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Abstract
AIM: While the SARS-CoV-2 pandemic and other epidemics continue, individuals with chronic diseases and those over the age of 60 are most 
affected by the psychological effects. This research is the first and most crucial study comparing the quality of life, physical activities, fear of 
disease and virus evaluation, and social phobia in chronic patients and healthy individuals, and modeling the classification of social phobia using 
the machine learning approach.
METHODS: The quantitative study used STROBE guidelines for the correlational and cross-sectional design. The research questionnaire was 
designed in four parts: a personal information form, the Liebowitz Social Phobia Scale, the Fear of Illness and Virus Evaluation Scale, and the 
Quality of Life Scale (EUROHIS-WHOQOL-8). Different algorithms were examined using the machine learning approach to classify social phobia. 
More participants were reached than the calculated sample size (n = 1068) using simple random sampling, and the final sample size was 1235.
RESULTS: Patients with chronic diseases had lower physical activity levels and quality of life scores. Patients with chronic diseases (n = 728) had 
higher Fear of Illness and Virus Evaluation Scale-35 scores and Liebowitz Social Phobia Scale-24 scores compared to healthy participants (n = 507) 
and lower physical activity levels (3.901 ± 3.035) and quality of life scores (29.016 ± 4.782). Two algorithms (K-nearest neighbors and support 
vector machine algorithm) provided the best performance. In support vector machine algorithm, Fear of Illness and Virus Evaluation Scale-35 
was the most critical feature in classifying social phobia. Physical activity level and Liebowitz Social Phobia Scale seem to be positively related in 
k-nearest neighbors.
CONCLUSION: The model is essential for identifying and understanding social phobia factors in patients with chronic diseases. Support vector 
machine algorithm is an algorithm that is preferred for identifying patients at risk of fear and will facilitate follow-up when integrated into 
smartphone applications.
Keywords: Chronic disease, fear, machine learning, quality of life, social phobia

Introduction

As of April 2023, the worldwide pandemic has claimed the lives 
of over 6.8 million people, and more than 762 million individuals 
have been diagnosed with severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2). Numerous virus variants have 
been discovered since the start of the pandemic, 13 of which—
alpha, beta, gamma, delta, omicron, epsilon, zeta, eta, theta, iota, 
kappa, lambda, and mu—were classified as variants. Apart from 
the coronavirus disease-2019 pandemic, countries have also 
reported different epidemics, such as meningococcal diseases, 
bird flu, monkeypox virus, Marburg fever, dengue fever, yellow 
fever, cholera, measles, Ebola, malaria, etc. (Zumla & Hui, 2019).

Additionally, not only the SARS-CoV-2 infection, but also the 
long-term consequences after receiving a diagnosis of these 
diseases have both physical and psychological effects. The 
rate of the population affected by these diseases with or with-
out symptoms is not clearly known. However, individuals over 

60 years of age and those with a history of chronic diseases 
(such as diabetes, hypertension, heart diseases, chronic res-
piratory diseases, cancer diseases—especially hematological 
malignancies—lung cancer, metastatic disease, obesity, etc.) are 
considered high-risk groups by healthcare professionals (Mills 
et al., 2020).

The fact that individuals diagnosed with diseases stay in the 
hospital or at home under social isolation conditions caused an 
unexpected sudden change in the routine lives of individuals. 
These changes were found to limit individual physical activity, 
decrease socialization, decrease contact and communication 
between people, increase the time spent in the hospital/home, 
decrease expenditures and consumption, and increase wor-
ries, anxiety, depression, and stress levels (Rajkumar, 2020). 
Reduced physical activity means that those with chronic dis-
eases are exposed to different consequences of the disease in 
the short term. It was pointed out that inactivity brings with it 
many adverse conditions. Some of these include weight gain, 
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hypertension, type 2 diabetes, hypoglycemia, obesity, constipa-
tion, an unbalanced diet in some cases, sudden weight loss due 
to eating disorders, decrease in muscle, heart attacks due to loss 
of muscle proportion, stroke, pain, fractures, neurological prob-
lems, cancer, and postural conditions (Booth et al., 2017; Tural, 
2020). In addition, physical inactivity increases the incidence of 
cardiovascular, cardiopulmonary, and cancer diseases. This sed-
entary life reduces the quality of life and can lead to depression 
and cognitive disorders (Firat et al., 2023; Rajkumar, 2020).

