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Abstract - Social media data that people use intensively in their daily lives is increasing rapidly. Social media datasets are
valuable for machine learning applications to understand public reactions to specific events or products. By applying
sentiment analysis steps, datasets can be classified as positive, negative and neutral. Thanks to the sentiment analysis steps,
emotions behind the shared text data can be analyzed. However, due to the multidimensional and complex structure of these
datasets, it is possible to encounter an imbalanced class problem which means that samples belong to a certain class are
outnumbered by the samples of the other classes. Classification of imbalanced datasets causes poor generalization
performance among the classifiers. To get more robust performance measurements, it’s more convenient to apply resampling
techniques to such datasets. In recent years, many approaches have been proposed to solve the class imbalance problem.
This study aims to compare Synthetic Minority Oversampling Technique (SMOTE) and its variants to rebalance the social
media text corpus in order to get better classification results. With this way, a balanced training set has been prepared for
future analysis of social media data. Logistic Regression, Support Vector Machines and Random Forest algorithms are used
as classifiers. Our results show that SMOTE-Tomek Links outperforms other SMOTE and its variants and best performance
values are obtained with Random Forest algorithm.
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I. INTRODUCTION study focuses on data-level approaches and compares
the performance results of well-known and widely
Imbalanced data in which there are more instances used techniques by using imbalanced social media
belonging to some classes than others is widespread datasets. These well-known techniques are SMOTE,
in many real-world domains, such as medical SMOTE-Tomek Links, Borderline-SMOTE, SVM-
diagnosis [1], bioinformatics [2], fraud detection [3], SMOTE and KMeans-SMOTE algorithms.
text classification [4], insurance claims [5], @ The SMOTE algorithm proposed by Chawla et al. [10]
bankruptcy prediction [6], face recognition [7], churn  generates synthetic samples considering the k-nearest
prediction [8], sentiment analysis [9]. These datasets neighbors between the sample and its neighbors. In
cause poor generalization performance among the  SMOTE-Tomek Links to balance the dataset, SMOTE
classifiers. Due to this reason, it is important to is applied to the minority class and after that samples
balance the datasets before applying machine learning are removed using defined Tomek links to reduce the
algorithms on them. majority class [11]. Han, Wang and Mao [12]
Sentiment analysis includes the stages of identifying introduces the Borderline-SMOTE method by
the positive, negative or neutral emotions contained synthetically reproducing minority samples near the
in the text data. Positive and/or negative emotions borderline, based on the SMOTE method. Nguyen,
reflected by the text data can affect the decision-  Cooper and Kamei [13] proposes the SVM-SMOTE
making processes of people, small or large-scale model to generate new minority samples using support
companies and the government officials. As it is  vectors. The KMeans-SMOTE method is one of the
known, the coronavirus, which emerged in Wuhan, cluster-based and widely known basic methods [14].
China on December 1, 2019, caused a global The developed method aims to remove both inter-
pandemic all around the world. The Covid-19 class and intra-class imbalances while preventing
pandemic has brought sharp and sudden declines in noisy samples from being generated.
global and domestic stock markets. Since 2019, there In order to create a balanced Covid-19 related corpus,
have been many studies about sentiment analysis of  we collect Turkish and English Covid-19 related
Covid-19 related text documents. Most of the datasets  tweets from January 1 to January 31, 2021, by using
used in these studies are imbalanced datasets. Within Python programming language with Tweepy API
the scope of our study, we will try to balance the (Application Program Interface). Totally, 27,467 and
Covid-19 related text datasets in order to get more 100,000 tweets are gathered for Turkish and English
robust for text mining processes. With this way, a languages, respectively. The datasets are labelled
training dataset will be created that will allow better ~ with VADER sentiment analysis tool as negative and
results for future text mining applications. positive. After the sentiment analysis stage, it is seen
In recent years, many approaches (data-level that both of the datasets are imbalanced datasets. We
solutions, algorithm-level solutions) have been applied SMOTE and its variants on the datasets and
proposed to solve the class imbalance problem. This  show that balancing the datasets produces higher
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classification results. For experimental analysis, the
datasets are classified with Random Forest (RF),
Support Vector Machines (SVM), and Logistic
Regression (LR) algorithms. Some useful metrics
such as F-measure, Area under the Receiver operator
characteristic curve (AUC-ROC), and G-mean are
used for deeper performance comparisons.
Experimental results show that Borderline-SMOTE
algorithm  outperforms the other resampling
techniques.The rest of the study is organized as
follows: Second section introduces datasets and
evaluation metrics. Third section presents SMOTE
and its wvariants. Fourth section shows the
experimental results. In the last section, a general
evaluation of the study is given.

