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Preface to ”Environmental, Health and Economic
Conditions during the COVID-19 Pandemic”

The spread of coronavirus disease 2019 (COVID-19), which started at the end of 2019, has

evolved as a global pandemic. Since the start of the pandemic, COVID-19 has overwhelmed

health systems worldwide, from crippling health resources to causing paradigms shifts in healthcare

delivery. The various strategies taken to control viral transmission including testing process,

quarantine, and isolation have had dire psychological and financial implications on individuals and

institutions. Furthermore, many countries have implemented lockdowns and other restrictions to

curb the virus’s spread resulted in disrupted formal education, unplanned fiscal costs on emergency

reliefs, and decreased productivity. Although these strategies to control viral transmission are widely

debated, the relative success of these strategies may depend on the concerted multi-sectoral efforts of

public health agencies across all level in a coordinated manner. Although the costs of enforcing these

control measures are enormous, the ongoing pandemic may have some indirect positive impacts.

Among them, locking down cities has brought a sudden drop in air pollution and carbon emissions.

These declines are mainly due to the close-down of transport, constructional works, and industrial

activities. The purpose of this Special Issue is to explore the environmental, health, and economic

dimensions of the effect of COVID-19, considering the multiple interactions between atmospheric

emissions, outdoor and indoor air quality, and health and economic conditions. In this context,

the most important issues in need of discussion are risk factors for transmission, disease severity,

and COVID-19 related deaths, effects of urban environments on the transmission and fatality of

COVID-19, impact of COVID-19 on health and economic outcomes, and impact of COVID-19 control

measure on air quality.

Dirga Kumar Lamichhane

Editor
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Abstract: The recent global pandemic of the novel coronavirus disease 2019 (COVID-19) is affecting
the entire population of Nepal, and the outcome of the epidemic varies from place to place. A district-
level analysis was conducted to identify socio-demographic risk factors that drive the large variations
in COVID-19 mortality and related health outcomes, as of 22 January 2021. Data on COVID-19
extracted from relevant reports and websites of the Ministry of Health and Population of Nepal,
and the National Population and Housing Census and the Nepal Demographic and Health Survey
were the main data sources for the district-level socio-demographic characteristics. We calculated
the COVID-19 incidence, recovered cases, and deaths per 100,000 population, then estimated the
associations with the risk factors using regression models. COVID-19 outcomes were positively
associated with population density. A higher incidence of COVID-19 was associated with districts
with a higher percentage of overcrowded households and without access to handwashing facilities.
Adult literacy rate was negatively associated with the COVID-19 incidence. Increased mortality was
significantly associated with a higher obesity prevalence in women and a higher smoking prevalence
in men. Access to health care facilities reduced mortality. Population density was the most important
driver behind the large variations in COVID-19 outcomes. This study identifies critical risk factors of
COVID-19 outcomes, including population density, crowding, education, and hand hygiene, and
these factors should be considered to address inequities in the burden of COVID-19 across districts.

Keywords: COVID-19; district-level analysis; risk factors; Nepal

1. Introduction

The spread of coronavirus disease 2019 (COVID-19), which is caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), has evolved as a global pandemic [1].
As of 17 December 2021, more than 271 million confirmed cases were reported worldwide,
and more than 5.3 million people have died due to COVID-19 [2]. This pandemic has
posed further threats to people due to the emergence of the number of novel SARS-CoV-2
strains with unknown original hosts [3,4]. Several studies have been conducted to better
understand the risk factors associated the spread and severity of COVID-19 infections.
Research indicates that the risk of disease spread and deaths are influenced by several
characteristics, such as socio-demographic factors [5], behavioral traits [6], and pre-existing
health conditions [7]. However, the risk factors impacting the spread and severity of
COVID-19 infections are inconsistent across studies, and they vary from place to place [8,9].
Therefore, studies focused on the local-level transmission of this disease are necessary
for identifying the main drivers of disease spread that are suitable to contain the current
pandemic in this specific region.

In Nepal, the first case of COVID-19 was confirmed on 23 January 2020 in a 32-year-old
Nepalese man who had recently returned from Wuhan, China [10]. On 24 March 2020,
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the Government of Nepal implemented a strict lockdown, including business closures,
restrictions on movement within the country, and flights in and out of the country [11].
The rate of spread of the disease was relatively low until mid-July 2020 [12], possibly
because of the early nationwide lockdown. The government aggressively initiated a border
screening policy to quarantine people traveling to Nepal from abroad, and provincial
governments put in place targeted action on quarantine facilities and travel protocols.
Nepal has faced multiple epidemic waves, with three distinct surge periods of COVID-19
cases: low (20 May to 25 June 2020), medium (22 July to 20 September 2020), and high
(post-16 September 2020); these waves were due to an increase in susceptible population
flow following the border opening (~20 May 2020), lockdown ending (~21 July 2020),
and countrywide travel opening (~20 September 2020), respectively [13]. There was a
rapid increase in the number of confirmed COVID-19 cases following the lifting of travel
restrictions in many districts. As of 16 September 2020, a total of 58,327 cases were reported,
and cases reached 268,948 on 22 January 2021 (end of the study) [14]. Despite a rapid spread
of COVID-19, Nepal had high recovery rate, about 98%, as of 22 January 2021 [15], and a
relatively low case fatality rate (CFR); the CFR was 0.6% up to 8 October 2020 [16].

The Nepalese government ended a country-wide lockdown on 21 July 2020 [13] and
called for various preventive interventions on hand hygiene, health, and social distancing
to be designed and implemented [17], possibly prioritizing areas at elevated risk. Washing
hands with soap and running water is one of the best preventive measures to protect
individuals and prevent the community from COVID-19 transmission [18]. In addition,
population density and household crowding have emerged as important risk factors for
COVID-19 transmission [8,9,19]. A previous study reported geographic variation in the
pandemic trends in Nepal and suggested regional strategies along with the national-level
strategy to control the local spread of COVID-19 [13]. Therefore, it is critical to understand
the risk factors at the district level that are associated with widespread infection, severity
of illness, and mortality. Representative data on the risk factors for COVID-19 mortality
are lacking in Nepal. However, a recent nationally representative household survey and
census data can be leveraged to find the risk factors for both the spread and severity of
COVID-19 infections.

This study aims to examine the district-level socio-economic and demographic risk
factors associated with the spread and severity of COVID-19 in Nepal. Identification of
such risk factors can assist health policy makers in resource allocation decisions, provide
evidence regarding the effectiveness of population health measures, and assist in develop-
ing a targeted, evidence-based response strategy to reduce the risk of subsequent waves of
infection at a local level.

2. Materials and Methods
2.1. Data Extraction

Publicly available information on COVID-19-related health outcomes, consisting of
the total number of cases, recovered cases, and deaths in all districts of Nepal, were
assessed from the official websites of the different ministries of Nepal and previous
studies [14,15,20,21]. For this study, we considered one year after the first case of COVID-19
was detected in Nepal (23 January 2020) as the final data capture point (22 January 2021).

Data for socio-demographic and health-related characteristics for each district were
captured through various sources. These included per capita income based on purchasing
power parity (2011) [22], the total population projection for 2021 [23], the age and gender
distribution of the population [24], the population density (people per km2) [24], the adult
literacy rate (2011) [22], and sanitation coverage (2011) [22].