The decline in quality of life, fear of death, illness, fear of los-
ing relatives or friends, fear of contagion, and fear of losing or 
decreasing personal freedom also increase different reactions. 
For example, these reactions were reported to be phobic behav-
iors, paranoid moods, depression, panic, selfishness, aggressive 
attitudes, othering behavior, and stigmatization (Chalhoub 
et  al., 2022). These show that the pandemic causes psycho-
social problems beyond physical health problems or infections 
(Clemente-Suárez et al., 2020; Sayin Kasar & Karaman, 2021). 
Phobias were found to trigger some anxiety disorders and major 
depression, suicidality, and mass death (Jacobs et  al., 2007). 
Prolonged hospital/home stays and an increase in the symp-
toms of the disease, inactivity, and a decrease in quality of life 
were also found to be driving forces in the emergence of psy-
chological problems. The fear of the recurrence of health prob-
lems can cause the individual to withdraw, experience social 
isolation voluntarily, and constantly avoid social interaction. 
Individuals who fear most or all social interaction situations are 
defined as social phobic patients (Alves et al., 2022). Social pho-
bia is a vital disorder listed as a social anxiety disorder in DSM-V 
(300.23) (American Psychiatric Association, 2022).

In general, individuals with chronic diseases need to be followed 
up digitally to evaluate the effectiveness of the medications, 
the quality of life, and the results of the treatments (Cilli et al., 
2022). However, only physical evaluations will not be sufficient; 
psychological effects should also be monitored with patient-
centered applications (Ralston et al., 2006). Potentials noticed 
after online evaluations should be measured longitudinally 
(Nittas et al., 2023). Classification of individuals who may be in 
danger by trying to predict the correct label of the input big data 
obtained in the longitudinal measurements can be done with the 
supervised machine learning method. The reason for using the 
supervised machine learning method is that it is easier to orga-
nize even the divergent types of variables and even the complex 
models. Its predictions are more accurate, and this accuracy can 
be calculated using performance criteria. Determining and pre-
dicting the individual’s condition with the supervised learning 
algorithm before reaching the danger limit is not just a matter of 
improving life expectancy and quality but also a crucial step in 
reducing the overload and violence on hospitals and healthcare 
professionals, making it an urgent need in the field of chronic 
disease management (Agency for Healthcare Research and 
Quality, 2023). On the other hand, the follow-up process was 
complicated with patient-centered applications for the follow-
ing reasons: those who do not have internet or mobile devices, 
live in regions where even mobile-device operators do not have 
service, do not have any technological devices, and do not know 
how to use them, and as a limitation in the study could not be 
reached them as well.

Therefore, the study investigated the effects of pandemic/
epidemic fears, quality of life, and other variables involved in 
classifying social phobia diagnoses in patients with chronic dis-
eases. Supervised machine learning algorithms were also used 
to determine the classification.

Research Questions
1.	 Are the effects of pandemic/epidemic fears, quality of life, 

and other variables involved in classifying social phobia 
diagnoses in patients with chronic diseases using super-
vised machine learning algorithms?

2.	 Which supervised machine learning algorithm’s predictions 
are the best according to performance criteria?

Methods

Study Design
The quantitative study used STROBE guidelines for the correla-
tional and cross-sectional design (von Elm et al., 2014).

Sample
The research’s population comprises 57,611,058 participants 
who are at least 20 and residents of Türkiye (TUIK, 2019). Using 
the simple random sampling approach, a probabilistic sampling 
method was used to scheme the sample, calculated as 1068. 
The stages for determination of the sample, inclusion, and 
exclusion criteria are given in Figure 1.

Data Collection
Data were collected online via a form and by self-reporting 
between 2 June 2022 and 2 June 2023. In the early stages of the 
study, considering the massive variety of pharmacy customers 
(Kevrekidis et al., 2018), the author/s communicated with the 
pharmacists to provide information about the study, particularly 
the confidentiality of the research data. A QR code was created 
for the questionnaire form and printed on hand flyers to reach 
and include the phobic participants. Some pharmacists agreed 
to announce the study to their customers and distributed hand 
flyers displaying the QR code of online forms to those willing 
to participate. Before the participants scanned the QR code of 
the online questionnaire, the pharmacists emphasized that the 
questionnaire was filled out and saved anonymously.