I1. DATASETS AND EVALUATION METRICS

A. Datasets

In this study, Turkish and English Covid-19 related
tweets were collected from January 1 to January 31,
2021, by using Python programming language with
Tweepy API (Application Program Interface). During
the data collection phase, the tweets containing the
hashtags specified in Table I, were downloaded.
Totally, 27,467 and 100,000 tweets are gathered for
Turkish and English languages, respectively. The
collected tweets are preprocessed by eliminating
unnecessary characters, signs, words and retweets.
After this process, the total number of Turkish tweets
is reduced to 24,576 and the number of tweets in
English to 90,104. Then, these tweets are vectorized
with the Term Frequency-Inverse Document
Frequency (TF-IDF) method [15].

After the pre-processing steps, all tweets are labeled
as positive, negative and neutral to perform sentiment
analysis on tweets. For this process, VADER
(Valence Aware Dictionary and Sentiment Reasoner)
which is a lexicon and rule-based sentiment analysis
tool is used. VADER works in conjunction with the
NLTK python package. Based on a lexicon, VADER
returns a dictionary of sentiment scores in each of
four categories (negative, neutral, positive and
compound). The compound score is calculated by
summing up the valence scores of each word in the
lexicon and normalized between -1 (most extreme
negative) and +1 (most extreme positive) [16]. The
positive and negative groups of the labeled tweets are
taken as a basis for classification, and the neutral
group is eliminated. The remaining tweets were
counted as 9723 positive, 6829 negative total of
16,552 tweets in Turkish dataset, 37,892 positive and
28,257 negative total of 66,149 tweets in English
dataset.

The characteristics of the datasets are listed in Table
1, where DS reflects the analyzed datasets, #Sis the
number of texts, #S, is the number of majority
samples, #S,.,;, is the number of minority samples and
IR is imbalance ratio.

DS #S #Smaj #Smin IR Hashtags

#covidl9,
#covid-19,
#covid 19,

#covid,
#corona,
#coronavirus,
#ncov, #SAR-
COV-2,
#pandemic

Turkish 16,552 9723 6829 1.42

English 66,149 37.892 28257 1.34

Table 1 Datasets used in the study

Word cloud is a technique to visualize common
words in text. The different word clouds of the tweets
in the datasets, including the 50 most frequent words
in positive and negative classes. Figure 1 and Figure
2 show the results of word cloud technique for both
Turkish and English dataset’s negative and positive
classes.

evdekal

Korona

yeni

Koronavirus

(a) Positive Turkish tweets

oronav1r%
as Tk
pandeni

(b) Negative Turkish tweets
Figure 1: The word clouds of Turkish dataset.

time

today

(a) Positive English tweets
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(b) Negative English tweets
Figure 2: The word clouds of English dataset.

As it is seen from the Figure 1 and Figure 2 similar
keywords have been appeared as the most common
words in both datasets. (pandemi (pandemic); as1
(vaccine), koronavirus  (coronavirus), hayatin

kaybetti (~death)).

B. Evaluation Metrics

When measuring the performance of a predictive
model, the traditionally used metrics are accuracy and
error rate. These metrics are used in many
classification  problems and provide useful
information about the evaluation results. However,
for imbalanced datasets it is more convenient to use
F-measure, AUC-ROC, and G-mean, which provide a
complete performance evaluation [17].

The performance of classifier algorithms is typically
evaluated using a confusion matrix as shown in Table
2 for the binary classification problem. In this matrix,
TN (True Negative) is the number of correctly
classified negative samples, FP (False Positive) is the
number of negative samples classified as false
positive, FN (False Negative) is the number of
positive samples classified as negative, and TP (True
Positive) is the number of correctly classified positive
samples.

Predicted Predicted
Positive Negative
Samples Samples
Actual
Positive TP FN
Examples
Actual
Negative FP TN
Examples

Table 2 Confusion matrix (2x2)

The equations listed below are used in calculating the
scoring metrics according to the confusion matrix.

Precision = —— (1)
TP+FP P
Recall(Sensitivity) = TPIEN 2)

Specificity = NP ) 3)

F — measure = 2 X PreCfoon XRecal (4)
Precision +Recall

G — mean = \/Sensitivity X Specificity  (5)

The F-measure given in (4) is the weighted harmonic
mean of Precision and Recall. The G-mean given in
(5) is another important metric that balances
Sensitivity and Specificity, especially for measuring
imbalanced datasets.

