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ABSTRACT

In addition to the effect that the COVID-19 pandemic has had on the physical and mental health of individuals, it
has also led to a change in the mental and emotional state of many employees. Especially among businesses and
private companies, which faced many restrictions due to the special conditions of the pandemic. Therefore, the
present study aimed to design an artificial neural network with MLP technique to analyze the relationship
between demographic variables, resilience, COVID-19 and burnout in start-ups in Iran. The research method
was quantitative. Managers and employees of start-ups formed the statistical population of the study, based on
the statistical sample size of the unlimited community, 384 of them were tested. For data gathering, standard
questionnaires include of MBI-GS and BRCS and researcher-made questionnaire of stress caused by COVID-19
were used. The validity of the questionnaires was confirmed by a panel of experts and their reliability was confirmed
by Cronbach’s alpha coefficient. The number of neurons in the input layer was equal to 10, the number of neurons in
the 1st hidden layer was equal to 7, the number of neurons in the output layer was equal to 1, and the number of
epochs was equal to 500. 70% of the data were used for training and 30% for testing. In the designed artificial neural
network, all experiment data except one were correctly predicted and the obtained MAE error was less than 0.012%.
Finally, he precision and correction of the presented model was confirmed by the obtained results.
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1 Introduction

The World Health Organization identified COVID-19 as a widespread pandemic on March 11, 2020,
when infections and deaths increased exponentially. The first case was reported in Wuhan, China [1].
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According to statistics, from the beginning of this pandemic until September 30, 2021, 233,136,147 cases
have been infected worldwide, of which 4,771,408 have died [2]. However, COVID-19 is not just a
major health crisis, but the virus is changing the structure of the global order in business and the
economy [3]. Such pandemics, in addition to affecting the physical health of individuals, will also have
long-term effects on mental health [4]. In other words, COVID-19 has affected the quality of life of many
citizens, and the nature of the individual pandemic experience has varied from person to person
depending on demographic and social factors [5]. During the pandemic, quarantine laws required citizens
to reduce social interactions to reduce the risk of new infections [6]. Job closures, entertainment closures,
increased working hours in hospitals and medical centers, travel bans, and the like were among the
restrictions that were enforced in many countries. These protocols and restrictions, along with the fears
and anxieties of individuals and families getting COVID-19, reduced communication and interaction, and
consequently reduced business income, led to anxiety and mental distress for many people [7].

In this regard, one of the important consequences of chronic stress caused by COVID-19 is burnout;
burnout is a psychological syndrome that occurs in response to chronic job-related stress and is
characterized by occupational stressful experiences, increased workload, decreased work quality and
social isolation [8]. In this case, the job loses its importance and meaning for the person. A person who
has suffered from burnout, feels chronically exhausted and tired, has an aggressive mood, is somewhat
pessimistic and suspicious in interpersonal relationships, and will be mostly negative [9]. Therefore,
because the nature of some crises and experiences is such that people inevitably suffer from mental health
problems, attention to individual and mental capacities with the help of which people can resist in crisis
situations, has been considered by positive psychologists [10]. Psychologists believe that there are
moderating factors between stressful events and psychological disorders that cause stressful events to
have different effects on individuals [11]. As a result, researchers seek to reinforce variables within
individuals that increase their level of adaptation and health [12]. One of these modifying personality
traits is resilience. Resilience is one of the most important human abilities that causes effective adaptation
to critical and stressful factors in stressful situations. Hence, resilience is recognized as a factor in
successful adaptation to change and the ability to withstand adversity [13]. Resilience refers to the ability
of a person to adapt in the face of experiences and crises, to overcome and even to be strengthened by
those experiences [14].

Meanwhile, in Iran, according to the statistics of the World Health Organization, the number of patients
with COVID-19 as of September 30, 2021, was 5,587,040, of which 120,428 died [15]. Given the foregoing
and the restrictions and closures of many businesses, including start-ups, for controlling COVID-19, burnout
for managers and their employees is inevitable, because many of these companies were forced to reduce their
workforce, reduce their activity and consequently reduce sales and revenue, and sometimes shut down. These
companies, unlike large companies, due to limited resources and start-ups, are not able to survive in
conditions of instability for a long time and have many challenges, while COVID-19 is nearly two years
old, it has led to restrictions for them. Therefore, considering that there is no immediate solution to
reduce the stress and burnout of managers and employees of these start-ups, and the constant pressure has
created a long-term harmful situation for start-ups that needs serious attention. Therefore, the main
purpose of this study was to investigate the dimensions of burnout in the COVID-19 pandemic and to
evaluate the relationship between them with demographic variables and resilience among managers and
employees of start-ups.