Data Collection Tools
The research questionnaire was designed in four parts. The 
first part of the questionnaire was a personal information form; 
the second part was the Liebowitz Social Phobia Scale (LSAS); 
the third part was the Fear of Illness and Virus Evaluation 
Scale (FIVE-35); and the last part was the Quality of Life Scale 
(EUROHIS-WHOQOL-8). The personal information form was 
designed with multiple-choice or open-ended questions about 
age (open-ended), gender (male/female), marital status (single/
married), number of children (open-ended), educational level 
(high school and less than high school/associate degre​e/und​
ergra​duate​/post​gradu​ate),​ employment status (public sector/
private sector/unemployed), and chronic disease status (yes/
no) asked to individuals participating in the questionnaire. In 
addition, an open-ended question was asked: “What are your 
chronic diseases?.” Then diseases were classified into diabe-
tes, hypertension, heart disease, chronic respiratory diseases, 
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cancer, and obesity. Study participants were asked multiple-
choice questions about whether they were diagnosed with a 
pandemic/epidemic disease (yes/no). If their answer was yes, 
they were requested to evaluate how the pandemic/epidemic 
disease affected physical activity levels by choosing any value 
between 1 and 10 (1 = Minimum–10 = Maximum). If the answer 
was no, this question was skipped.

Liebowitz Social Phobia Scale (LSAS-24): The original version 
of this scale was developed (Liebowitz, 1987). Turkish adapta-
tion of the study was also conducted (Soykan et al., 2003). In 
the original version of the scale, Cronbach α for the overall scale 
was 0.975, with values of 0.951 for the fear subscale (24 items) 
and 0.949 for the avoidance subscale (24 items) (Liebowitz, 
1987). In the Turkish version of the LSAS, the Cronbach α for 
the fear subscale was 0.96, for the avoidance subscale was 0.95, 
and for the overall scale was 0.98 (Soykan et al., 2003). In this 
study, Cronbach α for the overall scale was 0.976, with 0.939 
for the fear subscale, and 0.953 for the avoidance subscale. This 
scale evaluates two different responses with 24 non-identical 
social status items. The fear subscale responses range from (0) 
none, (1) mild, (2) moderate, and (3) severe. Responses on the 
avoidance subscale fall into four categories: (0) never, (1) some-
times, (2) often, and (3) usually. The scoring scale is 0–29 does 
not have social phobia; 30–49 mild; 50–64 moderate; 65–79 
marked; 80–94 severe, and >95 very severe.

Fear of Illness and Virus Evaluation Scale (FIVE-35): The FIVE-
35 was developed in three versions: adult (self-report), caregiver 
(report), and youth (self-report) (Ehreneich-May, 2020). The 
FIVE has 35 items and four subscales: fears about contamina-
tion and illness (nine items as the first subscale), fears about 
social distancing (10 items as the second subscale), behaviors 
related to illness and virus fears (14 items as the third sub-
scale), and impact of illness and virus fears (two items as the 
fourth subscale) (Sáez-Clarke et al., 2022). In the same study, 
the Cronbach α for the overall scale was α = 0.98 (first sub-
scale α = 0.90; second subscale α = 0.87; third subscale α = 0.87; 
fourth subscale α = 0.92). The fear scale was adapted to Turkish 
with three subscales, and Cronbach α for the overall scale was 
α = 0.92 (first subscale and fourth subscale combination α = 0.90 
with 11 items; second subscale α = 0.90 with 10 items; third sub-
scale α = 0.78 with 14 items) (Çelikbaş, 2021). In this study, the 
Cronbach α for the overall FIVE scale was 0.876 (the range of 
Cronbach α values for the subscales: 0.91–0.79).

When evaluating the scores, the highest points are 140, and 
the lowest points are 35. In the English form, the scores for 
the subscales are: first subscale (score 9–36), second subscale 
(score 10–40), third subscale (score 14–56), and fourth subscale 
(score 2–8). The scoring scale for the subscales and total scale 
are >0.24 indicates fear about contamination and illness; >0.26 
indicates fears about social distancing; >0.40 indicates behav-
iors related to illness and virus fears; >0.6 indicate impacts of 
illness and virus fears; and >0.96 scores indicate fear (Çölkesen 
et al., 2021).