Another important evaluation criterion to control the
performance of the classification model is the AUC-
ROC. It is one of the most commonly used metrics to
evaluate the performance of classification algorithms
on imbalanced datasets. The area under the ROC
curve (AUC) is a measure of how well a model can
distinguish between two groups. ROC is a two-
dimensional graphical representation of the balance
between true positive rate (Sensitivity) and false
positive rate (1- Specificity). These metrics used in
the study are frequently used for classification of
imbalanced datasets by machine learning.

I1l. SMOTE AND VARIANTS FOR CLASS
IMBALANCE

This section gives basic information about SMOTE,
Borderline-SMOTE, SMOTE-Tomek Links, SVM-
SMOTE and KMeans-SMOTE techniques.

A. Synthetic Minority Over-Sampling Technique
The Synthetic Minority Over-Sampling Technique
(SMOTE) is an over-sampling method that deals with
the classification problems with imbalanced class
distribution [10]. SMOTE creates synthetic minority
class samples based on k-nearest neighbor and
uniform probability distribution. After separating the
dataset into the majority and the minority classes, it
takes each minority class sample randomly and
introduces synthetic examples along the line
segments joining any/all of the k minority class
nearest neighbors. SMOTE doesn’t change the
number of majority examples.

Figure 3 shows the general structure of creating
synthetic observation x,y,, using minority samples x;
and x;.First of all k-nearest neighbors of each
randomly chosen minority observation (x;) are found
according to the Euclidean distance metric. After that,
the difference between the observation (x;) and a
randomly selected neighbor (xj) from the k-nearest
neighbors is taken. This difference is multiplied with
a random number (a)between 0-1 and is added to the
Xj.

The new synthetic (x,,) data is obtained as stated
with (6).

Xen = X + (X — X;) X «

(6)
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These steps are repeated the desired humber of times.

A

Majority Sample
Minority Sample

Generated Sample (X, )

v

Figure 3: SMOTE algorithm.

B. SMOTE-Tomek Links

SMOTE-Tomek Links algorithm is developed by
Batista et al. (2003) [11]. It combines SMOTE and
Tomek Links abilities. Let x; represent the minority
class sample and x; represent the majority class
sample. Based on the Euclidean distance between
x;and x;, the closest samples are determined. If there
is no sample, x, satisfies the following condition.
d(x;xp) < d(x;x) or d(x;xc) < d(x;x;) then the
sample pair (x;x;) is a Tomek link. This method
gathers the Tomek Links and cleans the majority
samples.

Steps of the SMOTE-Tomek algorithm is pointed out
as follows: First of all, SMOTE steps are applied to
the minority group until the desired number of
minority class samples is met. Then a random sample
is chosen from the majority class. If the nearest
neighbor of this sample comes from the minority
class (create the Tomek-Link), then remove the
Tomek link.

C. Borderline-SMOTE

Borderline-SMOTE1  and  Borderline-SMOTE2
methods synthetically generate minority samples near
the borderline [12]. Borderline-SMOTE1 algorithm
classifies the minority class samples with danger,
safe, and noise labels. Consider that x;is a sample
from minority class. If the nearest neighbors of x;are
all from majority class, it is assumed to be a noise; if
the nearest neighbors are all from minority class, it is
assumed to be safe and finally if at least half of the
nearest neighbors are from majority class, then it is
classified as danger. After the classification phase
Borderline-SMOTEL algorithm uses the samples that
are labeled as dangers (the borderline samples) and
applies SMOTE algorithm for generating synthetic
samples. Borderline-SMOTE2 is producing synthetic
samples from the set Danger and its nearest neighbors
from the minority class, and its nearest neighbors
from the majority class.

A
® Majority Sample

@ Minority Sample

®
® e®
®
®
°9 ¢ %%
o %0
0o ©
® ® ® Danger

v

Figure 4: Borderline-SMOTE algorithm [18].

D. SVM-SMOTE

Another variant of the Borderline-SMOTE algorithm
is known as SVM-SMOTE [13]. The main difference
of the SVM-SMOTE algorithm from the Borderline-
SMOTE variants is that instead of using k-nearest
neighbors, the SVM algorithm is used to generate
new minority samples near the border between the
majority and minority classes. Since SVM has a
hyperplane that separates classes by a maximum
margin, SVM-SMOTE takes advantage of these
support vector features and synthesizes new minority
samples around the support vectors. The decision
boundary defined by the support vectors is found.
Then, random new samples are generated by
extrapolation along lines connecting each minority
class support vector with the number of its nearest
neighbors, or by interpolation depending on the
density of majority class samples.