2 Research Literature

2.1 Burnout
The human living environment includes physical, psychological and social factors, each of which play a

role in human health. A significant part of each person’s daily life is spent in the workplace [16]. So, one of
the concepts that have been considered by, industrial psychologists in recent years is the signs, causes and
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effects of burnout. Burnout refers to the physical and mental fatigue caused by pressures in the workplace and
self-employment as well as the symptoms and states of exhaustion, frustration, isolation and despair [17] and
is one of the occupational hazards that has received serious attention in recent years due to its negative impact
on employees, organizations and businesses [18]. Burnout is not only an issue arising from the sheer
weakness or incapacity of employees, but also related to the workplace and the mismatch between
individuals’ personal characteristics and the nature of their job [19]. In other words, burnout indicates a
mismatch between the employee and his/her workplace, and its gradual growth leads to the use of
inappropriate and ineffective coping strategies for protecting themselves from work-related stress [20].

2.2 Resilience
Concepts of resilience in various scientific fields such as crisis management [21], medicine [22], supply

chains [23,24] or collaboration networks [25] have been studied, but there is currently no consensus on a
specific definition. Francis et al. defined resilience as the system’s ability to reduce the likelihood of
shock, shock absorption if it occurs, and rapid recovery after a shock [26]. Resilience has been cited by
Newman (2005) as an ability to cope with difficulties [27]. What prevents people from coping with stress
are the methods they use to manage stress. These efficient methods are based on resilience characteristics
[28]. Resilience, as a popular field in recent years, studies and discovers individual abilities and
individual insights that lead to progress and resistance in difficult situations [29].

2.3 Research Objectives

1. Investigating the relationship between resilience and burnout of managers and employees of start-ups.

2. Investigating the relationship between stress of COVID-19 and resilience of managers and
employees of start-ups.

3. Investigating the relationship between stress of COVID-19 and burnout of managers and employees
of start-ups.

4. Studying of the relationship between demographic variables with resilience and burnout and stress of
COVID-19 among managers and employees of start-ups.

5. Design of artificial neural network including 10 input variables (five demographic variables including
age, gender, marital status, job experience and children, stress of COVID-19, exhaustion, cynicism,
professional efficiency, resilience) and burnout as output variables.

3 Materials and Methods

3.1 Design and Procedure
The present study is applied in terms of purpose and has a quantitative-cross-sectional approach. The

study population was the managers and employees of start-ups in the country. According to the latest
statistics available in the August 2021, 2223 start-ups are operating in the country. According to the
protocol for estimating the sample size for an unlimited statistical population, 384 people were selected as
the statistical sample. Samples were collected between early August 2021 and late September 2021.

3.2 Instruments
In this study, a questionnaire was used for collecting data.

Maslach Burnout Inventory-general survey (MBI-GS) [30]: This questionnaire includes
3 dimensions of exhaustion, professional efficiency and cynicism. Exhaustion includes 6 items (1, 2, 3, 4, 6),
professional efficiency includes 6 items (5, 7, 10, 11, 12, 16), and cynicism consists of 5 items (8, 9, 13,
14, 15). High exhaustion, low professional efficiency and high cynicism indicate burnout. To answer the
six-point Likert scale as follows: 0 for never, 1 for several times a year or less, 2 for once a month or less,
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3 for several times a month, 4 for once a week, 5 for several times a week and 6 for each day. Since the
questionnaire was standard, its validity and reliability are confirmed. According to Maslach and Jackson
(1981), the 22-item tool with Cronbach’s alpha was 0.9 for the exhaustion dimension, 0.79 for the cynicism
dimension, 0.71 for the professional efficiency dimension, and finally, Cronbach’s alpha for all items was
0.76 [30]. Also, in the present study, to confirm the validity was used the opinions of panel of experts, and to
confirm the reliability was used the pilot test, that Cronbach’s alpha calculated 0.82.

Brief Resilience Coping Scale (BRCS) [27]: This questionnaire includes 4 items on a Likert scale from
1 to 5. A score of 1 means “this item does not describe me at all” and a score of 5 means “this item describes
me completely”. In this questionnaire, a score of 17 or higher indicates high resilience. This questionnaire
also has validity and reliability due to its standardization [31] and Cronbach’s alpha for it is 0.86. Also in
the present study, a panel of experts was used to confirm the validity and a pilot test was used to confirm
the reliability. Cronbach’s alpha was calculated to be 0.83.