Quality of Life Scale (EUROHIS-WHOQOL-8): The EUROHIS 
project started in Europe in 1988 to cover eight fundamental 
indicators (chronic physical health problems, mental health, 

Figure 1.
The Flow-Chart of the Participation Process. TURKSTAT = Turkish 
Statistical Institute.
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alcohol consumption, physical activity, use of therapeutic ser-
vices, drug use, use of preventive health services, and qual-
ity of life). The goal of this project was to develop an index for 
improving life quality and general health. The short form of the 
WHOQOL scale is WHOQOL-BREF, with eight items; two items 
are about public health, and six are about mental, physical, and 
environmental content (Schmidt et  al., 2006). The evaluation 
range on a 5-point Likert scale is (1) none to (5) completely. 
In multicenter research, the overall scale performance for the 
original version of EUROHIS was examined using internal con-
sistency (Cronbach α). These values were identified in France 
(0.734), Germany (0.795), and the United Kingdom (0.795), and 
the total Cronbach α value for the 3 samples was 0.779. The 
adaptation of the Turkish version of the EUROHIS-WHOQOL-8 
scale was also completed (Eser et al., 2010). The Cronbach α for 
EUROHIS (WHOQOL-8.TR) was found to be 0.85. In this study, 
Cronbach α for the overall EUROHIS-WHOQOL-8 scale was 
0.818.

Statistical Analysis
Data analysis were performed with R 4.1.2, Python 2022.4.0, 
WEKA 3.8.6, and JASP 0.16.1 statistical software. p-values were 
evaluated according to α = .05. To investigate differences in 
categorical variables between the patient and healthy groups, 
the Pearson chi-square and Fisher’s exact tests were used. 
The assumption of normal distribution for continuous variables 
according to categories was tested with the Shapiro–Wilk test. 
Non-parametric test statistics were used when the assumption 
of normal distribution was not met. In non-parametric tests, 
the Mann–Whitney test was used to examine the difference 
between two categories of continuous variables.

Models were established to determine the variables influenc-
ing the classification of social phobia and to compare the per-
formances of supervised machine learning (SML) algorithms. 
The reason for using SML is that it makes it easy to predict the 
dependent variable (LSAS-24) by using an algorithm defined 
using independent variables (age, gender, marital status, num-
ber of children, education level, employment status, chronic dis-
ease status, diagnosis with a pandemic/epidemic disease, level 
of physical activity, FIVE-35, and EUROHIS-WHOQOL-8). The 
classification in SML was related to the classification in the form 
of the LSAS-24 scale. After social phobia classes were trained, 
the cumulative probabilities of the ordinal values were as fol-
lows: P(y = Low) = 1 − P(y > Low), P(y = Moderate) = P(y > Low) 
− P(y = Moderate), P(y = Significant) = Pr(y > Moderate) − P(y > 
significant), P(y = Severe) = P(y > significant) − P(y > severe), 
P(y = Very severe) = P(y > severe) (Frank & Hall, 2001).

Supervised machine learning algorithms were used to compare 
the variables’ performances. Using Shapley additive explana-
tions (SHAP) values, the variables’ contributions to the model in 
the best-performing method were then computed.

To prevent bias in comparing the performance criteria, the SHAP 
values for the variables in the model that performed the best 
were examined. Shapley additive explanations values indicate 
the contribution or importance of each variable in the prediction 
of the model, rather than the quality of the prediction. Shapley 
additive explanations values were also chosen because they are 

a method based on game theory and are used to increase the 
transparency and interpretability of machine learning models.

Among the supervised learning algorithms, naïve Bayes, boost-
ing, logistic regression, random forest, decision trees, k-nearest 
neighbors, and support vector machines were used. The SML 
algorithms used in the research are briefly introduced.

The naïve Bayes algorithm (NBA) is another SML algorithm 
based on Bayes’ theorem, an equation that gives the relation-
ship between conditional probabilities to predict classifications. 
When classifying, conditional probabilities are calculated for the 
entire training data set, and classification is carried out. At the 
same time, it is based on the assumption that the variables that 
are effective in classification are independent of each other, 
which minimizes the possibility of misclassification using Bayes’ 
theorem (McCallum & Nigam, 1998).

In the boosting algorithm (BA), an interactive process creates a 
new weak prediction rule with each time application. After many 
iterations, the BA combines the weak rules into a single strong 
prediction rule. It is an ensemble modeling technique that tries 
to create a strong classifier. By using weak models in series, a 
strong model is created. First, a model is created from the train-
ing data set. The second model is then created, attempting to 
correct errors found in the first model. This process continues 
iteratively, and models are added until the entire training data 
set is predicted correctly or the maximum number of models is 
added (Quinlan, 1996).