For health indicators, we utilized data from the Nepal Demographic and Health
Survey 2016 (NDHS 2016), a cross-sectional survey of 12,862 women and 4063 men in
11,040 households with a response rate of 98% of women and 96% of men. Details of
the 2016 NDHS have been previously published [25]. Briefly, the survey was conducted
from 19 June 2016 to 31 January 2017, and the sampling frame was based on the National
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Population and Housing Census 2011 (NPHC 2011), which was conducted by Nepal Central
Bureau of Statistics [24]. The NPHC 2011 and NDHS 2016 were based on the 75 districts
of Nepal. The eligible study population for the NDHS 2016 included all men or women
aged 15–49 years who were permanent residents of the selected household or visitors who
stayed the night in the households the night before the survey. The NDHS sampling and
sample size were guided by the need to produce indicators that were representative at the
district level. The survey included various socio-demographic, health, and family planning
indicators. The survey used a two-stage stratified sampling design in rural areas and a
three-stage design in urban areas. In both rural and urban areas, wards formed the primary
sampling units (PSUs). Households were selected from the sample PSUs in rural areas,
whereas one enumeration area (EA) was selected from each PSU in urban areas, and then
households were selected from the sample EAs. PSUs were selected with a probability
proportional to size, and households were selected using systematic sampling. We included
only 73 districts for this study, as the health indicator data for the remaining two districts
were not available.

2.2. COVID-19 Incidence and Mortality

The outcome variables of interest were the COVID-19 confirmed cases, recovered
cases, and deaths as of 22 January 2021. For all districts of Nepal, we computed the
total counts of confirmed cases per 100,000 persons (i.e., incidence), recovered cases per
100,000 persons, and deaths per 100,000 persons using the district-level population for the
year 2021, which was projected from the census of 2001 and 2011 [23]. The district-level
CFR was calculated by dividing the number of coronavirus deaths in the district by the
total number of district cases.

2.3. Social Risk Factors

District-level social factors included population density, household crowding, sex
ratio, proportion of elderly people, adult literacy rate, and per capita income. Population
density was defined as persons per square kilometer in each district. Population density
is considered as a proxy for the increased likelihood of crowded living environments and
may increase the risk of COVID-19 transmission at a regional level [19]. According to the
World Health Organization (WHO), household crowding is defined as the presence of
more than three people per habitable room [26]. Household crowding has emerged as an
important risk factor since spending a long period of time in close vicinity of an infected
person significantly increases the risk of COVID-19 transmission [27]. In line with the WHO
definition, we defined household crowding as the percentage of the households of a district
who lived in homes with more than three people per room for sleeping. In our study, the
percentage of household crowding was created using two variables from the household
questionnaire of the NDHS 2016: the number of usual household members and visitors and
the number of rooms used for sleeping. Furthermore, the sex composition of a population
is indicated by the sex ratio, which was calculated as a ratio of total number of males to that
of females multiplied by 100, indicating males per 100 females. In addition, we calculated
the percentage of the total population of a district that was 60 years and above using the
NPHC 2011. Older people are at higher risk of complications from COVID-19 [28]. In
Nepal, 58.7% of deaths due to COVID-19 (data cutoff of 22 January 2021) were observed in
elderly people (≥60 years) [15].

The level of literacy is a key social and economic indicator and has an important role
in health communication. We obtained district-level adult literacy rates for 2011 from
the Nepal Human Development Report by the United Nations Development Program
(UNDP) [22]. The adult literacy rate was calculated as the ratio of literates, who can read
and write, aged 15 years and above, by the corresponding age group of the population.
In addition, the district-level per capita income in terms of purchasing parity per person
(PPP) for 2011 was used to indicate the economic status of people and was obtained from
the Nepal Human Development Report by the UNDP [22].
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2.4. Factors Related to Hand Hygiene

Hand hygiene has become important in preventing the spread of COVID-19. In
general, handwashing prevents germs from entering the body when people touch their
eyes, nose, and mouth, as well as food and drinks [29]. The lack of access to handwashing
facilities was defined as the percentage of the population of a district with no access to
basic handwashing facilities at home, including soap and water [30]. We used the NDHS
2016 to estimate the percentage of the whole sample without basic handwashing facilities.
The variable was constructed using three household questions related to handwashing
facilities: (1) whether a handwashing facility was observed in the dwelling, (2) whether
water was present at the handwashing facility, and (3) whether soap or detergent was
present at the handwashing facility. We created a binary variable from these questions, and
coded “1” if the handwashing facility was not observed or if there was either no water or
no soap present and “0” otherwise. We estimated the absolute counts of people without
access to handwashing facilities in each district. The percentage of people without access
to handwashing facilities was calculated by dividing the absolute counts in each district by
the number of the whole NDHS sample in each district multiplied by 100.

2.5. Health-Related Factors

The biomarker questionnaire of the NDHS 2016 collected measures of blood pressure
(using an Omron Blood Pressure Monitor), height, and weight. We defined obesity as
the percentage of eligible men or women (% of 15–49 years old) in a district with a body
mass index, which was calculated as the ratio of weight in kilograms by the square of
height in meters, equal or greater than 30. Hypertension was defined as the percentage
of eligible men or women (% of 15 years and above) in a district that had systolic blood
pressure > 140 mm Hg or diastolic blood pressure > 90 mm Hg. We excluded implausible
values for blood pressures, such as systolic blood pressure above 250 or below 60 or diastolic
blood pressure above 140 or below 40. We also obtained information on the access to health
facilities at a district level using the NDHS 2016, which was defined as the percentage of
households within 30 min walking distance of a government health facility. The access to a
health facility reflects the availability of healthcare services in an emergency. In addition, we
defined smoking as the percentage of men or women (% of 15–49 years old) who smoked
cigarettes daily (manufactured or hand-rolled). The NDHS 2016 recorded daily cigarette
smoking for all participants aged 15–49 years who were interviewed. In order to estimate
the percentage of these risk factors (i.e., obesity, hypertension, access to a health facility,
and smoking) at district level, we created a binary variable for each risk factor, indicating
whether an individual experiences the risk factor. We calculated the percentage of a risk
factor by dividing the number of people experiencing the risk factor in each district by the
sample size for the risk factor in each district multiplied by 100.

2.6. Statistical Analysis

The unit of analysis was district in our analysis, and the baseline information on each
district was reported as means, standard deviations, and proportions. A locally weighted
scatterplot smoothing (LOWESS) curve was plotted to show the relationships between
potential risk factors and COVID-19 outcomes per 100,000 people.

We applied a multiple linear regression to estimate the best fit regression equations
and to assess the amount of variation that can be explained by the risk factors, assuming
independent noise terms, all with an identical normal distribution. We built several main
effects multivariable regression models to identify the factors significantly associated with
the COVID-19 cases, recovered cases, and deaths per 100,000 people. In order to reduce
overfitting caused by the limited sample size (n = 73 districts), the potential predictors
for model development were first identified by a univariable screening process with a
pre-set p-value of 0.25. This approach is recommended for removing weak predictors [31].
Then, we used a backward stepwise elimination approach, based on a likelihood ratio test,
to select the final set of covariates for retention in the COVID-19 outcome models. All
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models were robust to heteroskedasticity (Breusch–Pagan test), and multicollinearity was
not observed, as measured by the variance inflation factor (VIF < 3).

A Poisson regression model is typically used to evaluate count data. In our study, an
initial assessment of the outcome variables indicated considerable overdispersion, meaning
that the variance exceeded the mean. Therefore, a negative binomial regression model
was used to estimate the rate ratio (RR) of the risk factors for COVID-19 outcomes. The
outcome variables were the total number of COVID-19 cases, recovered cases, and deaths.
The population size for each district was included as an offset to estimate the standardized
RR: a value < 1 indicates a decreased likelihood and a value > 1 indicates an increased
likelihood of the event under investigation. We assessed overdispersion in each model
using a likelihood ratio test, which compares the negative binomial model to a Poisson
model. A statistically significant p-value for chi-square with one degree of freedom indicates
the presence of overdispersion.

Furthermore, we employed restricted cubic spline models to examine potential non-
linear associations between the covariate that explain large variations in the linear regres-
sion model, COVID-19 case rates, and other outcomes. To provide enough flexibility to the
model and to make the model less sensitive to the smallest fluctuations, we prespecified
the use of three knots [32].

Additionally, to validate the model, we randomly split the data into training and vali-
dation sets using a 60/40 split and evaluated the model in both the training and validation
sets. Adjusted R2 and McFadden’s pseudo R2 were used to assess the model performance
in the linear regression and negative binomial regression, respectively. All the statistical
analyses were conducted using Stata v.17.0 (Stata Corp., College Station, TX, USA).

