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Abstract
The Covid-19 pandemic has made telemedicine one of the most relevant topics 

in recent years, so data mining about telemedicine obtained from Twitter offers a unique 
opportunity. The motivation of this study is to identify the emotional groupings of Twitter 
data users’ opinions for telemedicine using opinion mining techniques such as Sentiment 
Analysis combined with high-dimensional data classification and prediction methods. 
Data was collected from Twitter in August and September of 2021 related to telemedicine 
and official World Health Organization and World Bank documents for the years 2018 and 
2021, respectively. Sentiment Analysis showed that 56.2% (n = 5351 tweets) of the sample 
had predominantly positive emotions toward telemedicine. Telemedicine, telehealth, and 
ivermectin are the most frequent words in the word cloud. Twitter data users’ opinions 
consist of nine mood classes (SIL index = 0.80) and the differences between these classes 
are statistically significant in terms of positive (p < 0.05), negative (p < 0.05), and neutral 
(p < 0.05) emotions. Neural Network (AUC = 0.842, F1 = 0.492) and Random Forest (AUC = 
0.841, F1 = 0.494) are the best predictors of Twitter users’ mood classes compared with other 
machine learning techniques. The pythagorean tree generated by Random Forest showed 
that retweet is the best predictor of Twitter users’ opinions and emotional classes towards 
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telemedicine. Future studies will create big social media datasets for a deep understanding 
of the emotional classes of individuals towards telemedicine technologies.

Subject Classification:  62H30, 62M20, 68T10, 91C20.

Keywords: Telemedicine, Sentiment analysis, Opinion mining, Machine learning, Covid-19.

1.  Introduction

The concept of telemedicine, which emerged with the need to reduce 
people’s face-to-face meetings, health service delivery, and access to these 
health services with the same access quality to benefit from health services, 
has come to the fore again as one of the most current problems experienced 
in recent years due to the Covid-19 pandemic [1]. Healthcare systems have 
faced a much greater burden due to the Covid-19 pandemic, which has 
raged around the world, demonstrating the urgent need for the application 
of technologies to facilitate improved connectivity between patients and 
healthcare providers [2]. Public health emergencies such as pandemics 
increase the demand for medical care and cause local capacities to be 
exceeded [3, 4]. For people to receive urgent health services during this 
period of the pandemic, telemedicine is the most appropriate service 
method, since it is capable of delivering health services beyond 
geographical location, time, culture, and social restrictions [5]. Telemedicine 
is defined by the World Health Organization (WHO) to improve the health 
of individuals and communities by using information and communication 
technologies to deliver health services where distance is a critical factor, to 
conduct research and evaluation by all health professionals, and to 
exchange valid information for the diagnosis, treatment, and prevention 
of diseases and injuries. Telemedicine, the delivery of healthcare services 
to patients at a distance, is not a new concept but was used in a number of 
proven health fields in Member States throughout the Western Pacific 
Region before the pandemic [1].

Essentially, telemedicine is remote medicine, which includes virtual 
reality, interactive imaging methods, and informatics applications. In the 
global e-health survey report published by the WHO (2016), telehealth is 
defined as health care provided when patients and health care providers 
are far from each other. It has been stated that it is aimed to inform patients 
about diagnosis and treatment by using information and communication 
technologies, to overcome geographical barriers, and thus contribute to 
the results of treatment. According to this report, 75% of the countries 
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participating in the survey have tele-radiology practice, 50% have tele-
health policy and 25% have state-supported tele-health programs [6].

The increase in the use of telemedicine in an emergency and pandemic 
is not a new phenomenon because it includes past outbreaks of coronavirus 
such as SARS-CoV (severe acute respiratory syndrome-associated 
coronavirus) and MERS-CoV (Middle East respiratory syndrome 
coronavirus) or PHEICs related to Ebola and Zika viruses. Recent evidence 
has shown that telemedicine has been used more heavily during local, 
national, and international crises as well as previous epidemics [7, 8]. The 
purpose of using telemedicine technologies during a global pandemic is 
not only to display, diagnose, and prioritize patients in their own relaxed 
environment, but also to reduce the need for physicians’ prompt follow-up 
with patients, reducing hospital load and personal protective team use [4, 
9]. Telemedicine has the capacity to help people who are not seriously ill 
get the supportive health care they need while minimizing their risk of 
exposure to other acute illnesses [10]. Applications of telemedicine are 
frequently used by health systems in the case of infectious diseases, such 
as pandemics. For example, telemedicine systems, which aim to meet the 
needs of people who are afraid of being exposed to the disease due to the 
pandemic, provide assurance and guidance for patients against the risk of 
contracting the disease, while reducing the patient density in emergency 
services, emergency care clinics, and primary care clinics. In addition, 
telemedicine can provide special care services for patients who want to 
access health services both at home and abroad [11]. However, the 
antecedents of telemedicine adoption expectations in different countries 
depend on income level and development level also based on factors such 
as patients’ perception of service quality, institutional commitment, and 
satisfaction. It has been observed that there is a limited understanding of 
patient expectations and emotions regarding the identification of 
telemedicine needs and meeting these expectations in developing 
countries [12].