The logistic regression algorithm (LRA) is a popular example of 
supervised learning. In social phobia, the probability of occur-
rence of mild, moderate, and severe diagnoses is found, and 
predictions are made accordingly. The important thing here is 
that the independent variables affecting the result must be 
independent of each other. Additionally, independent variables 
can be linearly related to log-odds (Samuel, 1959).

The random forest algorithm (RFA) is also frequently used in 
classification and regression tasks. New communities can be 
created with the help of randomly selected independent vari-
ables within uncorrelated multiple classification trees. This 
algorithm performs well in cases where data sets are continu-
ous, categorical, or both. The algorithm has some benefits, such 
as reduced risk of overfitting, flexibility, and ease of determining 
the importance of features. The pruning technique is applied for 
calculating feature importance according to the predictiveness 
levels of the variables (Breiman, 2001).

In Decision Tree algorithms (DTAs), the classes of the test 
data set are estimated by creating a tree structure in the train-
ing data set used for classification. The reason for naming the 
Decision Tree starts with the root node, which expands into 
more branches and forms a tree-like structure, similar to a tree. 
This algorithm follows a top-down approach, creating decision 
trees iteratively. Decision trees provide a fast and flexible struc-
ture using the divide and conquer method. The goal is to build a 
model that predicts the value of a dependent variable by learn-
ing simple decision rules extracted from data features. A tree 
can be viewed as a piecewise approximation (Quinlan, 1996).
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K-nearest neighbor algorithm (K-NNA) is a simple supervised 
classification algorithm in which a data point is classified by 
looking at the k-closest data points and selecting the class label 
that occurs most frequently. Additionally, kernel functions for 
different weighting (rectangle (standard unweighted), triangle, 
Epanechnikov (beta (2,2)), bi-weight (beta (3,3)), tri-weight 
(beta) with different distance function (Euclidean, Manhattan) 
(4,4)), cos, inv, gaussian, rank, and optimal) to calculate the 
distances of the neighbors to the given data point. K-nearest 
neighbor algorithm provides highly effective results in the pres-
ence of large training data sets. The optimal k value is found 
through experiments based on the performance of the classi-
fiers (Hastie et al., 2009).

The support vector machines algorithm (SVMA) aims to dis-
cover an optimal hyperplane in an N-dimensional space that 
maximizes the margin between classes and predicts which class 
the incoming data set belongs to. Support vector machines 
algorithm can effectively realize linear and nonlinear classifica-
tion. Different kernel functions (linear, radial, polynomial, and 
sigmoid) can be used for weighting in training and prediction 
(James et al., 2013).

Accuracy, precision, recall (true-positive ratio), false-positive 
ratio, F1 score (F measure), and AUC-ROC curve were used as 
classification performance criteria. Training and test datasets 
were created according to the 10-fold cross-validation method.

Ethical Considerations
Data collection tool permissions were obtained from corre-
sponding authors. The Research Ethics Committee of Ankara 
Hacı Bayram Veli University (Approval no: AHBV-2022/10; Date: 
January 19, 2022) approved the study. After ethical approval, the 
data was collected through a Google online questionnaire. The 
hand flyers and the online form on the front page informed the 
participants about the research aim, scope, content, method, 
and confidentiality of the data. At the beginning of the ques-
tionnaire, informed consent was obtained from the participants 
who willingly participated in the study electronically.

Results

Table 1 presents the descriptive statistics of the research. A 
total of 1235 individuals participated in the study, including 
34.01% (n = 420) women and 65.99% (n = 815) women and 
65.99% (n = 420) men. The mean and standard deviation of 
the participants’ ages were 50.262 ± 12.457. About 31.25% 
(n = 386) of the participants were single, and 68.75% (n = 849) 
were married. The percentage of participants who had no chil-
dren was 27.61% (n = 341); those who had one child were 8.58% 
(n = 106); those who had two children were 22.91% (n = 283); 
those who had three children were 22.42% (n = 277); those who 
had four children were 12.38% (n = 153); and those who had 
more than five children were 6.07% (n = 75). Participants were 
graduates 9.23% (n = 114) from high school and less than high 
school. About 11.25% (n = 139) of participants had an associate 
degree, 49.63% (n = 613) of participants had an undergraduate 
degree, and 29.88% (n = 369) of participants had a postgradu-
ate degree. While 54.25% (n = 670) of the participants were 