3. Results

The descriptive statistics of the outcome and exposure variables for the 73 districts
are summarized in Table 1. As of 22 January 2021, the average rates for case fatality and
recovery were 1.2% and 97.2%, respectively. The proportion of the population aged 60 and
above was 6.1%, and it ranged between 1.8% and 13.7% among the districts of Nepal. The
population density (number of persons per square kilometer) varied from 4.7 in Dolpa
district to 4415.8 in Kathmandu district. Household crowding, across districts, ranged
between 3.3% and 37.9%, while the adult literacy rate ranged from 16.0% to 66.1%. A
wide variation across districts was observed for the prevalence of individuals who did not
have access to a handwashing facility (mean 60.9%; range 9.8% to 100%). Furthermore, the
prevalences of obesity in women and smoking in men were 3.6% and 18.9%, respectively.

Table S1 presents confirmed, recovered, and deceased cases by district for the entire
study period (23 January 2020 to 22 January 2021). As of 22 January 2021, 268,948 COVID-19-
positive cases were reported, with 263,546 recovered, and 1986 deaths. The confirmed cases
of COVID-19 were distributed throughout the country in all the administrative districts.
Among the 73 districts included in the analysis, the total number of confirmed cases was
highest in Kathmandu district (n = 103,523), followed by Lalitpur (n = 16,106) and Morang
(n = 13,236) districts, and was lowest in Mugu (n = 37), Humla (n = 44), and Dolpa (n = 60)
districts. The highest number of cases was reported in the age group 21−40 years (53.18%,
n = 143,039) (Figure 1A); however, the number of deaths was higher in the age group 61−80
(Figure 1B).

In Nepal, the overall rate of cases, recovered cases, and deaths were 881.04, 863.35,
and 6.51 per 100,000 people (Table S1), indicating that 11.18 cases per 100,000 people had
continuing illness when the data collection was stopped. The distribution of COVID-19
outcomes varied across districts in Nepal (Figure 2). The top 10% of districts by incidence
accounted for 36% of the cases, whereas the lowest 10% of districts by incidence accounted
for only 1.8% (Figure 2A). The highest COVID-19 incidence was 4499 per 100,000 (Table S1).
The top 10% of districts by mortality accounted for 35% of all COVID-19 deaths (Figure 2C).
The highest rate of COVID-19 mortality was 32 per 100,000 (Table S1). In addition, we
conducted an analysis using province-level data to show interprovincial variation in the
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COVID-19 outcomes. Among the provinces, Bagmati province had the highest average rate
of confirmed cases (1191 per 100,000), recovered cases (1164 per 100,000), and deaths (9 per
100,000) in Nepal, followed by Gandaki and Lumbini (Figure 2D–F).

Table 1. District-level characteristics of the study population.

Characteristics Mean SD Min Max

COVID-19 infection characteristics
Number of cases 3756.37 12,240.46 37 1035.23

Number of recovered cases 3677.27 11,902.28 35 1005.84
Number of deaths 27.18 86.66 0 738

Cases per 100,000 population 552.29 649.21 56.83 4499.26
Recovered cases per 100,000 population 540.26 635.53 53.76 4371.53

Deaths per 100,000 population 4.55 4.94 0.00 32.07
Case fatality rate (%) a 1.20 1.46 0.00 9.09

Recovery rate (%) a 97.21 2.53 84.09 99.72
Socio-demographic and health-related characteristics

Population density (people per km2) 320.59 595.48 4.65 4415.80
Household crowding (%) 17.05 7.48 3.33 37.93

Sex ratio (number of males/females × 100) 91.99 7.77 76.02 109.84
Percentage aged ≥ 60 years 6.13 2.38 1.82 13.74

Obesity prevalence (%)
Women 3.59 3.98 0.00 19.30

Men 1.86 2.12 0.00 8.43
Smoking prevalence (%)

Women 5.36 5.37 0.00 20.93
Men 18.85 10.53 0.00 61.54

No access to handwashing facilities (%) 60.90 20.19 9.76 100
Adult literacy rate (%) 42.76 11.42 15.96 66.11

Access to a health facility (%) 39.85 24.70 0.00 84.62
Per capita income (USD) 1039.71 360.30 487.00 2764.00

a Calculated by dividing the number of events by the total number of reported cases. USD, United States Dollar.
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The COVID-19 incidence and mortality per 100,000 are plotted as a function of district-
level predictors using the bivariate smoother (“LOWESS”) for each predictor (Figure 3).
The five predictors, including population density, obesity in women, sex ratio, no access
to handwashing facilities, and per capita income, showed positive associations with the
COVID-19 incidence and mortality per 100,000 people.
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The findings of the multivariable regression analysis to identify factors associated
with COVID-19 incidence and recovered cases are presented in Table 2. The predictors
significantly associated with the COVID-19 incidence in both the linear and negative
binomial regressions were population density, household crowding, obesity prevalence in
women, and adult literacy; access to basic handwashing facilities at home was significantly
associated with the COVID-19 incidence per 100,000 people only in the linear regression
model. There was a positive association of COVID-19 incidence rate with the population
density (RR = 1.38; 95% CI: 1.09, 1.76), household crowding (RR = 1.04; 95% CI: 1.01, 1.06),
and the prevalence of obesity in women (RR = 1.07; 95% CI: 1.02, 1.13), where higher values
of these variables were associated with a higher number of detected cases. In contrast,
those with higher levels of literacy had a significantly lower incidence rate (RR = 0.97; 95%
CI: 0.96, 0.99). When the analysis was continued with the outcome variable of recovered
cases, population density (RR = 1.63; 95% CI: 1.18, 2.24) and adult literacy (RR = 1.03; 95%
CI: 1.00, 1.06) were positively associated with an increased number of recovered cases
(Table 2). When COVID-19 mortality was assessed, variables significantly associated with
an increased COVID-19 mortality rate were population density, obesity in women, and
smoking in men (Table 3). The linear regression model showed that geographic accessibility
to healthcare facilities was negatively associated with deaths per 100,000 people.

Table 2. Multivariable linear regression and negative binomial regression analyses on COVID-19 case
diagnosis and successful resolution of disease.

Variables
Linear Regression Negative Binomial Regression

β (95% CI) RR (95% CI)

Incidence a

Population density 0.689 (0.571, 0.806) *** 1.38 (1.09, 1.76) c **
Household crowding (%) 15.18 (5.86, 24.51) ** 1.04 (1.01, 1.06) **

Obesity prevalence in women (%) 45.74 (13.87, 77.60) ** 1.07 (1.02, 1.13) **
Smoking in men (%) 3.00 (−1.65, 7.66) 1.00 (0.98, 1.01)

No access to handwashing facilities (%) 5.52 (0.698, 10.35) * 1.00 (0.99, 1.01)
Adult literacy (%) −15.32 (−22.43, −8.22) *** 0.97 (0.96, 0.99) **

Percentage aged ≥ 60 years −11.86 (−34.61, 10.90) 0.98 (0.93, 1.03)
R2/McFadden’s Pseudo R2 0.874 0.047

Recovered cases b

Population density 0.752 (0.618, 0.887) *** 1.63 (1.18, 2.24) **
Sex ratio 3.92 (−13.59, 21.44) 1.01 (0.98, 1.04)

Adult literacy (%) 16.42 (0.744, 32.09) * 1.03 (1.00, 1.06) *
Access to a health facility (%) −0.073 (−2.83, 2.68) 1.00 (0.99, 1.01)

Per capita income (USD) 0.198 (−0.104, 0.500) 1.08 (0.53, 2.22) d

Percentage aged ≥ 60 years −7.42 (−39.80, 24.97) 0.99 (0.92, 1.07)
R2/McFadden’s Pseudo R2 0.826 0.037

* p < 0.05, ** p < 0.01, *** p < 0.001. a Dependent variable: cases per 100,000 population in the linear regression
model and the number of confirmed cases in the negative binomial regression model. b Dependent variable:
recovered cases per 100,000 population in the linear regression model and the number of recovered cases in the
negative binomial regression model. c For every 1000 population. d For every thousand dollars increase in per
capita income.