A study was conducted to determine the sentiment analysis of Twitter 
users for quarantine applications two weeks and four weeks after the 
quarantine was applied during the Covid-19 pandemic. According to this 
study, although there were great differences between the number of tweets 
containing positive and negative feelings towards quarantine practices on 
both dates, it was found that Twitter users generally exhibited a positive 
attitude towards quarantine practices [13]. According to a study conducted 
at New York University Langone Medical Center, it was observed that the 
number of emergency applications made through telemedicine services 
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increased by 135% per day during the Covid-19 epidemic [14]. However, 
in a study in which sentiment analysis (SA) of tweets related to telemedicine 
was conducted during the Covid-19 pandemic, it was observed that users 
generally expressed emotions that were presented with a positive opinion 
against telemedicine during the pandemic period. This positive emotion 
sensitivity was followed by neutral and minor negative emotions. Thus, it 
has been found that the Covid-19 pandemic has increased the general 
interest in telehealth [15].

In a study examining the perceptions of healthcare professionals 
regarding telehealth platforms on Twitter before and after the Covid-19 
pandemic period, it was observed that similar results were obtained in 
positive, negative, and neutral tweets in 2019 and 2020. As a result of the 
SA, it was determined that health professionals had a positive perception 
of telehealth in general, before and after Covid-19. In addition, according 
to other findings obtained from the study as a result of Epistemic Network 
Analysis (ENA), Covid-19 has shown that health professionals’ perception 
of telescopic activity has changed from one of innovative application to 
one of safe access and maintenance, which correlates with increasing 
telescopic visits [16]. A survey was conducted with 711 adults from the 
USA to determine public opinion regarding the use of telemedicine for 
medicated abortion during the Covid-19 pandemic. According to the 
findings from this study, 44% of the adults surveyed supported the use of 
telemedicine for medicated abortion during the Covid-19 pandemic, while 
35% opposed it. Most of the respondents who gave a positive opinion 
stated that medicated abortion was safe during the Covid-19 pandemic 
and that the practices of telemedicine were of comparable quality to face-
to-face care [17].

International legal and regulatory agencies have also taken important 
steps to adapt to telemedicine technologies recently. Most European Union 
and Asian countries have resorted to legislation to integrate telemedicine 
systems into their own healthcare systems, providing more guidance on 
digital health technologies and cybersecurity prospects and expanding 
reimbursement options [18]. Such steps will be critical to increase access to 
healthcare for patients outside of physical healthcare facilities, in under-
resourced areas, or who are overly afraid of accessing physical services for 
fear of exposure [11].

SA, also referred to as Opinion Mining (OM), was used to understand 
people’s feelings, attitudes, thoughts, ideas, and evaluations towards 
entities such as products, services, organizations, problems, events, 
subjects, individuals, and their qualities [19]. The purpose of SA is to 
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categorize the opinions in the text as “positive”, “negative” or “neutral” 
[20]. The emotion score is obtained as a result of the SA, and the positive 
score expresses satisfaction and happiness on behalf of the person, while 
the negative score expresses sadness, disappointment, and grief [21]. 
Today, where social media platforms are very important data sources, SA, 
and opinion mining techniques are widely used for large amounts of user-
generated data. The machine learning (ML) approach is used effectively 
and reliably for the classification of these techniques [22]. A study was 
conducted to classify people’s suicide predictions and to determine their 
suicide prediction levels with tweets obtained from Twitter users. SA and 
classification techniques were used to better predict whether people are 
suicidal or not according to their tweets. It is seen that 86.42% of the tweets 
obtained from Twitter users were of negative polarity and for suicidal 
purposes. Sensitivity analysis by using Random Forest (RF) algorithm, to 
calculate the prediction of suicidal ideation, achieved an accuracy of 0.99% 
in estimating tweets containing suicidal ideation, compared to other 
classification methods [23]. Another study was conducted to estimate the 
probability of different age groups being affected by the coronavirus 
disease during the Covid-19 pandemic process and to use ML algorithms 
on the existing dataset. According to this study, it has been determined 
that the group that suffers most from Covid-19 is between the ages of 30-
44, 45-59, and 60-74, the group with the highest death rate is between the 
ages of 60 and 74, and the group that is most likely to be contaminated is 
those over the age of 50. According to the results of the study, it was 
determined that the prediction models based on Random Forest Regressor 
and Random Forest Classifier, which are ML methods, outperform other 
prediction models [24]. According to another study, which aimed to 
classify non-textual tweets obtained from Twitter posts using sensitivity 
analysis using supervised learning techniques, it was determined that 
36% of tweets without textual materials divided into classes and categories 
had positive moods. Considering the performances of the best estimators 
of the sensitivity classes obtained within the scope of the study, it was 
determined that the best method was The Support Vector Machine (SVM) 
with 68.15% [25].

In another study, in which the data obtained from Twitter was 
analyzed with SA to understand the emotions and behaviors of people 
who were under lockdown during the Covid-19 pandemic, and to identify 
people who developed suicidal and depression tendencies from the tweets 
within the scope of the study, 38.3% were neutral, 38% were positive and 
23.7% were negative. According to the findings from this study, it was 
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concluded that although Covid-19 has affected people’s lives worse, the 
majority are still positive [26]. Lastly, a study was carried out in which it 
was aimed at developing an algorithm to reduce the negative consequences 
of fake news in social media and to automatically detect this news by using 
ML methods. In evaluating the performance of the algorithm developed 
within the scope of the study in detecting fake news, it was determined 
that SVM achieved the highest accuracy of 99.41% [27]. 