E. KMeans-SMOTE

The model, which is formed by using K-Means and
SMOTE algorithms together, is a clustering-based
approach for class balancing [19]. This method gives
better results especially for noisy data [20]. It
prevents the generation of noise and effectively
removes imbalances between classes. By using K-
means clustering method, the algorithm clusters all
input data into k groups. Then cluster selection phase
is conducted depending on the proportion of minority
and majority samples in each cluster (a cluster with at
least fifty percent minority samples are depicted for
sampling [18]. For oversampling it uses SMOTE
algorithm. K Means-SMOTE deals with the within-
class imbalance.

IV. RESULTS AND DISCUSSIONS

Extensive experiments are conducted to evaluate the
performance results of the resampling methods based
on SMOTE. The datasets balanced with resampling
methods are classified by RF [21], SVM [22] and LR
[23] algorithms which are widely used in data
mining. Python programming language (Sklearn
Library) is used in the development of the proposed
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models and in all experimental tests. RF, SVM and
LR are applied with the default parameters of the
algorithms. Windows Server 2019 Standard Edition
operating system is used for classification and all
operations. The hardware information is as follows;
Processor: x64, Intel(R) Xeon(R) CPU E5-2640 v3 (2
processors), RAM Memory: 64 GB, Storage: 836 GB
SSD.

The datasets are divided into training and testing data
with 75%-25% splitting ratio randomly. To ensure

that all experimental measurements are consistent, the
classification algorithms are applied ten times.
Average F-measure, AUC-ROC and G-mean values
with corresponding standard deviations are presented
with separated tables (Table 3-8).

Table 3 presents the evaluation results of RF
classification algorithm on the imbalanced and
balanced Turkish tweets. The best performance
results are depicted when the dataset is rebalanced
with SMOTE-Tomek Links technique.

Method F-measure AUC-ROC G-mean
original 0.6158 0.7129 0.6219

9 +1-0.0056 +/- 0.0065 +/- 0.0042
0.7221 0.8088 0.7223

SMOTE +1-0.0043 +/- 0.0043 +/- 0.0043
. 0.7302 0.8205 0.7303

SMOTE-Tomek Links +/- 0.0065 +/-0.0049 +/- 0.0065
. 0.7216 0.8095 0.7217

Borderline-SMOTE +1-0.0065 +/-0.0053 +/-0.0065
0.7199 0.8068 0.7201

SVM-SMOTE +/-0.0044 +/-0.0051 +/- 0.0045
0.7173 0.8060 0.7174

KMeans-SMOTE +/-0.0045 +/-0.0038 +/- 0.0045

Table 3RF classification results of Turkish dataset according to SMOTE and its variants

Table 4 depicts the evaluation results of RF classification algorithm on the imbalanced and balanced English
tweets. Similarly, the highest performance results are seen when the data set is rebalanced with SMOTE-Tomek
Links technique.

Method F-measure AUC-ROC G-mean
original 05871 0.6589 05942

g +/-0.0047 +1-0.0029 +/-0.0034
0.6602 0.7332 0.6603

SMOTE +/-0.0036 +/-0.0037 +/-0.0036
. 0.6725 0.7495 0.6726

SMOTE-Tomek Links +1-0.0024 +-0.0028 +1-0.0024
. 0.6611 0.7335 0.6613

Borderline-SMOTE +1-0.0028 +-0.0025 +1-0.0027
0.6628 0.7357 0.6627

SVM-SMOTE +/-0.0020 +-0.0020 +/-0.0020
0.6632 0.7351 0.6634

KMeans-SMOTE +/-0.0019 +/-0.0020 +/-0.0018

Table 4RF classification results of English dataset according to SMOTE and its variants

Table 5 and Table 6 depicts the evaluation results of SVM classifier on the original and balanced Turkish and
English tweets respectively.

As it is seen from Table 5, SMOTE-Tomek Links produces the highest F-measure AUC-ROC and G-mean
values for Turkish tweets.