Researcher-made questionnaire for assessing stress of COVID-19: This questionnaire includes
questions related to demographic variables such as age, gender, marital status, job experience, and
children’s status, as well as 6 questions related to the assessment of stress caused by COVID-19. The
validity of this questionnaire was confirmed by a panel of experts and Cronbach’s alpha for its reliability
was calculated to be 0.79, which indicates the confirmation of the validity and reliability of the questionnaire.

Questionnaires were completed online. After approving the research protocol, managers and employees
of start-ups were asked to participate in this study. It should be noted that the research information was
reviewed confidentially.

3.3 Participants
The statistical samples tested in terms of demographic characteristics were described in Table 1.

Accordingly, 167 of the statistical samples (43.5%) were women and 217 (56.5%) were men. The mean
age of women was 40.43 years and the mean age of men was 42.84 years. Also, the average job
experience of women was equal to 11.86 years and the job experience of men was equal to 14.63 years.

133 women were married and 34 were single, and for men 131 were married and 86 were single. Finally,
100 women and 118 men had children (Table 1).

4 Data Analysis

The collected data were analyzed using SPSS software version 23 for descriptive statistics and
inferential statistics and MATLAB software for artificial neural network design. Accordingly, burnout
(presence vs. absence) with a nominal nature (presence of burnout = 0 and absence of 247 burnout = 1)
was selected as the output or dependent variable. Also, 10 inputs were selected as follows:

� 3 nominal variables including gender (women = 1 & men = 0), marital status (single/widow/
divorced = 0 & married = 1) and children (presence of child = 1 & no child = 0).

Table 1: A summary of the demographic characteristics of the statistical sample

Gender Number
(person)

Average
age (years)

Average job
experience (years)

Marital status (person) Children status (person)

Married Single Presence of child No child

Woman 167 40.43 11.86 133 34 100 67

Man 217 42.84 14.63 131 86 118 99

Total 384 41.64 13.25 264 120 218 166
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� Seven quantitative variables including age, job experience, stress of COVID-19, exhaustion,
cynicism, professional efficiency and resilience.

The characteristics recognition of a complex nonlinear system has some analytical and mathematical
solutions; using artificial neural networks (ANNs) is one of these solutions. As the idea of ANNs was
expressed since now, there are some types of them, which help engineers in wide ranges of applications
such as modeling, prediction, classification, clustering, pattern recognition, optimization and etc. [32].
The ANN type choosing depends on the issue that must be solved. Multi-layer perceptron (MLP) ANNs
have been used widely in many applications such as classification and especially prediction [33–35].
MLP is a feed-forward network with at least three layers: input layer, hidden layer and output layer.
Generally, the layers that are placed between the input and output layers can be more than one layers as
hidden layers [35]. Each layer contains many neurons with an activation function, and each neuron is
interconnected with weighted connections to neurons in the following layer, and also biased with a
constant value [35]. The train procedure is the way of calculating the networks weights and biases. There
are several methods for MLP training [32]. The number of hidden layers and neurons per hidden layers
are adjusted during the training process to balance model accuracy during training [35]. In this work,
Levenberg-Marquardt (LM) is applied to train the designed ANN. Because of many advantages [35,36],
the LM algorithm has become a popular candidate in ANN learning, especially for MLP networks. For
example, there are a small number of iterations with this algorithm. MATLAB software with version of
R2016a is performed to train the proposed network.

By considering the type of the problem in this work (ten inputs and one output), the prototype MLP
schematic with inputs of Ij (j is the number of inputs) and one output of Y can be illustrated as shown in
Fig. 1. Therefore, the output can be achieved from:

YðnÞ ¼
X

f nðy n� 1ð Þ:WinÞ þ bin (1)

Yð1Þ ¼
X

f 1ð Ij
� �

:Wi1Þ þ bi1 (2)

where, n, b, Wi and fn are the number of hidden layers, the bias term for each neuron, the weighting factors
and the activation function of the hidden layers, respectively. The equation related to the tansig activation
function is given below:

tansig nð Þ ¼ 2

ð1þ expð�2nÞÞ � 1 (3)

The designed MLP topology in this study has been illustrated in Fig. 2. This topology includes ten
inputs. The used inputs are: age, gender, job experience, marital status, children, stress of COVID-19,

f1
Wi1

bi1

f2
Wi2

bi2

fn
Win

bin

Ij Y

1st hidden layer 2nd hidden layer nth hidden layer

Figure 1: The prototype a MLP with one output
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exhaustion, cynicism, professional efficacy and resilience and the output is the burnout. The designed MLP
architecture contains one hidden layer. The only used hidden layer contains seven neurons.