Telemedicine technologies are helpful during pandemic times to 
connect with health professionals and avoid getting infected. However, 
there is a lack of knowledge about individuals’ emotions toward 
telemedicine. This study aims to determine the sentiment of Twitter data 
users’ opinions on telemedicine during the Covid-19 pandemic. In order 
to evaluate the perceptions and attitudes of Twitter users regarding 
telemedicine during the pandemic, the positive, negative, or neutral 
moods of the data obtained from Twitter were examined by using emotion 
analysis techniques. Within the scope of this study, analyses will be 
supported by using visual graphics such as word clouds and heat maps. 
Also, as a next step, positive, negative, and neutral sentiments of Twitter 
data users’ views towards telemedicine are determined by including a set 
of predictive variables through telemedicine country profiles, country 
income levels, retweets, and whether the tweet text contains the words 
Covid-19 and coronavirus. Performance evaluations will be made by using 
ML techniques such as Neural Network (NN), Random Forests (RF), Naive 
Bayes (NB), Support Vector Machine (SVM), and k-nearest neighbors (k-
NN), to predict emotional groupings of Twitter data users’ opinion. ML 
technique’s performances are compared by using classification 
performance indicators. After determining the best-performing ML 
technique, the Pythagorean Tree was used to determine the best predictors 
of the emotional states of Twitter data users.

2.  Methods and Materials

2.1  Data collection 

Within the scope of the study, perceptions towards telemedicine 
during the Covid-19 pandemic were evaluated using social media posts 
on Twitter. A unique and original dataset containing a large amount of 
Twitter messages related to telemedicine was created. Using the RStudio 
library “rtweet”, tweets with the keyword “telemedicine” were included 
in the study. Since the focus of the study is to collect only English tweets 
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without any location restrictions, only tweets in English from Twitter 
through application programming interfaces (API) were included in the 
study.

Tweets about telemedicine were collected between 19 August 2021 
and 30 September 2021. The dataset allows us to examine the effects of the 
increased need for telemedicine services during the Covid-19 pandemic 
and therefore to measure these perceived effects among Twitter users 
during the pandemic. While collecting data, it is aimed to reveal the effect 
of tweets by considering criteria such as the content of the tweet, the name 
of the user who tweeted, time, and location of the tweet. Data were 
collected from a total of 9516 tweets posted on topics related to 
“telemedicine” during the pandemic period.

In the second part of the analysis, newly created predictor variables 
are used to identify the best predictors of multi-class emotional groupings 
of Twitter data users’ opinions towards telemedicine. Original Twitter text 
document, WHO, and WB resources are used to create this new dataset. 
Based on geographic locations of Twitter data users, the existence of 
country telehealth policy and strategy, country income levels, the existence 
of Covid-19 and coronavirus words in the Twitter text, and whether the 
tweets are retweeted are used as predictors of emotional classes.

2.2  Data preprocessing

During the data preprocessing steps in the Orange program, the 
methodological path used by Elghazaly et al. (2016) [28] was followed.
	 Transformation
	� In this step, the input data in the data set is transformed. Process 

steps such as the lowercase conversion of words in the input text, 
removal of accents in the text, parsing of html tags, and removal of 
url links in the text were applied.

	 Tokenization
	� During this process, the text is divided into words, sentences, etc. is 

converted. The method of separating into smaller components such 
as here, using the Regexp method, punctuation is skipped and the 
text is split according to the regular expression provided. 

	 Filtering
	� In this process, firstly the words that are blocked from the text with 

Stopwords are removed. Then, the words in, on, etc. in the text have 
been removed. After that, a word selection is removed or retained in 
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the next processing step. A regular expression method was applied 
to remove default punctuation.

	 N-Grams
	� During this step, n-grams were created from the markers, and the 

n-gram interval was determined as 1.

2.3  Sentiment Analysis

SA is one of the ML techniques that include the use of Natural 
Language Processing (NLP) [29]. SA aims to learn the attitudes, ideas, and 
feelings of individuals towards an event, entity, subject, or situation, it can 
also represent this entity, individual, event, or subject [30].

Although NLP and Linguistics have a deep-rooted research history, 
there were not many studies on the analysis of people’s feelings and 
thoughts before the 2000s [19]. SA has become a very active research area 
since the 2000s [31]. SA answers many challenging research problems that 
have not been studied before, and for the first time in human history, now 
has a huge amount of convincing data on social media [19]. With the 
massive growth of social media in recent years, both individuals and 
institutions have begun to take these platforms, which are guided by the 
public in line with their own interests, more into consideration. SA, which 
is accepted as a sub-field of NLP, is also expressed as the process of 
understanding the opinions of the users on the subject of interest from the 
comments made by the users represented as unstructured texts on these 
social media platforms [32]. At this point, SA has come to the fore with the 
frequent use of blogs, news sites, review sites, and social media platforms 
such as Twitter for accessing large amounts of data sources. Because 
emotions are also closely related to the dissemination of information [31]. 
The high popularity of SA is parallel with the growth of social media 
usage. Therefore, SA is at the center of social media research. Moreover, 
SA does not affect NLP but also affects economics, political science, health, 
social sciences, and management sciences, which are affected by people’s 
opinions and emotions [19].