Older age (aged ≥ 60 years) was not a significant factor in the multivariable models
that included population density, sex ratio, obesity in women, smoking in men, access
to a health facility, and per capita income as explanatory variables (Table 3). However,
after omitting the lifestyle factors (smoking and obesity), the association between older
age and COVID-19 mortality became significant in the negative binomial regression model
(RR = 1.16; 95% CI: 1.01, 1.32). Further analysis revealed significant interactions between
older age and sex ratio in COVID-19 mortality (p for interaction = 0.047).

Furthermore, we assessed the demographic and health-related indicators that had
significant predictive power in our model. The correlation analysis (Table S2) suggested
that population density was the most important explanatory variable in the model. Indeed,
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it independently explained 76% of the variation in COVID-19 incidence (per 100,000 popu-
lation) in the linear regression model (Table S3). However, a significantly superior fit was
obtained by adding the remaining explanatory variables (Table 2). This model accounted
for 87% of the variation in the incidence. Population density continued to be the main deter-
minant of the recovered cases and deaths per 100,000 people (Table S3). The multiplicative
interaction between population density and household crowding was not significant for
deaths per 100,000 population (p = 0.960), and the interaction terms showed a marginal
level of significance for cases and recovered cases per 100,000 population (p = 0.080 and
0.078, respectively).

Table 3. Multivariable linear regression and negative binomial regression analyses on COVID-
19 mortality.

Variables
Linear Regression a Negative Binomial Regression b

β (95% CI) RR (95% CI)

Population density 0.006 (0.004, 0.007) *** 1.42 (1.07, 1.88) c *
Sex ratio −0.047 (−0.191, 0.096) 0.99 (0.97, 1.03)

Obesity prevalence in women (%) 0.293 (−0.033, 0.618) + 1.06 (1.00, 1.14) *
Smoking in men (%) 0.073 (−0.002, 0.148) + 1.01 (1.00, 1.03) *

Percentage aged ≥ 60 years −0.107 (−0.506, 0.293) 0.97 (0.88, 1.06)
Access to a health facility (%) −0.040 (−0.080, −0.001) * 1.00 (0.99, 1.004)

Per capita income (USD) 0.001 (−0.003, 0.004) 1.20 (0.54, 2.65) d

R2/McFadden’s Pseudo R2 0.566 0.030
+ p < 0.1, * p < 0.05, *** p < 0.001. a Dependent variable: deaths per 100,000 population. b Dependent variable:
number of deaths due to COVID-19. c For every 1000 population. d For every thousand dollars increase in per
capita income.

We found a linear association between population density and COVID-19 cases, recov-
ered cases, and deaths per 100,000 population (Figure 4). Figure 4A displays the relative
increase in the incidence associated with the population density. In the study period, the in-
cidence was higher in the areas with high density, and a rapid increase in the incidence was
observed in the areas with a population density over 153.3 (log population density = 5.03).
Figure 4C presents the number of deaths per 100,000 people and its association with popu-
lation density. COVID-19 mortality risk was positively associated with population density;
a significant increase in mortality was observed in the areas with a population density
over 153.3.
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Figure 4. Associations of log-transformed population density with COVID-19 cases (A), recovered
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The reference population density for these plots (with RR fixed as 1.0) is 5.03. The histograms show
the distribution of the log-transformed population density.
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Evaluation of the prediction model on the training and validation data using the linear
regression model is shown in Figure 5. The scatter plots show that the model performed well
in both datasets. However, the performance was better for training data, with adjusted R2 of
0.914, 0.894, and 0.584 for COVID-19 cases, recovered cases, and deaths (per 100,000 people),
respectively. The scatter plots of the observed counts against the model-predicted counts
using a negative binomial regression are shown in the Supplementary Materials (Figure S1).
The values of the adjusted Pseudo R2 indicated that the model performance was better for
training data, which is consistent with the linear regression model.
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4. Discussion

This is the first study to examine the risk factors associated with COVID-19-related
health outcomes in Nepal. We found the districts that were vulnerable to the spread of
COVID-19 in the study period due to high population density, the percentage of people
living in crowded households, the percentage of people without access to basic handwash-
ing facilities in their homes, and the percentage of adult literacy. Furthermore, higher
COVID-19 transmission was associated with obesity in women. The mortality risk of
COVID-19 was also generally higher in high-density areas. In addition, higher prevalences
of obesity in women and smoking in men were associated with higher mortality rates,
whereas access to a health facility was associated with a lower mortality rate. Population
density was identified as the most important demographic variable associated with the
large variation in COVID-19 transmission in our study.

Our finding of a positive association between population density and COVID-19
transmission is consistent with the existing literature [8,33]. The underlying mechanism
for the association with population density is related to increased transmission of saliva,
respiratory droplets, and or aerosol between individuals when people are in close physical
proximity [34,35]. Furthermore, we found that household crowding was associated with
higher COVID-19 transmission. Relatively few studies have examined the impact of
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household crowding, as opposed to household size. In the United States, an analysis of
data from 91 counties in New York, New Jersey, and Connecticut found that people with
more crowded households were more likely to contract COVID-19 infections [8]. Household
crowding can increase the risk of exposure to coughs, sneezes, and food sharing, which have
been considered as dominant risk factors for COVID-19 transmission [36]. Overcrowding is
a common residential situation in Nepal due to small housing units, particularly for urban
residents and large families. Therefore, improvement of overcrowded living conditions
would reduce the high transmission of COVID-19.

We found a positive association between the lack of access to handwashing facilities
and COVID-19 transmission. Limited access to handwashing facilities increases the risk of
transmission from hands to eyes or mouth and may promote the spread and magnitude
of the COVID-19 pandemic. Previous research showed that handwashing could reduce
the transmission of respiratory viruses by 45−55% [37]. According to the WHO and
UNICEF [38], the frequent washing of hands using water and soap could help contain the
spread of COVID-19. Therefore, it is crucial to distribute hand sanitizers to those districts
without access to handwashing facilities. Furthermore, our finding showed that areas with
higher adult literacy rates were less vulnerable to COVID-19 spread. Potential reasons
for the association might include higher rates of compliance with COVID-19 preventive
measures among literate people, which may slow COVID-19 transmission [39].

Health-related lifestyle factors, such as obesity in women and smoking in men were
significantly associated with the mortality rate in our study. Obesity has been identified as
one of the key risk factors associated with COVID-19 deaths [40]. Our finding is consistent
with a previous study that suggested a stronger risk of COVID-19 mortality in obese women
than men [41]. Furthermore, we found a higher frequency of deaths in districts with a
higher smoking prevalence in men. This finding is consistent with research showing higher
risks of COVID-19-related death among current smokers [42]. In our study, the prevalences
of obesity in men and smoking in women were not significantly associated with COVID-19
mortality; however, we cannot fully explore gender-specific differences in obesity and
smoking for COVID-19 outcomes with this data, and further research should investigate
how gender differences in COVID-19 outcomes vary regionally.

In addition, our study showed that the physical accessibility of medical services,
which indicates the capability of a population to obtain health care services [43,44], was
significantly associated COVID-19 mortality: areas with a lower percentage of health facili-
ties within 30 min walking distance were likely to have a higher mortality rate. Previous
research reported that limited or poor access to healthcare was associated with increased
COVID-19 deaths [45]. People in areas with poor access to health facilities may delay re-
ceiving COVID-19 testing and diagnosis or even forgo being tested, and may, consequently,
turn to medical care only in the advanced stages, which may result in poor outcomes.