employed in the public sector, 22.67% (n = 280) of the partici-
pants were employed in the private sector. The percentage of 
participants who were unemployed was 23.07% (n = 285). While 
58.95% (n = 728) of the participants had been diagnosed with 
a chronic disease, and healthy participants constituted 41.05% 
(n = 507). The percentage of participants diagnosed with a pan-
demic/epidemic disease was 65.34% (n = 807), and 34.65% 
(n = 428) were not diagnosed with any of them. Categorical 
and continuous variables were compared and related according 
to chronic disease status. Chronic disease status and gender, 
marital status, number of children, education level, and diagno-
sis of a pandemic/epidemic disease had statistically significant 
relationships. Patients with chronic diseases and healthy par-
ticipants showed statistically different levels of physical activ-
ity and quality of life (EUROHIS-WHOQOL-8).

As expected, patients with chronic diseases had lower physical 
activity levels and quality of life scores. Patients with chronic 
diseases had higher FIVE-35 and LSAS-24 scores compared to 
healthy participants. These differences were also statistically 
significant.

When the algorithms are evaluated for accuracy performance 
criteria, SVMA-4 had the worst performance at 74.9% followed 
by LRA at 75.8%, while K-NNA-10 had the best performance at 
99.7% followed by SVMA-3 at 99.6%. Figure 2A–E shows the 
precision, recall, false positive, F1 score, and AUC values for the 
five classes.

The results are explained respectively: K-NNA-10, SVMA-2, and 
SVMA-3 algorithms (Figure 2A); K-NNA-1, K-NNA-4, K-NNA-
10, SVMA-2, and SVMA-3 algorithms (Figure 2B); K-NNA-3, 
K-NNA-4, K-NNA-10, RFA, SVMA-2, and SVMA-3 algorithms 
(Figure 2C); K-NNA-10, RFA, SVMA-2, and SVMA-3 algorithms 
(Figure 2D); and K-NNA-10, RFA, and SVMA-3 algorithms 
(Figure 2E) performed best in the five classes. When all criteria 
are evaluated, K-NNA-10 and SVMA-3 showed the best perfor-
mance among the five classes.

Figure 3A and C shows the mean absolute SHAP values for the 
trained K-nearest neighbor (3.A.) and support vector machine 
(3.C.) algorithms trained with the features.

In K-NNA-10, age appears to be the most important variable, 
changing the predicted absolute probability of social phobia by 
an average of 69%. In SVMA-3, FIVE-35 seems to be the most 
important variable, changing the predicted absolute probability 
of social phobia by an average of 81%. Although the order of 
important variables in both algorithms was different, they both 
included the same variables.

In Figure 3B, the predicted LSAS severity also decreased as age 
decreases. When FIVE-35 had a low score, it reduced the pre-
dicted LSAS severity. LSAS increased as EUROHIS-WHOQOL-8 
decreased. An increase in the severity of social phobia was 
observed in participants diagnosed with a pandemic/epidemic 
disease, unemployed, and with a low education level. The physi-
cal activity level and LSAS seem to be positively related. Also, 
the number of children and LSAS were positively correlated.
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According to Figure 3D, when FIVE-35 had a low score, it 
decreased the predicted LSAS severity. As age decreased, 
the predicted LSAS severity also decreased. EUROHIS-
WHOQOL-8 and LSAS appear to be negatively related. An 
increase in the severity of social phobia was observed among 

male participants diagnosed with a pandemic/epidemic dis-
ease, working in the public sector, and with a low education 
level. The physical activity level and LSAS seem to be nega-
tively related. The number of children and LSAS are positively 
correlated.

Table 1.
Descriptive Statistics, Comparison of FIVE-35, EUROHIS-WHOQOL-8, and LSAS-24 Between Participants With Chronic Diseases and Healthy 
Participants (n = 1235)

 ​ Variables ​Categories

Chronic Disease Status

p
Yes (n = 728)

X̅ ± SD
No (n = 507)

X̅ ± SD

Age, years ​ 50.703 ± 12.628 49.822 ± 11.942 .219

Gender Male , n (%) 524 (42.43) 291 (23.56) <.001

Female, n (%) 204 (16.52) 216 (17.49)

Marital status Single, n (%) 176 (14.25) 210 (17.00) <.001

Married, n (%) 552 (44.70) 297 (24.05)