The motivation of this study is to understand positive, negative, and 
neutral emotional groupings of Twitter data users’ opinions and to identify 
the best predictors of positive, negative, and neutral Twitter mood classes 
towards telemedicine. Twitter API was used to collect tweets for this study. 
Orange ML and data mining program was used to process the text data. A 
SA of the tweets in the data set will be made and then, a positive, negative, 
or neutral sentiment score will be obtained for each word.
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2.4 � Grouping of Twitter Data Users’ Mood Classes in Terms of Telemedicine: A 
Heatmap Approach with K-Means Clustering

In this study, the k-means clustering method was used for grouping 
of positive, negative, and neutral Twitter mood classes about telemedicine. 
The k-means algorithm is a non-hierarchical clustering method that 
divides objects into groups. The basic premise of the K-means clustering 
algorithm is to determine how many clusters to create first [33]. Data 
samples are assigned to the cluster with the closest center determined by 
the distance between these two points. Sample values from all files within 
the cluster are summed to calculate the center of each cluster. Thereafter, 
the process of dividing the data samples into respective clusters is repeated 
according to the updated cluster centers until the determined termination 
criteria are met. The method usually provides an initial configuration for 
more complex models [34]. 

Clustering a dataset is often difficult because the optimal number of 
clusters is uncertain. Cross-validation techniques such as k-fold cross-
validation will assist in obtaining optimal grouping performance. In 
discrete Bayesian network analysis, k=10 is optimally used for k-fold cross-
validation. With Bayesian network models, it is usually sufficient to use 
k=5 if the independent variables are independent of the variation of the 
variable values, especially when time and computational complexity are 
considered [35]. In our case, we incorporated k=5 fold cross-validation 
into the k-means clustering process while generating a heatmap and 
classified Twitter data users’ opinions by means of positive, negative, and 
neutral moods towards telemedicine. To validate clustering results, 
Silhouette (SIL) index value was used as a cluster validity index score. The 
SIL index gives the average of pseudo-silhouettes across all clusters and is 
often used when comparing the results of different clustering techniques 
[36]. Additionally, Analysis of Variance (ANOVA) test was used to verify 
the robustness of the cluster validity index score. ANOVA test identified 
whether the difference between Twitter data user groups in terms of 
moods towards telemedicine was statistically significant.

In this study, we used the heatmap to visualize the clustering of 
positive, negative, and neutral Twitter mood classes toward telemedicine. 
In our case, the heatmap was created by using the k-means clustering 
technique, and k=5 fold cross validation incorporated, as mentioned 
before. A heatmap is a way to visualize values using a color gradient to 
visually represent values in individual cells, providing an overview of the 
largest and smallest values in both the matrix and within individual cells. 
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The heatmap matrix is typically clustered in such a way that it can be 
interpreted as a series of rows or columns rather than individual rows or 
columns [37].

2.5 � Machine Learning Predictors of Positive Negative and Neutral Twitter 
Mood Classes towards Telemedicine

In this study, ML predictors such as NN, RF, NB, SVM, and k-NN 
were used to discover the best predictors of positive, negative, and neutral 
Twitter mood classes for telemedicine. For this stage of the analysis, a new 
data set consisting of four categorical independent variables was created.

During the first step of the data creation, two new categorical variables 
were generated based on the geographic locations of tweets. WHO eHealth 
Country Profiles Data (2018) [38] was used to create the first variable. 
Tweets were coded as 1 if they were from a country that implements 
telehealth policies throughout the country. The second categorical variable 
is based on the country income classification of the WB (2021) [39]. Tweets 
from low-income economies ($1045 or less) coded as 1, low-middle-income 
economies ($1045 to $4095) coded as 2, high-middle economies ($4096 to 
$12695) coded as 3, and high-income economies ($12696 and above) coded 
as 4. The number of retweets was taken as a basis for the creation of the 
third predictor variable. Depending on whether the tweets are retweeted 
or not, the variable has been made into two categories (0 = not retweeted, 
1 = retweeted). Finally, since we aimed to analyze telemedicine emotional 
states during the pandemic process, we integrated Covid-19 into our study 
while creating the fourth variable. During the creation of this variable, we 
created a new variable with two categories (0 = no, 1 = yes) based on 
whether the words Covid-19 and coronavirus were mentioned in the tweet 
texts. The second part of the analysis compares the prediction performances 
of ML techniques and identifies the best predictors of the emotional 
groupings of Twitter data users’ opinions using the newly created 
prediction variable set.

In this study, NN, RF, NB, SVM, and k-NN techniques were used and 
compared to predict the multi-class emotional groupings of the opinions 
of Twitter data users. NN is often used to solve classification and 
recommendation problems. This represents a mathematical and 
computational model based on biological NNs. This is an emulation of the 
biological nervous system [40,41]. The use of nonlinear statistical data 
modeling tools such as NNs can help model complex relationships among 
inputs and outputs or reveal hidden patterns in datasets [35]. In the input 
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layer, the number of neurons represents the variables that are used to 
predict the output. In the output layer, the neurons represent the variables 
predicted [42]. The following formula is used to calculate the output of a 
neuron with n inputs (Equation 1) [43]. Y represents output, xi represents 
input, wi represents weight, b represents bias, and f represents a transfer 
function [42]. 