Method F-measure AUC-ROC G-mean
oricial 05355 0.6523 0.5697
g +/-0.0118 +/-0.0068 +/- 0.0069
0.6262 0.6858 0.6268
SMOTE +/-0.0049 +/- 0.0051 +/-0.0049
. 0.6342 0.6932 0.6350
SMOTE-Tomek Links +/- 0.0049 +/-0.0038 +/- 0.0048
. 0.6213 0.6743 0.6237
Borderline-SMOTE +1-0.0065 +/-0.0063 +/- 0.0061
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0.6221 0.6816 0.6229

SVM-SMOTE +/-0.0074 +/- 0.0087 +/-0.0076
0.6287 0.6857 0.6293

KMeans-SMOTE +/-0.0075 +/-0.0078 +/-0.0073

Table 5SVM classification results of Turkish dataset according to SMOTE and its variants

As it is seen from Table 6, SMOTE-Tomek Links presents the highest performance metrics for English tweets.

Method F-measure AUC-ROC G-mean
original 0.4278 0.6037 05185

9 +-0.0071 +/-0.0032 +/-0.0019
0.5868 0.6216 0.5872

SMOTE +1-0.0028 +/-0.0034 +-0.0028
. 0.5924 0.6292 0.5928

SMOTE-Tomek Links +1-0.0048 +1-0.0057 +1-0.0050
. 05799 0.6133 0.5807

Borderline-SMOTE +/-0.0029 +/-0.0028 +/-0.0032
0.5862 0.6217 0.5863

SVM-SMOTE +/-0.0031 +/-0.0040 +/-0.0030
05833 0.6190 0.5837

KMeans-SMOTE +/-0.0036 +/-0.0039 +-0.0037

Table 6 SVM classification results of English dataset according to SMOTE and its variants

Table 7 and Table 8have the results of LR algorithm. As it is seen from Table 7, K Means-SMOTE shows the
highest F-measure and G-mean values, whereas SVM-SMOTE produces the highest AUC-ROC value for
Turkish tweets.

Method F-measure AUC-ROC G-mean
original 0.3706 05776 0.4710

g +/-0.0013 +/-0.0083 +/-0.0015
0.4627 05785 0.5314

SMOTE +1-0.0637 +/- 0.0069 +/-0.0163
. 0.4700 0.5796 0.5354

SMOTE-Tomek Links +/-0.0570 +/-0.0068 +/-0.0142
. 0.4818 0.5661 0.5304

Borderline-SMOTE +-0.0541 +/- 0.0057 +/-0.0128
0.4870 0.5826 0.5387

SVM-SMOTE +/-0.0449 +/- 0.0051 +-0.0115
0.5086 0.5810 0.5439

KMeans-SMOTE +/-0.0522 +/- 0.0044 +/-0.0143

Table 7 LR classification results of Turkish dataset according to SMOTE and its variants

Table 8 indicates that, SMOTE-Tomek Links gives the best AUC-ROC, SVM-SMOTE produces the highest G-
mean and KMeans-SMOTE enables to get the highest F-measure.

Method F-measure AUC-ROC G-mean
original 0.3630 0.5393 0.4998

9 +/-0.0010 +/-0.0037 +-0.0012
05267 0.5440 05313

SMOTE +/-0.0042 +/-0.0030 +/-0.0018
. 0.5264 0.5445 05319

SMOTE-Tomek Links +1-0.0069 +-0.0035 +1-0.0030
. 05218 0.5367 0.5269

Borderline-SMOTE +1-0.0045 +-0.0029 +1-0.0025
0.5286 05438 05321

SVM-SMOTE +/-0.0063 +-0.0052 +/-0.0038
0.5293 05411 0.5320

KMeans-SMOTE +/-0.0054 +1-0.0045 +/-0.0038

Table 8 LR classification results of English dataset according to SMOTE and its variants
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As a result of all analyzes, it is seen that the resampling techniques increased the performance of the classifiers

applied on the unbalanced dataset.
V. CONCLUSION

Classification of imbalanced datasets causes poor
generalization performance among the classifiers. To
get more robust performance measurements, it’s more
convenient to apply resampling techniques to such
datasets. In recent years, many approaches have been
proposed to solve the class imbalance problem. The
main aim of this study is to compare performance
results of SMOTE and SMOTE variants to rebalance
the datasets in order to get better classification
results. We work with Turkish and English tweets.
The reason that we choose tweets is that text data can
be used to understand public’s opinions about certain
events. After labelling the tweets as positive and
negative, we apply SMOTE, SMOTE-Tomek Links,
Borderline-SMOTE, SVM-SMOTE and KMeans-
SMOTE algorithms on Turkish and English corpus
related with Covid-19. LR, SVM and RF classifiers
are utilized to classify the tweets. Experiments results
show that the resampling techniques increased the
performance of the classifiers and SMOTE-Tomek

Links presents the best performance.
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