The used data-set was obtained from questionnaires and were divided into two parts: 70% (269 samples)
as training data and 30% (115 samples) as testing data. The configuration of the designed network is
illustrated in Table 2. It should be noted that the validation set was hidden in training set. Training set is
presented to the network during training, and the network is adjusted according to its error. Validation set
is used to measure network generalization, and to halt training when generalization stops improving.
Testing set have no effect on training and so provide an independent measure of network performance
during and after training. Therefore, in this study 269 samples (70%) of data has been used for training
and 115 samples (30%) has been used for testing.
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Figure 2: Architecture of the designed MLP network

Table 2: The configuration of the designed network

ANN type MLP

No. of neurons in the input layer 10

No. of neurons in the 1st hidden layer 7

No. of neurons in the output layer 1

Number of epochs 500

Activation function applied for hidden neurons tansig

Activation function applied for output neuron purelin
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Many different architectures with different configurations were tested based on the below algorithm in
order to find the optimized structure:

� The data set is defined.
� The counter parameters are defined.
� The desired error is defined.
� The initial values of other parameters for breaking loops are set.

� Several nested loops are created in order to test all of the arcituctures.

� ANNs with different number of hidden layers, neurons, epochs and activation functions are tested in
created loops by usage of the defined counter parameters.

� The efficiency of network in each step is checked using the defined error.

� The best network with lowest error is saved.

5 Results

The following results have been obtained in order to meet the objectives of the research:

The results of Pearson correlation analysis showed that burnout has a direct and significant relationship
with exhaustion (rp = 0.594, p < 0.001) and cynicism (rp = 0.467, p < 0.001), but has a negative and
significant relationship with professional efficiency (rp = −0.322, p < 0.01). Also, there is a significant
negative relationship between resilience and burnout (rp = −0.222, p < 0.01), which means that with
increasing resilience, the level of burnout has decreased.

The results of inferential statistics showed that the rate of stress of COVID-19 was 6.24 among men and
8 among women, which indicates a higher level of stress in women than men. Also, this stress was
8.94 among married women with children and 7.97 among married men.

According to Pearson analysis, there is a significant inverse relationship between stress of COVID-19
and resilience, meaning that with increasing stress caused by COVID-19, the level of resilience decreases
(rp = −0.306, p < 0.01).

The relationship between stress of COVID-19 and burnout, based on statistical analysis, was direct and
significant, meaning that with increasing stress of COVID-19, the level of burnout also increased (rp = 0.499,
p < 0.001 ). Also, stress of COVID-19 has a direct and significant relationship with exhaustion (rp = 0.532, p
< 0.001), with professional efficiency has an inverse and significant relationship (rp = −0.200, p < 0.01) and
with cynicism has a direct and significant relationship. (rp = 0.427, p < 0.001).

The results obtained regarding the resilience of managers and employees of start-up showed that the
average resilience of women was equal to 11.86 and the average resilience of men was equal to 13.73.
Also, the resilience rate among married women with children was 9.44 and among married men with
children was 10.06. Finally, the resilience rate for single women was 15.76 and for single men was 17.77.
These results show that according to the standards of the resilience questionnaire where the number
13 and less indicates low resilience, it can be said that the level of resilience of single people is higher
than married people. According to the results, 194 people (about 50% of the statistical population) had
low resilience, 56 people (about 15% of the statistical population) had moderate resilience and
134 people (about 35% of the statistical population) had high resilience.

On the other hand, the results of inferential statistics show that 232 out of 384 people in the statistical
population (61%) have burnout syndrome (high exhaustion, low professional efficiency and high cynicism).
Of these, 115 are women and 117 are men. The results also show that burnout is higher among married men
and women (221) than single men and women. Finally, the mean scores of the exhaustion variable were 3.99,
the mean scores of the professional efficiency variable were 2.97 and the mean scores of the cynicism variable
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were 3.72, which were higher for the two variables of exhaustion and cynicism than the average for the Likert
scale and lower for the professional efficiency variable. It has been one of the average scores of the Likert scale.

In this section, the results obtained for the first four objectives of the study were described and the
relationship between demographic variables, dimensions of burnout, resilience and stress of COVID-19 was
described using descriptive and inferential statistics. In the following, the artificial neural network designed
with MLP technique is described, and the relationships between input and output variables are predicted.