1( ) (1)n
i i iY f w x b== +S

RF algorithms are ensemble learning algorithms that can be used to 
predict categorical or continuous response variables using classification 
and regression approaches. RF regression and classification models 
recursively divide the data into more homogeneous units called nodes, 
improving the predictability of the response variable for each tree by 
fitting a set of decision tree models to a set of data. Due to the split points 
being based on the values of the predictor variables, the variables used to 
split the data are important explanatory variables. Decision trees are fitted 
into a predefined number of preloaded datasets using RF. In categorical 
response, the predicted value is the mode of all available classes, while in 
continuous response, the predicted value is the average fit of all individual 
trees in each booted sample [44]. RF models offer excellent performance 
concerning a host of practical problems, in part because they are not prone 
to overfitting and do not suffer from noise in the dataset. Because it works 
fast, it usually exhibits a significant performance increase over many other 
tree-based algorithms [45]. RF has many advantages, but among the most 
important are: efficient implementation on large datasets, an easily 
saveable structure for future use of pre-built trees, and unmatched 
accuracy among existing algorithms [46]. Classification trees for binary 
outcomes are constructed using a training sample of “n” cases. This case 
has a set of covariates that are used to establish a tree-structured 
classification rule. Formally, the tree is grown by using this formula. 
(Equation 2) In this model, the regions Rj and the coefficients βj are 
estimated from the data. Rj is typically discrete and βj represents the mean 
of the Y values in Rj.

1 ( ) (2)r
j j jY I x R== ∈ +b eS

NB Classification method offers both supervised learning and 
statistical classification methods. It is a probabilistic model, which allows 
us to capture the uncertainties in modeling by establishing probabilities. It 
is named after Thomas Bayes, who proposed Bayes’ Theorem in 
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determining probability. NB helps to solve diagnostic and estimation 
problems [47]. NB is one of the most popular data mining algorithms for 
classification. Considering that the properties of a class are independent 
of other properties, the NB classifier infers the probability that a new 
sample belongs to a class [48, 49]. This assumption is made because 
multivariate probabilities must be estimated from the training data. Due 
to many values of the various attributes being either unavailable in the 
training data or not available in sufficient numbers, direct estimation of 
each multivariate probability is not feasible. NB circumvents this problem 
with the assumption of conditional independence [50]. Bayesian 
classification helps gain an understanding of and an evaluation of many 
learning algorithms. The method determines the exact probabilities for 
the hypothesis and is also resistant to noise in the input data [47]. (See 
Equation 3)

( | ). ( )
( )( | ) (3)P X C P C

P X
P C X =

P(C | X) is the posterior probability,
P(X | C) is probability,
P(C) is the pre-class probability,
P(X) is the predictive preliminary probability.

An SVM is a supervised machine-learning algorithm that creates a 
hyperplane between two types of structures, the maximizing distance 
between them. For example, it predicts the occurrence of heart disease by 
plotting the disease prediction features related to the multidimensional 
hyperplane, or it is used to classify the classes most appropriately by 
creating an approximation between two data sets [51]. The kernel trick has 
made SVM popular lately because it can deal with nonlinear classification 
problems [52]. After the creation of the hyperplanes, the SVM discovers 
the boundaries between the input classes and the input elements (support 
vectors) that define the boundaries, dividing a maximum margin 
hyperplane positive or negative training sample from a set of training 
samples labeled positively or negatively. As a result, the distance between 
the margin and the hyperplane is maximized [53]. When the input space 
is large and the input space is very high, the SVM classifier is highly 
generalizing without adding any prior knowledge. This is one of the most 
efficient and effective classifiers. It is used to solve binary classification 
and multiclass problems [54]. Consider a set of N distinct samples (xi, yi) 
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with D
ix ∈ℜ  and d

iy ∈ℜ  [55]. An SVM equation is modeled using the 
following formula (Equation 4). In this formula, K(x, xi) represents the 
kernel function, while a and b represent the parameters and threshold of 
the SVM, respectively.

( , ) , [1, ] (4)i i ia K x x b i N+ ∈S

k-NN, which is based on the calculation of nearest neighbors, is one 
of the useful and well-known methods for supervised learning and is 
questioned by the similarity principle of Biau and Devroye (2015) [56] to 
predict a target output that an object or sample should have. The k-NN 
algorithm produces the target output of the new objects by using the 
closest samples in a feature space or by using the closest few objects in a 
training set [57]. Unlabeled objects are classified by calculating the distance 
between them and the tagged object and determining their “k” nearest 
neighbors. The accuracy of the classification usually depends on the 
selected value of “k” and will be more accurate than using the nearest 
neighbor algorithm [45]. This non-parametric algorithm is one of the 
simplest of all ML algorithms as it can solve both classification and 
regression problems. Despite its simplicity, k-NN is generally known to 
offer good performance in a wide variety of problems. It is very important 
to accurately calculate the similarity between samples to ensure good 
performance of k-NN. Its accuracy can be greatly affected by noisy or 
irrelevant features [57]. Data mining, image processing, etc. This algorithm, 
which is used in many applications in the fields, is used to calculate the 
distance of the training data closest to the object to be classified, using the 
Euclidean Distance method [58]. It is formulated as follows (Equation 5). 
The number of dimensions or features is n, xi is the feature i in the data 
test, and yi is the feature i in the data train [59]. 