Previous studies suggested that mortality due to COVID-19 was significantly higher
in older people [46,47]. In our study, older age was significantly associated with a higher
risk of COVID-19 mortality in the model adjusted for population density, sex ratio, access
to a health facility, and per capita income. When the model was additionally adjusted
for lifestyle factors, the association remained insignificant. In addition, the interactions
between older age and sex ratio were significant in COVID-19 mortality. Our findings
suggested a complex interplay of age, sex, and lifestyle factors in explaining the high
mortality rate of COVID-19. Previous research highlighted a differential risk of COVID-19
mortality according to age, sex, and lifestyle factors [48,49]. However, further study using
individual-level data are needed to confirm how age, sex, and lifestyle factors and their
interactions contribute to the variations in the COVID-19 outcomes.

There are several limitations to this study. First, our study used district-level determi-
nants. Therefore, the results of this study can only suggest associations between risk factors
and COVID-19 outcomes at the district level but cannot be interpreted as the associations
at the individual level. Second, the patient-level information was unavailable. Thus, the
spread pattern of COVID-19 among specific sub-populations, such as among age, sex, and
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ethnicity subgroups, which might be associated differently with the other risk factors, could
not be determined. Third, because of data limitations, we could not estimate district-specific
data on the prevalence of clinical risk factors of COVID-19, including asthma, congestive
heart failure, and cerebrovascular diseases. However, using the NDHS 2016 data, we pro-
vided available clinical risk correlates related to hypertension and obesity across districts.
It should be noted that the estimates presented for these risk factors only apply to adults
aged 15–49 years in the district, and not the entire district population. Finally, there is a
possibility of bias due to the time elapsed between the current crisis and the collection of
our data. However, the NPHC 2011 and NDHS 2016 are the main data sources in this study
and are the most reliable data on the district-level demographic characteristics of Nepal,
and major changes in the relative distributions of these measures are unlikely.

5. Conclusions

This study using district-level data from Nepal suggests that populations living in
high-density areas may be more vulnerable to COVID-19 spread, as well as mortality. In
addition, health- and sanitation-related population features, such as smoking prevalence,
obesity rate, and access to a health facility and handwashing facility, may be contributing
factors to the disparities in COVID-19 outcomes across districts. This study can provide a
baseline for evaluating local level epidemic factors and designing policies for the control of
local COVID-19 outbreaks.
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predicted COVID-19 cases (A and B), recovered cases (C and D), and mortality (E and F) for training
and validation datasets using the negative binomial regression.
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Abstract: During the COVID-19 pandemic, many factors have simultaneously affected people’s
psychological distress (PD). The most commonly studied types of factors have been those relating
to health risks involving SARS-CoV-2 infection and sociodemographic factors. However, financial
changes at both the national and global levels and these changes’ influences on people’s personal
finances constitute another group of factors with the potential to cause symptoms of anxiety and
depression. A correlation study of 1135 working adults in Poland was conducted to analyze the roles
of a wide range of financial variables in explaining the extent of people’s PD during the pandemic.
Three groups of financial factors predicted PD over and above sociodemographic variables and
COVID-19 health-related factors: a person’s objective financial situation, their subjective financial
situation, and their individual financial disposition, the last of these being the most important. The
present study adds to the current state of knowledge by showing that financial variables explain
a significant portion of variance in PD over and above sociodemographic and COVID-19 health-
related factors. Moreover, the study also identified individual financial variables that were capable of
predicting people’s psychological distress during the pandemic.

Keywords: psychological distress; depression symptoms; anxiety symptoms; financial variables;
COVID-19 pandemic

1. Introduction

The COVID-19 pandemic has had a significant impact on almost all areas of people’s
lives. In addition to the threat it has posed to people’s physical health and lives, it has
been associated with a number of other burdens. In response to the developing health
threat, governments have introduced numerous measures, such as social distancing, closing
borders, banning gatherings, closing selected industries, and mandating remote learning
and working. Moreover, the circumstances surrounding the pandemic have directly and
indirectly affected people’s mental health. It has already been shown that the pandemic
has increased psychological distress (PD) [1,2], which is commonly defined as a state
of emotional suffering characterized by symptoms of depression and anxiety [3]. The
stress–distress model postulates that PD occurs when a stressful event threatens a person’s
physical or mental health and they are unable to cope with the stressor effectively, emotional
discomfort being the result of this ineffective coping [4]. The COVID-19 pandemic has been
one such stressful event. A meta-analysis conducted by Cénat et al. [1] showed depression
to be over three times more prevalent during the pandemic (occurring in 15.97% of people)
than it was prior to the pandemic (4.4% of people) and the prevalence of anxiety to be
four times higher (15.15% compared to 3.6%). Given these observations, to understand
the pandemic’s effects on PD, it is important to determine the factors that may provide
protection or constitute a threat with respect to people’s susceptibility to experiencing
symptoms of depression and anxiety.
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During the pandemic, many different factors may have had a simultaneous influence
on psychological distress. Previous research has shown that a higher infection risk (e.g., the
number of suspected/confirmed COVID-19 cases in a geographical location) and increased
risk of developing a severe infection (having a pre-existing physical condition or worse
general health) are predictive of a greater severity of PD [5]. Experience with COVID-19 is
also an important risk factor for PD, and a study of Cai [6] showed that the severity of PD
is particularly high in people who have developed COVID-19.

Moreover, other research has identified the important roles of sociodemographic
variables such as gender, age, place of residence, and educational level in explaining
people’s tendency to experience symptoms of depression and anxiety [5,7–9]. Studies
have indicated that women have been at increased risk of developing psychopathological
symptoms during the pandemic [7,10] and that this may be related to the fact that they
are more likely than men to work in positions with a high risk of SARS-CoV-2 infection
(the virus that causes COVID-19), e.g., nurses, shop assistants, kindergarten teachers,
beauticians, and hairdressers. Previous work also showed that being of an older age was
protective against psychological distress during the pandemic [11], and it is likely that
losing a job and/or uncertainty resulting from the restrictions introduced may have been
particularly stressful for people under 40 years of age due to the increased likelihood of
them being caretakers of children or older family members. Moreover, emerging adults
(18–29 year olds) may have been particularly at risk of PD, because mandatory social
distancing, isolation from people outside their household, and restrictions on movement
and travel are likely to have interfered with their need to build their autonomy and maintain
friendships and romantic relationships [8]. Place of residence is a further sociodemographic
factor that has been connected with PD during the pandemic, the research indicating
that people living in rural areas have been at greater risk of PD compared to those living
in urban areas [5]; this may be because of inferior medical, economic, and educational
infrastructure in rural areas [12]. Another factor that may be indirectly related to the greater
incidence of PD in people living in rural areas is socioeconomic status, including lower
levels of education; the meta-analysis of Wang et al. [5] showed that less well-educated
people are likely to have been at risk of developing symptoms of depression and anxiety
during the pandemic.

As shown above, both COVID-19 health-related variables (number of suspected/confirmed
COVID-19 cases and increased risk of developing severe COVID-19) and sociodemographic
variables have been extensively investigated as predictors of psychological distress during
the pandemic. However, despite the fact that the restrictions introduced by governments
during the pandemic have had significant negative financial consequences for many people,
and the likelihood that this will have been the cause of increased psychological distress
in such people, there has been a lack of research identifying the extent to which various
financial variables can augment sociodemographic and health threat-related variables
in explaining the psychological distress that has occurred during the pandemic. The
present study aimed to fill this gap. As in other countries, high levels of anxiety and
depression symptoms were observed in Poland (where our study was conducted) during
the pandemic [8]. Given the potential long-term consequences of temporarily elevated
psychological distress, it is important to determine factors other than the commonly stud-
ied COVID-19 health-related variables and sociodemographic variables that may have
contributed to or been protective against anxiety and depression.