A comparison between the MLP simulated results and the real results can be expressed as regression
plots for training and testing operations. The regression plots were shown in Figs. 3 and 4, respectively.
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Figure 3: The regression plot of training

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
-0.2

0

0.2

0.4

0.6

0.8

1

1.2

Real data

kro
wten

PL
M

yb
atad

d et cider
P

Correct prediction

Correct prediction

Wrong prediction

Figure 4: The regression plot of testing

832 IJMHP, 2022, vol.24, no.6



The real and predicted data for testing set were tabulated in Table 3 which shows the accuracy and
precision of the presented model for predicting the burnout for every people based on 10 input features.

As be seen in Table 3, only the sample number 13 has been recognized wrongly and the rest data has
been recognized correctly. In fact, 1 mistake in 384 samples show the very high precision of presented
model which could be used in various applications.

The defined prevalent errors are Mean Absolute Error percentage (MAE%) and Root Mean Square error
(RMSE) that are depicted in Table 4. The errors can be achieved with below equations [35]:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
XN
i¼1

Xi Realð Þ � Xi Pr edictedð Þð Þ2

N

vuuuut
(4)

MAE% ¼ 1

N

XZ
i¼1

Xi Realð Þ � Xi Pr edictedð Þj j (5)

where N is the number of data and ‘X (Real)’ and ‘X (Predicted)’ are real data and predicted data using MLP
network, respectively. There are very low obtained errors for the test data, which validate the proposed MLP
network to model the burnout based on age, gender, job experience, marital status, children, stress of
COVID-19, exhaustion, cynicism, professional efficacy and resilience.

The obtained results for burnout prediction using MLPNN and the detailed comparison with the real data
are shown for training and testing sets in Figs. 5 and 6. These graphs show the very high precision of the
presented model for burnout prediction.

6 Discussion

The aim of this study was to investigate the relationship between demographic variables, resilience,
COVID-19 and burnout with an artificial neural network design approach among start-ups in Iran. It was
necessary to address this issue in the impact of the stress of COVID-19 on the state and performance of
businesses and the mental state of managers and their employees. This issue has not been studied in other
researches in the country so far and therefore the theoretical gap in this field has been very serious.
Therefore, this research aimed at theorizing and reducing this theoretical gap with a practical purpose. For
this purpose, in this study, five main objectives were examined;

According to the results, more than 65% of the statistical sample had medium and low resilience levels
(16 and below). Also, 61% of the statistical sample have burnout. The rate of resilience is lower among
women than men. In addition, the results show that among married men and women with children, there
is the highest percentage of burnout. On the other hand, the rate of stress caused by COVID-19 is higher
among women than men and the highest rate (8.94) is allocated to married women with children.

According to Pearson correlation analysis, the relationship between stress of COVID-19 and resilience is
inverse and significant and with direct and significant burnout. Also, the relationship between resilience and
burnout is negative and significant. Neural network analysis also shows that people with older age and more
job experience who are married and have children have a higher rate of burnout, and this situation is more
pronounced among women. Therefore, with the help of this network, with very high accuracy, by entering
information about ten variables of age, gender, marital status, job experience and children, stress of
COVID-19, exhaustion, professional efficiency, cynicism and resilience, burnout status of managers and
explained and predicted the employees of start-up and to attract or not to attract them in the company,
designed an incentive system for employees, designed a targeted incentive system, redesigned the
employee evaluation system and the like.
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Table 4: The obtained errors of the designed MLP neural network

Errors Train Test

RMSE 2.9546E−06 0.0962

MAE% 9.7628E−07 0.0118
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Figure 5: Regression diagram and comparison of real data and predicted one for train data
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Figure 6: Regression diagram and comparison of real data and predicted one for test data
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Due to the fact that in research related to social sciences and humanities, less use is made of engineering
methods such as neural network design, the present study is innovative in terms of subject and methodology
and its results can be used by researchers and experts in the field. Business and entrepreneurship and
organizational behavior, engineering sciences and sustainability issues, students and managers and
employees of start-ups.

7 Conclusions

In this paper, a novel mathematical model based on MLP neural network was presented in order to
predict the burnout in start-ups. The required data was gathered using questionnaires and were divided
into two parts: 70% as training data and 30% as testing data. The best ANN architecture with lowest
error was found using trial and error. The presented model has 10 inputs, 1 output and 1 hidden layer
with 7 neurons. Age, gender, job experience, marital status, children, stress of COVID-19, exhaustion,
cynicism, professional efficacy and resilience were considered as inputs and the burnout was considered
as output. All of the training data was recognized correctly and only 1 mistake was occurred in the
testing set. The obtained MAE error was less than 0.012% which is very low value. The precision and
correction of the presented model was confirmed by the obtained results.
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