2
1( , ) ( ) (5)n

i i idist x y x y== −S

Below are the performance methods used to compare ML techniques 
for telemedicine to determine Twitter users’ mood classes. Accuracy is one 
of the popular metrics in multiclass classification and is calculated directly 
from confusion matrices. When calculating, the sum of the True Positive 
and True Negative items in the numerator and the sum of all entries of the 
confusion matrix in the denominator are taken into account while 
calculating the accuracy. In simple terms, accuracy calculates the 
probability that the model prediction is correct [60]. (See Equation 6)
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(6)TP T
TP FN FP T

Accuracy +
+ + +

=

As a ratio, Precision is the relevant items selected divided by all items 
selected [61]. True Positive are items that are labeled as positive by the 
model, False Positives are items that are rated as positive but are actually 
negative [60]. (See Equation 7)

Precision (7)TP
TP FP+

=

A Recall is defined as the number of relevant items selected over the 
total number of available items [62]. The False Negative contains elements 
that have been classified by the model as negative, but they are actually 
positive [60]. (See Equation 8)

Recall (8)TP
TP FN+

=

F1-score can be interpreted as the weighted average between Precision 
and Recall, where F1-score reaches its best value at 1 and its worst value at 
0 [60]. (See Equation 9)

1 1
.2
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precision recallprecision recall
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− −
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= =

AUC is most commonly understood as an integration method under 
a ROC curve. That is, the AUC represents the probability that a random 
sample with a positive label will rank higher than a random sample with 
a negative label. In the AUC formula, suppose that D+ and D- represent 
model prediction sets for positive and negative samples respectively (e.g. 
if ( )ˆ ,ip D+∈  then ( )ˆ ip  is some probability in [0, 1], and the true label y(i) for 
instance x(i) is positive). I  is a modified indicator function that returns 1 if 
the argument is positive, 0 if it is negative, and 0.5 if it is zero [63]. (See 
Equation 10)

( ) ( )
( )

ˆ
(

ˆ
)1 ( ) ( 0)ˆ ˆ 1i j

ji
p D p Dn n

AUC p p+ −∈ ∈+ −
= −S S I

In this study, the Pythagorean Tree was created by using the RF 
algorithm to find the variable that best predicts the multi-class emotional 
groups of the views of Twitter data users. The Pythagorean tree, named 
after Pythagoras, is a plane fractal made of squares. In the Pythagorean 
tree, each triangle surrounds a right triangle, a symbol traditionally 
associated with the Pythagorean theorem. Its branches are generally 
straight and resemble veining [64, 65]. There are several visualizations of 
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Pythagorean forests based on a decision tree model called “Random 
Forest”, where each visualization relates to a randomly constructed tree. 
The best type of tree structure is the one that has the darkest branches. 
This shows that few variables affect the branching of the tree. This 
technique applies to classification and regression problems [66]. The 
following section presents the results of this study.

3.  Results

3.1  Sentiment Analysis and Word Cloud

In this study, SA was conducted for tweets collected from Twitter in 
August and September of 2021 related to telemedicine. The VADER 
(Valence Aware Dictionary for Sentiment Reasoning) model, a text SA 
method that takes into account the polarity (positive/negative) and 
intensity (strength) of the emotion, was used to analyze emotion. The 
weekly sensitivities of tweets about telemedicine without any location 
restrictions were monitored. After selecting only English tweets and 
applying the necessary data pre-processing steps on these selected tweets, 
9516 tweets were selected for our study. Study results showed that 56.2% 
of the sample (n= 5351 tweets) had predominantly positive emotions, as 
seen in Table 1. Tweets containing negative emotions were recorded as 
17,1 % (1620 tweets). As a result of our analysis, it was determined that 
83% of the tweets recorded during the pandemic period were posted with 
positive or neutral emotions and Twitter data users’ opinions towards 
telemedicine are mostly positive.

In addition, when the weekly word clouds of the collected tweets 
were examined, it was observed that all six weeks had similar word clouds. 
As seen in Figure 1, the 50 most frequently repeated words in the six-week 
data set were filtered out. However, when the word clouds of the six weeks 
were examined carefully, remarkable differences were observed in the 
word cloud for the dates corresponding to the 2nd week (August 
26-September 1). As seen in Figure 1, when the 50 most frequently repeated 
words in the data set of the 2nd week were filtered out, it was seen that the 
word “ivermectin” stood out as one of the most frequently repeated words. 
The other most frequently repeated words are “telemedicine” and 
“telehealth”, respectively, as in the word cloud of the five weeks. As it is 
known, ivermectin is a drug used to treat parasitic infestations. Note that, 
during the time, which is around week 2, the US Food and Drug 
Administration (FDA) has advised veterinarians and retailers to share 
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Word cloud for first 50 words in  
week 1

Word cloud for first 50 words in  
week 2

Word cloud for first 50 words in  
week 3

Word cloud for first 50 words in  
week 4

Word cloud for first 50 words in  
week 5

Word cloud for first 50 words in  
week 6

Figure 1
Word clouds for the first 50 words among tweets containing telemedicine in 

six weeks
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with consumers important safety information about the dangerous misuse 
of animal ivermectin to prevent or treat Covid-19 in humans. Also, during 
this time, poison control centers across the US have reported a sharp 
increase in the number of people experiencing adverse health effects after 
taking animal ivermectin [67]. To the best of our existing knowledge, the 
FDA’s explanations can be a reason for the high frequency of the word 
ivermectin.