1.1. Financial Variables and Psychological Distress

As mentioned above, the coronavirus pandemic has increased anxiety and depres-
sion symptoms among people across the globe. This may be partly due to the effects
that government-imposed restrictions have had on countries’ economies and workforces
(for example, people’s income and job security—see, e.g., Reference [13]). A number of
studies have shown that various financial factors can be associated with psychological
distress [14–16] and that people’s mental health may be associated both with their objective
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financial situations (income, level of savings, and level of liabilities including debt—e.g.,
References [17–19] and their subjective perceptions of their financial situations (perceived
income, sense of financial security, and job security—e.g., References [13,14,20]. Addition-
ally, studies have shown that psychological distress may be associated with individual
financial dispositions such as materialism, economic optimism, and the propensity to take
financial risks [21–23].

1.1.1. Objective Financial Situations and Psychological Distress

The effect that a household’s objective financial situation can have on the risk that
its members will experience anxiety and depression is well-documented [15,24,25]. For
example, Orpana et al. [16] demonstrated that a lower income is associated with a higher
risk of becoming psychologically distressed. Additionally, using British Household Panel
Survey data, Wildman [19] found that a person’s financial situation and changes in their
situation to be associated with depression, and conversely, research conducted in Swe-
den has shown that a high household income may be protective against symptoms of
depression [26]. Moreover, Gambin et al. [8] showed that, during the COVID-19 pandemic,
continuity in Polish people’s incomes and their financial situations has had a significant
effect on experiencing symptoms of anxiety and depression.

In addition to household income, the objective level of a person’s debt has also been
shown to be related to their mental health. Brown, Taylor and Wheatley Price [27] observed
that debt is associated with increased levels of psychological distress and that a household’s
psychological well-being is adversely affected by large amounts of unsecured debt (but not
secured debt, such as a mortgage on a house). Additionally, there is a positive relationship
between the amount of debt and the experiencing of mental health problems [18], and both
Skapinakis et al. [28] and Jenkins et al. [29] showed that excessive debt and problems in
paying it off make it more likely that a person will become depressed. Finally, Drentea [30]
showed that anxiety increases as the ratio of credit card debt to income increases.

At the same time, researchers have emphasized that savings can act as a type of
buffer against psychological distress. For example, Brown, Taylor and Wheatley Price [27]
showed that people who save (or whose households save) on a regular basis are more
likely to report complete psychological well-being than non-savers. Additionally, Bridges
and Disney [17] noted that the number of savings accounts that a person had (which was
associated with having greater savings) was indirectly associated with a lowered incidence
of self-reported symptoms of depression. Moreover, Gardner and Oswald [31] found that
positive ‘shocks’ (medium-sized lottery wins) to the financial well-being of a household
tended to be associated with improvements in psychological well-being.

1.1.2. Subjective Financial Situations and Psychological Distress

Bridges and Disney [17] noted that objective indicators of a household’s financial
situation are not sufficient in understanding the impact of economic factors on psychological
distress. These authors found that positive relationships between depression symptoms and
self-reported problems of indebtedness and financial stress arise irrespective of objective
indicators of a household’s financial situation. Thus, when investigating economic sources
of psychological distress, one should pay attention not only to the objective financial factors
but also to how individuals perceive their financial situation. In fact, research conducted
as long as forty years ago showed that perceptions of economic hardship in acquiring
the necessities of life dispose people toward depression [32], and more recent research by
Dijkstra-Kersten et al. [14] showed financial strain to be associated with having a depressive
and/or anxiety disorder, over and above the effects of income.

O’Neill et al. [33] noted that people are happier when they are financially secure, and
Ferrie et al. [20] showed that differences in self-reported financial insecurity are important
determinants of differences in the incidence of depression. The COVID-19 pandemic
has caused many people to worry more about their financial security and experience
greater financial concerns, and the research by Wilson et al. [13] showed that, among
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people saying that the pandemic is posing a significant threat to their personal finances
(e.g., those expecting their financial situation to worsen over the next 12 months), 57% of
people reported experiencing moderate and high levels of psychological distress, including
symptoms of depression and anxiety. Furthermore, it should be noted that, while a sense
of financial security and financial concerns are largely related to job security, perceived job
insecurity is a stressful experience in itself and is related to greater symptoms of depression
and anxiety, as shown by Wilson et al. [13].

1.1.3. Individual Financial Dispositions and Psychological Distress

The studies described above show that psychological distress may depend on both
a person’s objective financial situation and how they perceive their financial situation.
However, many previous studies have shown that an individual’s mental health is related
not only to their financial situation (whether objective or subjective) but also to their
individual financial dispositions: their psychological characteristics with respect to financial
issues [34]. Examples of these include materialism, economic optimism, and the tendency
to take financial risks. Probably, the most frequently analyzed financial disposition in the
context of well-being and psychological distress is materialism, this being defined as “the
importance a person places on possessions and their acquisition as a necessary or desirable
form of conduct to reach desired end states, including happiness” [35] (p. 307). Materialism
has been linked to mental health problems, particularly depression and anxiety [23,36–38],
and a meta-analysis of several hundred studies by Dittmar et al. [39] showed clear negative
relationships between a broad array of types of personal well-being (including depression
and anxiety) and people’s materialistic values.

In addition to materialism, a second financial disposition that is associated with PD is
economic optimism. Optimists see positive aspects of current situations and events and
believe that things will turn out to be positive in the future as well. One recent study
of people’s economic optimism (often referred to as consumer confidence or consumer
sentiment) by van Giesen and Pieters [40] recently showed that the more optimistic people
are about economic issues, the less personal stress they experience, this applying irrespec-
tive of whether the economic issues involved are on a global, national, or personal level.
Additionally, research by Kahle et al. [21] showed that economic optimism is negatively
associated with depression.

Another financial disposition that may be related to psychological distress is a propen-
sity for financial risk-taking. Here, studies have shown that risk avoidance is associated
with high anxiety [22,41]. In these studies, and in other studies on emotions and risk-
taking [42,43], researchers have assumed that emotions such as anxiety trigger risk-averse
behaviors. However, given that a propensity for risk-taking is strongly rooted in personal-
ity [44] and is a relatively constant individual trait, the relationship between a propensity for
financial risk-taking and emotional variables is probably bidirectional. Such an assumption
is consistent with the results of Gutter and Copur [34], who showed that an unwillingness
to take any financial risks at all is negatively related to financial well-being (which is likely
to be related to general well-being). Moreover, in this study, people characterized by a
greater than average willingness to take financial risks reported higher levels of financial
well-being. This suggests that a higher propensity to take financial risks may translate into
lower levels of psychological distress.

In summary, all the above studies of the role of economic variables in generating
psychological distress provide evidence that financial factors may be important in explain-
ing PD during the COVID-19 pandemic and that such factors are worth considering in
the search for factors that may have a protective function or present a threat with respect
to people’s susceptibility to experiencing symptoms of depression and anxiety. Due to
the deteriorating economic situation, it can be assumed that the financial effects of the
pandemic will affect more and more people over time and be one of the most important
sources of PD in the short- to medium-term future.
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1.2. The Current Study

During the COVID-19 pandemic, financial changes on both the global and national
scale have affected many people’s personal finances, and this is likely to have caused
people to experience symptoms of anxiety and depression. Therefore, one of the present
study’s main goals was to explore whether financial variables could explain the variance in
people’s psychological distress (PD) over and above the sociodemographic and COVID-19
health-related variables.

The study’s second aim was to ascertain which financial factors are the most important
predictors of PD. While previous studies have established links between various financial
factors and PD, these studies have tended to analyze each financial variable in isolation
without simultaneously analyzing the financial status (both objective and subjective) and
financial disposition variables’ relationships with symptoms of anxiety and depression.
Therefore, to date, studies have been unable to determine the relative importance of various
financial factors in predicting PD, and this is particularly important in the context of the
COVID-19 pandemic. Thus, our research considered a wide spectrum of financial factors
as predictors of PD during the pandemic. We analyzed the role of financial factors on
three levels, which allowed us to answer three research questions: (1) Taken together, can
financial variables explain the variance in the levels of people’s depression and anxiety
symptoms over and above the variance explained by sociodemographic and COVID-19
health-related factors? (2) Which category of financial factors (people’s objective financial
situation, their subjective financial situation, or their individual financial dispositions)
explains the largest proportion of variance in PD symptoms? (3) Which specific financial
variables in the aforementioned three categories are the strongest predictors of variance in
PD symptoms?