Number of child 0, n (%) 116 (9.39) 225 (18.22) <.001

1, n (%) 48 (3.89) 58 (4.70)

2, n (%) 204 (16.52) 79 (6.40)

3, n (%) 180 (14.57) 97 (7.85)

4, n (%) 108 (8.75) 45 (3.64)

5+, n (%) 72(5.83) 3 (0.24)

Education level High school and less than HS, n (%) 176 (14.25) 193 (15.63) <.001

Associate degree , n (%) 96 (7.77) 43 (3.48)

Undergraduate , n (%) 396 (32.07) 217 (17.57)

Postgraduate , n (%) 60 (4.86) 54 (4.37)

Employment status Public sector, n (%) 408 (33.04) 262 (21.22) .288

Private sector, n (%) 156 (12.63) 124 (10.04)

Unemployment, n (%) 164 (13.28) 121 (9.80)

Diagnosis with a pandemic/epidemic disease Yes, n (%) 436 (35.30) 371 (30.04) <.001

No, n (%) 292 (23.64) 136 (11.01)

Level of physical activity ​ 3.901 ± 3.035 4.868 ± 3.225 <.001

Social interaction-F ​ 16.383 ± 9.943 14.233 ± 8.823 <.001

Performance-F ​ 20.273 ± 10.988 17.574 ± 8.327 .003

Fear subscale (F) ​ 36.657 ± 20.726 31.807 ± 16.577 .001

Social interaction-A ​ 14.580 ± 10.611 12.793 ± 8.849 .003

Performance-A ​ 17.852 ± 11.902 15.992 ± 9.261 .079

Avoidance subscale (A) ​ 32.431 ± 22.188 28.785 ± 17.660 .014

Fears about contamination and illness ​ 34.677 ± 3.039 25.571 ± 9.271 <.001

Fears about social distancing ​ 35.343 ± 5.502 20.986 ± 8.162 <.001

Behaviors related to illness and virus fears ​ 45.718 ± 10.397 27.889 ± 10.833 <.001

Impact of illness and virus fears ​ 7.724 ± 1.175 2.848 ± 1.609 <.001

FIVE-35 ​ 123.462 ± 16.218 25.5710 ± 9.271 <.001

EUROHIS-WHOQOL-8 ​ 29.016 ± 4.782 30.231 ± 5.837 <.001

LSAS-24 ​ 69.088 ± 41.326 60.592 ± 32.329 .006

Note: EUROHIS-WHOQOL-8 = Quality of Life Scale, FIVE-35 = Fear of Illness and Virus Evaluation Scale, LSAS-24 = Liebowitz Social Phobia Scale.



Balaban et al. Social Phobia in Patients with Chronic Disease

318

Discussion

Viruses and bacteria, some of the oldest life forms in the 
world at 4.5 billion years old, have caused many pandemics, 
epidemics, and endemic diseases in human history. While 

discussing the existence of more than a trillion undiscovered 
viruses and bacteria and many deaths today, it is impossible 
for epidemics to end (Diamandis, 2022). Therefore, as much 
as it is essential to investigate effects on physical health, 
it is always necessary to examine impacts on psychological 

Figure 2.
Results of Social Phobia (LSAS) Classification Algorithms Performance Criteria (A-E) for Patients with Chronic Diseases. Naïve Bayes 
(NBA), Boost (BA), Logistic Regression (LRA), Random Forest (RFA), Decision Trees (DTA), K-Nearest Neighbor (K-NNA), Kernel 
Function for Weighting (Rectangle (K-NNA-1), Triangle (K-NNA-2), Epanechnikov (K-NNA-3), Biweight (K-NNA-4), Tri-Weight 
(K-NNA-5), Cos (K-NNA-6), Inv (K-NNA-7), Gaussian (K-NNA-8), Rank (K-NNA-9) and Optimal (K-NNA-10)). Support Vector 
Machines (SVMA), Different Kernel Functions for Weighting (Linear (SVMA-1), Radial (SVMA-2), Polynomial (SVMA-3), and Sigmoid 
(SVMA-4)).
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health. In particular, while the SARS-CoV-2 pandemic and 
other epidemics continue, psychological pandemics may 
also be caused. Individuals over the age of 60 and individu-
als with chronic diseases are most affected by psychological 
pandemics. Overall, studies showed that there are different 
psychological pandemics involving state anxiety, trait anxi-
ety, and social phobia.