Table 1
Sentiment analysis

Month Total 
Tweets Positive % Neutral % Negative %

August (1st week) 2115 1330 24.9 485 19 300 18.5
August (2nd week) 1577 772 14.5 477 18.8 328 20.2
September (3rd week) 1662 846 15.8 442 17.3 374 23.1
September (4th week) 1416 759 14.1 450 17.7 207 12.8
September 5th week) 1585 912 17.1 392 15.4 281 17.3
September (6th week) 1161 732 13.6 299 11.8 130 8.1
Total Tweets 9516 5351 56.2 2545 26.7 1620 17.1

3.2 � Grouping of Twitter Data Users’ Mood Classes in Terms of Telemedicine: A 
Heatmap Approach with K-Means Clustering

Tweets about positive, negative, and neutral moods were classified 
using the k-means clustering method. Before clustering positive, negative, 
and neutral emotional states, study variables are standardized to avoid 
measurement unit differences. k=5 fold cross-validation was used for 
consistent selection of the number of clusters. 

The optimal number of clusters was determined as nine with the SIL 
index value of 0.80, and the number of Twitter data users is balanced 
within each group (see Table 2). Nextly, the ANOVA test was used to detect 
if the nine clusters we obtained were different from each other, in terms of 
three emotional states, separately. ANOVA test results showed that the 
differences between nine Twitter data user groups’ opinions in terms of 
positive (F=12313,55; p<0.05), negative (F=11217,04; p<0.05), and neutral 
(F=10400,82; p<0.05) mood classes are statistically significant.

The heat map corresponds to the relationships of positive, negative, 
and neutral moods related to telemedicine with the obtained clusters as in 
Figure 2. The heat map in the figure is colored according to the results of 
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positive, negative, and neutral moods. Positive and negative moods are 
shown in blue and yellow, respectively, while neutral moods are shown in 
green. The rows in the heat map represent clusters, generated by k-means 
clustering and the columns represent moods. Note that, stronger moods 
are expressed in dark colors, while weaker moods are expressed in light 
colors. Also, nine groups of Twitter data users are presented in the 
dendrogram obtained from hierarchical clustering is visualized on the left 
side of the heatmap.

3.3 � Best Machine Learning Predictors of Positive, Negative, and Neutral Twitter 
Mood Classes towards Telemedicine

In this analysis phase, a new dataset consisting of four independent 
categorical variables was used to determine the mood classes of positive, 
negative, and neutral groupings of Twitter users’ opinions about 
telemedicine. Table 2 shows the basic statistics of the dependent and 
independent variable categories. It is seen that members of mood class 1 
(C1) are higher (n=4265; 44.5%) compared with other classes. Moreover, 
the majority of Twitter data users are from high-income countries (83.2%), 
and 94.5 percent are from countries that have a national telehealth policy 
and strategy. Additionally, 90.7% of Twitter users did not use the words 
“Covid-19” and “coronavirus” in their tweets and 59.7% of them did not 
retweet.

Figure 2
Heatmap analysis based on k-means clustering of negative, neutral, and  

positive moods related to telemedicine, showing hierarchical  
clustering on the left side
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The purpose of creating this new dataset consisting of four 
independent categorical variables is to find out the best ML technique to 
predict clusters obtained from positive, negative, and neutral moods from 
Twitter users’ opinions of telemedicine. ML techniques such as NN, RF, 
NB, SVM, and k-NN were used to make these performance comparisons. 
The performance values of the compared ML techniques are seen in Table 
3.

Table 3 compares the prediction performance results obtained from 
NN, RF, NB, SVM, and k-NN algorithms. The performance of each model 
was evaluated in terms of Area Under the ROC Curve (AUC), Classification 
Accuracy (CA), F1, Precision, and Recall values on the dataset. Note that, 
AUC, CA, F1, precision, and recall values are preferable to compare the 

Table 2
Descriptive statistics of variables to predict twitter data users’  

opinion mood classes

Dependent Variable
Mood 

classes* C1 C2 C3 C4 C5 C6 C7 C8 C9

n 4235 223 289 220 525 1261 2277 368 118
% 44.5 2.3 3 2.3 5.5 13.3 24 3.9 1.2

Independent Variables
Country
Income 
Classes**

Categories Country 
Telehealth 

policy***

Categories

Low Low-
middle

High-
middle High Yes No

n 37 1419 143 7917 n
8996

520

% 0.4 14.9 1.5 83.2 % 94.5 5.5
Covid-19 in 
the Twitter 

text****
Yes No

Retweet in 
the Twitter 

Text*****
Yes No

n 881 8635 n 3898 5618
% 9.3 90.7 % 41 59

* Data came from sentiment analysis results generated by emotional groupings of Twitter 
data users towards telemedicine.
** Data came from World Bank (2021) [39] 
*** Data came from World Health Organization (2015) (Last updated: 2018) [38] 
**** Data came from Twitter data analysis results and shows Covid-19 and coronavirus 
words in tweets.
***** Data came from Twitter data analysis results and shows the retweet status of tweets.
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prediction performances of learning algorithms in the existence of multi-
class predictor variables [68]. Study findings show that NN and RF 
perform slightly better than the other predictors, in terms of AUC and CA, 
the scores are more closer to 1.