2. Materials and Methods
2.1. Participants

A nationwide sample of working age (18+ year olds) Polish adults, diversified in
terms of age, sex, place of residence, and educational level, were recruited online from
the ARIADNA research panel. ARIADNA is a Polish online research panel with over
150,000 registered Polish users. For any particular study, ARIADNA randomly recruits
voluntary participants from its panel (registered users), collects data, and then provides
the anonymized data to the party conducting the research. Respondents were awarded
points for their participation, which they could later exchange for rewards from a pool of
several hundred products offered by ARIADNA. Panel studies may have some limitations,
for example: the incentive structure makes web panels more attractive to low-income
respondents, research is limited to internet users, and data integrity concerns may arise.
Nevertheless, the sociodemographic profiles of people registered in the ARIADNA panel
corresponds with the profiles of Polish Internet users, and recruitment to the panel is
carried out continuously. The panel has a current and valid Interviewer Quality Control
Programme (PKJPA) certificate confirming the high quality of the research services pro-
vided, issued on the basis of an independent audit carried out annually by the Polish
Association of Public Opinion and Marketing Research Firms. Only genuine persons of a
verified identities participate in research on the ARIADNA panel.

A total of 1135 working people (732 women and 403 men, aged between 18 and
87 years-old; M = 38.68 years, SD = 11.59 years) participated in the study. More detailed
socioeconomic data for the participants are presented in Table 1. A sensitivity analysis
using G*Power [45] revealed that the sample provided 80% power for detecting effect sizes
of f 2 = 0.01 to f 2 = 0.02 (depending on the model tested).
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Table 1. Descriptive statistics for the socioeconomic variables.

Variable Category n (%)

Education

Primary education 79 (7.0)
Secondary education 304 (26.8)

Post-secondary 140 (12.3)
Higher education—bachelor’s/engineer’s degree 149 (13.1)

Higher education—master’s degree 463 (40.8)

Place of residence

Countryside 196 (17.3)
Small town (<20,000 inhabitants) 130 (11.5)

Medium town (20,000–99,000 inhabitants) 263 (23.2)
Large city (100,000–500,000 inhabitants) 297 (26.2)

Very large city (>500,000 inhabitants) 249 (21.9)

Household net income per capita

Less than PLN 1000 43 (3.8)
PLN 1001–2000 174 (15.3)
PLN 2001–3000 285 (25.1)
PLN 3001–4000 197 (17.4)
PLN 4001–5000 113 (10.0)

More than PLN 5000 165 (14.5)
Refused to answer * 158 (13.9)

* Taking into account the data on wages and inflation in the Polish population [46], it can be assumed that those
who refused to answer the question about income were evenly distributed in each of the above groups.

2.2. Materials
2.2.1. Psychological Distress

Anxiety symptoms. Participants’ current levels of anxiety symptoms were measured
using a Polish version (MAPI Institute; www.phqscreeners.com) of the General Anxiety
Disorder—7 scale (GAD-7) [47]. This self-rating questionnaire consists of seven items that
have response options ranging from “not at all” to “nearly every day”. The total scores
range from 0 to 21, with higher scores reflecting greater anxiety. The scale was shown to
exhibit high reliability in the present study, the Cronbach’s α being 0.95.

Depression symptoms. Symptoms of depression were measured by a Polish version
(MAPI Institute; www.phqscreeners.com) of the Patient Health Questionnaire—9 (PHQ-9) [48].
This self-rating questionnaire contains nine items measuring the severity of symptoms of
depression. Each item is scored on a four-point Likert scale ranging from 0 (not at all) to 3
(nearly every day). A total score is computed by summing the scores for all the items, with
higher scores reflecting a greater severity of depression. A Cronbach’s α of 0.93 revealed a
high reliability for the present study.

2.2.2. Financial Variables

Sixteen financial variables were included in the study. These variables fell into three
categories: objective financial situation, subjective financial situation, and individual finan-
cial dispositions.

Objective financial situation variables:
Monthly net income per capita for household—participants indicated their net house-

hold income on the following scale: 1—lower than PLN 1000~USD 264; 2—PLN 1001 to
2000~USD 265 to 528; 3—PLN 2001 to 3000~USD 529 to 792; 4—PLN 3001 to 4000~USD
793 to 1056; 5—PLN 4001 to 5000~USD 1057 to 1320; 6—>PLN 5000~>USD 1320.

Possession of savings was measured using one question where participants indicated
whether they currently had (answer “yes”) or did not have (answer “no”) savings.

Saving money before the COVID-19 pandemic was measured using one question where
participants indicated whether they had saved money during the last six months before the
COVID-19 pandemic (answer “yes”) or not (answer “no”).

Financial liabilities were measured using two questions: one relating to the holding of
loans/credit (scaled yes/no) and one concerning the size of monthly commitments relating
to any such loans/credits (measured as the percentage of monthly household income
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allocated to debt repayments and scaled as follows: 1–15%, 16–30%, 46–65%, 66–80%,
81–95%, and more than 95%).

Subjective financial situation variables:
Subjective assessment of the current household financial situation—participants answered

the following question: How do you rate the current financial situation of your household?
To answer, they provided a rating on a scale from 1 (very bad) to 7 (very good).

Subjective change in household financial situation—measured by asking participants to
give a subjective assessment of the financial change in their household’s situation during the
COVID-19 pandemic on a scale from 1 (significantly deteriorated) to 7 (significantly improved).

Financial security—participants answered the following question: How financially
secure do you feel today? They responded on a scale from 1 (definitely insecure) to 7
(definitely secure).

Perceived job security—participants answered the following question: In the current
pandemic situation, can you be sure of keeping your job? Possible responses were “yes”
and “no”.

Individual financial dispositions:
Materialism: general materialism was measured using the short version of the Material

Values Scale (MVS) developed by Richins and Dawson [35]. The short version of the MVS is
a three-dimensional self-reporting measure consisting of nine statements to which answers
are given on a scale from 1 (definitely no) to 5 (definitely yes). The instrument provides a
total score (general materialism) and subscale scores: centrality (e.g., I like a lot of luxury in
my life), happiness (e.g., I’d be happier if I could afford to buy more things), and success
(e.g., The things I own say a lot about how well I’m doing in life). Presently, only a total
general materialism score was computed by summing participants’ responses to all nine
items. Richins [49] conducted a meta-analysis of 15 studies, thus confirming the reliability
and empirical utility of the MVS. The tool’s reliability was acceptable in the present study
(Cronbach’s α = 0.83).

A general propensity to take financial risks was measured using two subscales of the
DOSPERT scale [50]. This scale consists of 30 statements relating to four different risk do-
mains: ethical, financial (divided into gambling and investing subdomains), health/safety,
and social. In the present study, only the two financial subscales were used. Each of these
subscales is comprised of three items (e.g., Betting a day’s income at the horse races, and
Investing 5% of your annual income in a very speculative stock). Participants were asked
to indicate the likelihood that they would engage in the described activity or behavior on
a scale from 1 (very unlikely) to 7 (very likely). An indicator of a general propensity to
take financial risks was calculated as the sum of the answers given for all six DOSPERT
scale items used. For the present data, the measuring was found to exhibit a high degree of
reliability (Cronbach’s α = 0.91).