This research is the first and most crucial study comparing the 
quality of life, physical activities, fear of disease/virus evalua-
tion, and social phobia in chronic patients and healthy partici-
pants, and modeling the classification of social phobia using the 
machine learning approach.

In this study, it was found that gender, marital status, number 
of children, and education level were associated with chronic 
disease, and this overlaps with many studies (Sun et al., 2022; 
Vlassoff, 2007). Pregnancy and the postpartum period can lead 
to the emergence of some physical and psychological condi-
tions that cause chronic disease, and some studies illustrated 
this relationship (Rai et al., 2015; Tyer-Viola & Lopez, 2014). In 
addition, quality of life, physical activities, fear of disease/virus 
evaluation, and social phobias were statistically different in 
chronic disease patients and healthy participants. Some studies 
support this result (Ayele et al., 2022; Salah et al., 2023; Siboni 
et al., 2019), while others found no statistically significant dif-
ference between fear of coronavirus and anxiety in chronic dis-
ease patients and healthy individuals. This is because the data 
were collected during the third wave of the SARS-CoV-2 pan-
demic (Firat et al., 2023).

When data do not have a normal distribution, machine-
learning approaches are commonly used (Gupta et al., 2022). 
Different algorithms were examined in the machine-learning 
approach. The best performance was provided by two algo-
rithms: K-NNA and SVMA classifiers. While SVMA and K-NNA 
had quite similar performances, SVMA was slightly faster 
in rapid maintenance. According to SHAP values, age is the 
most crucial feature to classify social phobia in K-NNA, fol-
lowed by FIVE-35, EUROHIS-WHOQOL-8, physical activity, 
and number of children. In SVMA, FIVE-35 was the most criti-
cal feature to classify social phobia, followed by age, physical 
activity, EUROHIS-WHOQOL-8, number of children, and edu-
cation level.

According to the results, algorithm selection for the classifica-
tion of social phobia was made according to psychological and 
psychiatric effects. The origin of social phobia stems from fears 
(Zhang et  al., 2023). Since fears about social distancing are a 
subscale in the FIVE-35 scale, fear is a more important feature. 
Physical activity level and LSAS seem to be positively related 
in K-NNA. However, physical activity had a positive relationship 
with socialization; in other words, a negative association with 
social phobia (Di Bartolomeo & Papa, 2019). Hence, SVMA was 
the preferred algorithm to detect patients at the fear risk limit 
because it provided more consistent results.

Study Limitations
There are some limitations of the study. Data was collected 
through an online and self-reported questionnaire, not from 
clinical research, but a large sample size was reached. The 

Figure 3.
SHAP Values Results of K-Nearest Neighbor Algorithm (A, B) and Support Vector Machines Algorithm (C, D) in Social Phobia (LSAS) 
Classification for Patients With Chronic Diseases.
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cause-effect connection or the ability to make definitive asser-
tions cannot be proved because the study was cross-sectional. 
Additionally, some of the participants’ sociodemographic char-
acteristics were not asked, such as their living region/city/etc. 
or sports background (whether they were involved in any sport 
in an amateur/professional way). The study also determined a 
concept of technological use that was not differentiated by 
device or connection.

Conclusions and Recommendations

The main idea of chronic disease management is that the fol-
low-up of patients with chronic diseases is essential. Family 
physicians, health practices, and healt​h/pat​ient-​cente​red 
applications must ensure longitudinal follow-up. Developing 
regional/city health policies will help reduce the overload of 
nurses and physicians monitoring patients. Classifying dis-
eases before their occurrence has many benefits, even regard-
ing health expenses. Also, these policies will reduce patient 
losses, prolonging the quality and expectations of life. It is 
scientifically proven that the leading causes of many diseases 
are psychological sources. Social phobias, quality of life, anxi-
ety, and depression should also be measured in longitudinal 
follow-up, even in asymptomatic patients. Patients at the risk 
limit should be treated in advance by prediction with machine 
learning. Therefore, continuous data collection and model-
ing will prevent new psychological pandemics and pave the 
way for other studies about physical health related to chronic 
diseases. In many aspects, early awareness of psychologi-
cal problems will help not only healthcare professionals but 
also reduce general violence and insanity. Not only individu-
ally but also organizationally, it has made many contributions, 
such as reducing waiting times in healthcare organizations and 
the problems of being unable to access the expected/needed 
service.
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