According to these findings, NN had the highest prediction 
performance (AUC=0.842; CA=0.569), and RF (number of trees=10) is the 
second best predictor (AUC=0.841; CA=0.573). Whereas the NB 
(AUC=0.838; CA=0.564) is the third and SVM (AUC=0.770; CA=0.307) is 
the fourth, respectively. Among these ML techniques, k-NN (AUC=0.695; 
CA=0.562) showed the lowest prediction performance. The results verified 
that NN and RF have higher classification performances to predict multi-
class Twitter data users’ mood classes compared with other ML techniques.

As a final finding of this study, the Pythagorean tree was incorporated 
for data visualization and to see the most effective variable in determining 
the emotional classes of Twitter users’ opinions. In Figure 3, the 
Pythagorean tree created by using the RF classification model (number of 
trees=10) obtained from the first cluster (C1), which represents the class of 
emotions that has a high number of members (n=4235), shows that retweet 
is the main decision node of the tree. Covid-19, income, and telehealth are 
the other variables that are effective in predicting the sentiment of Twitter 
users’ views.

Table 3
Comparison of machine learning techniques prediction models performances

Model AUC CA F1 Precision Recall
Neural Network 0.842 0.569 0.492 0.566 0.569
Random Forest (Number of 
trees=10) 0.841 0.573 0.494 0.577 0.573

Naive Bayes 0.838 0.564 0.524 0.599 0.564
Support Vector Machine 0.770 0.307 0.291 0.426 0.307
k-Nearest Neighbor 0.695 0.562 0.526 0.604 0.562
Abbreviations: AUC: Area Under the ROC Curve; CA: Classification Accuracy
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Figure 3
Pythagorean tree of emotion class C1.

4.  Discussion

Understanding the public’s thoughts and feelings towards health 
information technology is key to promoting communication technologies 
in healthcare. In times of pandemic, telemedicine is useful in alleviating 
healthcare access issues and creating closer links between rural and urban 
areas. The public’s views on services provided in many fields, including 
health, and social media platforms, where these views are mostly shared, 
have recently become one of the most important sources of information in 
this context. Therefore, this study was conducted to examine the 
perceptions of Twitter users regarding telemedicine services during the 
Covid-19 pandemic. In this study, we observed the Twitter data of 9516 
tweets related to telemedicine between August 19, 2021, and September 
30, 2021, based on experimental analyzes and the results obtained. As a 
result of SA, we obtained similar results to the literature. According to the 
SA result, we found that Twitter users’ perceptions of telemedicine during 
the pandemic were mostly positive. In other words, we can say that the 
need for telemedicine increased in parallel with the increasing health 
needs and quarantine conditions during the pandemic period.

After determining the positive, negative, and neutral emotions of 
Twitter users, an answer was sought to the question of which method was 
the most effective in predicting these mood groups. At this point, we used 
ML techniques to make performance comparisons to determine the answer 
to the question we were looking for. For this, we first created a new data 
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set consisting of four independent categorical variables to determine 
mood classes and performed performance evaluations on this data set. 
When we examined the performance values, we found that NN and RF 
are the best learning algorithms to predict the emotional states of Twitter 
users towards telemedicine. Followingly, retweet is the best predictor of 
the emotional classes of Twitter users.

In this study, positive mood states for the telemedicine needs of the 
people in society during the Covid-19 pandemic were determined, and 
these emotional states were analyzed in more detail. This study is not 
without limitations. Within the scope of this study, only tweets in English 
were collected from Twitter, as it is the most frequently used language. 
Additionally, this study only verifies the emotional states of people who 
are using the Twitter platform. Further studies will search for other 
languages and other social media platforms. Finally, in this study, the 
Twitter dataset was created for six weeks period of time. Future studies 
will enhance the time period of the Twitter data generation process to 
create and analyze more comprehensive and big social media datasets. 

5.  Conclusion

Understanding public opinions and emotions towards health 
information technologies is the key to promoting communication 
technologies in healthcare. In times of pandemic, telemedicine is useful in 
alleviating healthcare accessibility problems and creating closer 
connections between rural and urban areas. This study collected data from 
Twitter which is a major social media platform during the pandemic 
period and explored Twitter users’ emotions toward telemedicine by using 
opinion mining and ML techniques. Study findings showed that the 
dominant mood in tweets about telemedicine during the pandemic period 
was positive and Twitter data users consist of nine different groups in 
terms of positive, negative, and neutral mood classes. The further analysis 
incorporated ML techniques and detailed analysis of geographic regions 
and Twitter text documents obtained from Twitter users’, to find the best 
predictors of Twitter users opinions mood classes. NN and RF are the 
best-performing learning techniques and retweet, Covid-19, and income 
are the best predictors of Twitter users’ emotional classes towards 
telemedicine. Following current trends in telemedicine and exploring 
public opinions about health information technologies by using social 
media platforms is critical to inform healthcare policymakers during 
pandemics like Covid-19. In addition, it is recommended to work with a 
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larger amount of data for which this study will be taken as a reference in 
future studies. Again, in future studies, to further expand the study, 
positive, negative, and neutral emotional states determined in detail are 
fear, joy, anxiety, sadness, panic, etc. emotions can be detected.
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