

2.4.1.3. Stacking

This voting is similar to the voting used in
classification problems. In addition to the selection of

multiple sub-models, STCK allows you to specify an
additional model to learn how to best combine the
predictions of the sub-models. Because a metamodel is
used to best combine the predictions of the sub-models,
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this method is sometimes referred to as mixture, as is
mixture of predictions [32]. The STCK process is
illustrated in Figure 10.

3. Experimental settings

In the experimental results, the preprocessing and
feature extraction is completed and the performance of
the data set is evaluated ACC, F by classifying it with
ensemble and machine learning classifiers after hold-out
test training separation. The experiments were coded
using the Python sci-kit learn library. The experiments
were performed on an AMD Ryzen CPU computer.

3.1.Performance metrics

ACC is the ratio of the true negative (Ty) and true
positive (Tp) fields correctly predicted by the model to
the sum of the false negative (Fy), and false positive (Fp)
values contained in these fields. The ACC value is given
by Equation (7) [27].

Acc=————
Tp + Ty + Fy + Fp

(7)

P is the ratio of (Tp) to (Tp) and (Fp) as given in
Equation (8) [32].

T
p=—2"
Tp + Fp

(8)

R refers to the ratio of (Tp) to (Fp) and (Tp) given by
Equation (9) [33].

Tp

R=—2_
Tp + Fy

)

F has values between 0 and 1. It is the harmonic
mean of P and R defined by Equation (10) [33].

_ 2 x Precision * Recall (10)

Precision + Recall

Test 30%
‘ Train

70%

Figure 11. Train and test set separations.

Data sets were divided into training and test sets to
develop models using classifier algorithms, followed by
evaluation of model performance. Holdout was preferred
in this research. Figure 11 shows the separation of
training and test sets used in the study.

4. Results

In the Coronavirus data set, text representation
methods and word embedding methods, then STCK and
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Voting (MV, PV) ensemble learning (background is blue)
hold created using DT, KNN, NB, LR, RF, SVM machine
learning methods (background is green) 70%-30% and
80%-20% ACC (Table 3, Table 4), F (Table 5, Table 6),
shows the results.

Table 3 shows the ACC results of the sentiment
analysis models generated by 80%-20% train-test
separation after frequency-based text representation
(TF-IDF, BOW) and word embedding in 100 and 200
vector sizes (Word2Vec and Doc2Vec). MV showed
better classification performance after BOW and TF-IDF
methods. STCK performed better on both Word2vec and
Doc2vec methods and all vector sizes.

Table 4 shows the ACC results of the generated
sentiment analysis models with 70-30% train-test
separation after frequency-based text representation
(TF-IDF, Bow) and vector sizes of 100 and 200 words
(Word2Vec, Doc2Vec). STCK ensemble learning
performed better in all models created after word
embedding and text representation methods. But MV and
PV also gave results close to STCK.

As shown in Table 5, the STCK ensemble learning
model, which was developed after all text representation
methods, performed better than the other models.
Among the machine learning models, although SVM has
given the best results, DT, KNN, which came after LR and
SVM, gave the worst results. Ensemble learning methods
outperform machine learning methods.

Comparison of the 200-vector size CBOW Word2Vec
model with STCK 80%-20% train-test separation, which
gave the best results in the study, and similar studies on
coronavirus are shown in Table 7.

Among the models created for sentiment analysis
between Table 3 and Table 7, the ensemble models
produced ACC ranging from 73% to 89%, while the ACC
of the single classifier models ranged from 60% to 80%.
In terms of F performance, the results ranged from 68%
to 78% for the ensemble models and from 60% to 76%
for the single classifiers. After all text representation
methods, ensemble learning models built with STCK gave
better results in all performance evaluation criteria.
According to the experimental results, ensemble models
built with heterogeneous machine learning algorithms
gave better results than machine learning algorithms
used as a single classifier.

5. Conclusion and Discussion

Sentiment analysis of various social media topic data
is so popular today. In this study, an evaluation of six
single machine learning classifiers (SVM, DT, RF, LR, NB,
KNN) versus ensemble learning methods (MV, PV, STCK)
based on listed single classifiers on Twitter data about
coronavirus with frequency-based text representation
and word embedding methods have been investigated
with different experiments.

The experimental results obtained in the study are
presented between Table 3 and Table 6. It has been
observed that using machine learning algorithms in
heterogeneous ensemble learning algorithms gives a
significant advantage in terms of classification
performance compared to single classifiers. And STCK
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with Skip-Gram gave the best performance among all the ensemble learning after Word2Vec CBOW at 100 and 200
models. vector size. Table 7 shows a comparison of the presented
In the study, we obtained the best model with STCK model with other coronavirus studies in the literature.

Table 3. ACC results of models (80:20 Train: Test).

Text representation/Embedding methods

Models w2v Doc2Vec
BOW TF-IDF CBOW Skip-Gram PV-DM PV-DBOW

100 200 100 200 100 200 100 200
LR 78 75 67 69 67 68 62 64 61 67
SVM 77 77 67 69 66 68 62 64 61 66
RF 79 78 72 72 72 72 67 67 64 71
NB 77 77 72 74 65 75 64 65 63 66
KNN 63 69 67 68 69 69 62 62 59 67
DT 71 69 62 61 60 61 65 65 64 69
STCK 83 82 84 89 84 85 79 81 83 83
MV 82 80 83 84 82 84 75 76 73 79
PV 81 81 83 84 82 84 75 76 83 79

Table 4. ACC results of models (70:30 Train: Test).

Text representation/Embedding methods

Models Word2Vec Doc2Vec
BOW TF-IDF CBOW Skip-Gram PV-DM PV-DBOW
100 200 100 200 100 200 100 200
LR 79 76 69 70 67 69 62 64 61 67
SVM 78 78 68 70 67 69 62 63 61 66
RF 80 80 72 72 73 73 67 67 72 71
NB 77 77 73 74 67 74 65 66 63 66
KNN 62 69 67 67 68 67 60 69 69 67
DT 71 70 61 61 61 61 64 66 64 69
STCK 83 82 84 85 84 85 81 80 83 83
MV 82 81 83 84 83 84 76 77 73 79
PV 82 80 82 83 80 83 75 77 73 79
Table 5. F results of models (80:20 Train: Test).
Text representation/Embedding methods
Models w2v Doc2Vec
BOW TF-IDF CBOW Skip-Gram PV-DM PV-DBOW
100 200 100 200 100 200 100 200
LR 72 71 73 76 73 71 71 70 68 67
SVM 72 72 76 76 73 73 69 71 70 68
RF 72 72 74 75 74 72 70 65 67 65
NB 67 66 76 74 77 72 64 65 63 66
KNN 63 63 67 68 68 69 62 62 61 64
DT 61 64 62 61 60 61 60 60 60 65
STCK 72 72 76 77 76 78 74 75 73 75
MV 71 71 74 76 74 75 73 74 72 73
PV 70 71 73 73 72 73 72 72 71 72
Table 6. F results of models (70:30 Train: Test).
Text representation/Embedding methods
Models w2av Doc2Vec
BOW TF-IDF CBOW Skip-Gram PV-DM PV-DBOW
100 200 100 200 100 200 100 200
LR 72 71 71 72 70 71 72 73 68 72
SVM 72 72 72 74 71 72 72 73 69 73
RF 71 71 70 73 70 71 71 71 64 71
NB 67 67 69 68 69 70 65 66 62 66
KNN 71 69 67 67 68 67 60 61 60 66
DT 70 70 61 61 61 60 60 60 60 60
STCK 73 72 77 77 76 76 76 75 72 74
MV 72 71 73 74 73 74 75 74 70 68
PV 71 71 73 74 73 74 75 74 71 72
In Table 7, it is seen that the proposed method can As future work, we plan to improve the performance
compete with the literature when compared with other of sentiment analysis by using various deep learning
coronavirus studies in the literature. algorithms in hybrid forms after feature selection on

social media data along with text representation
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methods. Also, performance analysis of models based on
transfer learning can be investigated on different data
sets.

Table 7. Presented model versus literature.

References Model ACC (%)
[2] LSTM 65
[3] SGD 65
[4] LR 78.5
[5] NB 74.29
[6] Trigram NB 84
[7] MV (SVM, NB) 87.7
[8] SVM 84.38
MV 83.3
191 STCK 83.5
[10] SVM 87.8
[11] SGD 85.141
[12] ANN 70.6
[13] SVM 63
[14] LR 81.8
[15] Voting 74
The Presented model STCK with CBOW 89
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