Economic optimism was measured on both the national and household levels, and
with respect to both short (6 months) and long (18 months) periods, using four questions:
Questions 1 and 2 asked participants—How do you think the situation brought about by the
pandemic will affect the economic situation in the country at the end of this year (December
2020)/at the end of next year (December 2021) in relation to the economic situation before
the outbreak of the pandemic? Questions 3 and 4 asked participants—How do you think
the situation brought about by the pandemic will affect your household financial situation
at the end of this year (December 2020)/at the end of next year (December 2021) relative
to your financial situation before the outbreak of the pandemic? Participants were asked
to indicate their answers on a scale from 1 (it will definitely deteriorate) through 4 (it will
remain unchanged) to 7 (it will definitely improve).

2.2.3. COVID-19 Health-Related Variables

COVID-19 experience—this variable was coded 1 for participants with experience of
COVID-19 and 0 for participants with no experience of COVID-19. Having experience of
the disease was measured using four questions: Are you/have you been infected with
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coronavirus? Has anyone close to you been diagnosed with the coronavirus infection?
Does anyone close to you have, or have they had, symptoms of coronavirus infection? Are
you, or have you been, subject to home quarantine for suspected coronavirus infection?
Participants were considered to have experience of COVID-19 if they answered “yes” to at
least one of these questions.

Risk grouping for severe COVID-19—participants were placed into two groups depend-
ing on whether they had a medical condition that would be likely to place them at risk
of developing severe COVID-19 symptoms if they were to become infected with SARS-
CoV-2. Participants giving a positive answer to at least one of the following questions
were coded as being at severe risk: Do you suffer from a chronic disease? Are you on
immunosuppressive therapy or chemotherapy? Do you need ongoing medical care (e.g.,
for pregnancy, chemotherapy, dialysis, etc.)? Participants not answering positively to any
of these questions were coded as not being at severe risk.

2.2.4. Sociodemographic Data

The sociodemographic questionnaire collected data concerning participants’ gen-
der (male/female); age (in years); place of residence (countryside, a small town of less
than 20,000 inhabitants, a medium town of 20,000–99,000 inhabitants, a large city of
100,000–500,000 inhabitants, or a very large city of more than 500,000 inhabitants); and
the highest level of educational attainment (primary education, secondary education,
post-secondary education, bachelor/engineer degree, or Master’s degree).

2.3. Procedure

The study was conducted using CAWI methodology to collect data from members
of an online panel. Participants completed each of the abovementioned research tools in
a rotated order. Data were collected during the first wave of the COVID-19 pandemic in
Poland over the period from 5 to 12 May 2020. Previous studies conducted both during
the COVID-19 pandemic [51] and during earlier outbreaks of high-risk infectious diseases
such as SARS (as caused by SARS-CoV-1), Ebola, and H1N1 influenza [52] showed that
psychological distress is at its greatest at the very beginning of a pandemic. Over time, and
despite increasing numbers of COVID-19 cases, the degree to which people have exhibited
daily preoccupation with topics involving the disease and the pandemic has been shown to
have decreased, resulting in decreased subjective perceptions of risk [51]. Thus, the first
wave of the pandemic seems to be an appropriate point at which to analyze the pandemic’s
short-term consequences for people’s mental health and to investigate factors that may
have a protective function or present a threat with respect to people’s susceptibility toward
experiencing symptoms of depression and anxiety. Up to the start of the study (5 May 2020),
a total of 14,006 SARS-CoV-2 infections and 698 COVID-19 deaths had been confirmed in
Poland. At the time the data were collected, the daily number of new Polish cases ranged
from 285 to 425 [53], and a study of psychological distress conducted during this time
showed that such distress was at a high level among Poles [5].

3. Results

Since they refused to answer questions measuring the monthly net per capita income
for their household or the size of their monthly commitments relating to the repayment of
any loans/credits, 138 participants were excluded from the analyses. As a result, data for
977 participants were analyzed. Descriptive statistics (means and standard deviations) and
zero-order correlations for the analyzed variables are presented in Appendix A (Tables A1
and A2).

3.1. The Specific Role of Financial Variables (in General and When Divided into Three Categories)
in Explaining Psychological Distress

Initial hierarchical regression analyses were performed to determine the specific con-
tributions of financial variables in explaining variance in psychological distress (PD) over
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and above sociodemographic and COVID-19 health-related variables. Further hierarchical
regression analyses evaluated the specific contributions of each category of variables in
turn (sociodemographic and COVID-19 health-related variables, objective financial vari-
ables, subjective financial variables, and individual financial dispositions) in explaining the
variance in PD while all the other categories of variables were controlled. Analyses were
conducted for depression symptoms and anxiety symptoms as two separate dependent
variables (DVs).

First, two hierarchical regression analyses were conducted, one each for anxiety
and depression symptoms as DVs. In both analyses, independent variables (IVs) were
introduced in the following blocks: Block 1—sociodemographic variables (gender (with
females coded as 1), age, place of residence, and educational level); Block 2—COVID-19
health-related variables (COVID-19 risk grouping (with high risk coded as 1) and COVID-19
experience (with experience coded as 1)); Block 3—objective financial situation: monthly
net per capita income for household, possession of savings (with possession of savings
coded as 1), saving money before the COVID-19 pandemic (with having saved money
coded as 1), loan/credit holding (with holding of debt coded as 1), and amount of monthly
commitments related to loans/credits; Block 4—subjective financial situation: subjective
assessment of current household financial situation, subjective change in financial situation,
financial security, and perceived job security; Block 5—individual financial dispositions:
materialism, general propensity to take financial risks, economic optimism at a household
level (two variables: short-term and long-term optimism) and economic optimism at a
national level (two variables: short-term and long-term optimism).

Table 2 presents the results of the hierarchical regression analyses for the two psycho-
logical distress DVs and shows cumulative statistics for all the IVs included in the models
at a given step. These results indicated that financial variables made statistically significant
contributions to explaining the variance in each PD measure. With sociodemographic
variables and COVID-19 health-related variables already included in the models, financial
variables accounted for around 15 percentage points of the additional variance in both
depression and anxiety symptom scores. Moreover, the results showed that individual
financial dispositions accounted for around 10 percentage points of additional variance in
the two DVs over and above the sociodemographic variables, COVID-19 health-related
variables, and participants’ objective and subjective financial situations.

Table 2. Results of two hierarchical regression analyses predicting psychological distress from
categories of variables.

Dependent
Variable Independent Variable R R2 Adjusted R2 R2 Change F Change F of the Model

Anxiety
symptoms

Sociodemographic
variables 0.223 0.050 0.046 0.050 12.658 *** F(4, 972) = 12.658 ***

COVID-19 health-related
variables 0.254 0.065 0.059 0.015 7.851 *** F(6, 970) = 11.175 ***

Objective financial situation 0.303 0.092 0.082 0.027 5.820 *** F(11, 965) = 8.892 ***
Subjective financial

situation 0.348 0.121 0.107 0.029 7.960 *** F(15, 961) = 8.832 ***

Individual financial
dispositions 0.468 0.219 0.202 0.098 19.953 *** F(21, 955) = 12.756 ***

Depression
symptoms

Sociodemographic
variables 0.228 0.052 0.048 0.052 13.361 *** F(4, 972) = 13.361 ***

COVID-19 health-related
variables 0.256 0.065 0.060 0.013 6.848 *** F(6, 970) = 11.297 ***

Objective financial situation 0.308 0.095 0.084 0.029 6.262 *** F(11, 965) = 9.176 ***
Subjective financial

situation 0.344 0.119 0.105 0.024 6.517 *** F(15, 961) = 8.620 ***

Individual financial
dispositions 0.465 0.217 0.199 0.098 19.911 *** F(21, 955) = 12.573 ***

*** p < 0.001.
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To obtain a wider picture of the relationships between the variables analyzed, eight
additional hierarchical regression analyzes were performed in which, in turn, each variable
category not entered last in the first two analyses was entered last to determine the specific
contributions that each variable category made to explaining variance in the two PD DVs
over and above the other categories. The specific contributions made by the different
categories of variables were as follows:

• sociodemographic variables: anxiety symptoms (R2 change = 0.039, p < 0.001); depres-
sion symptoms (R2 change = 0.045, p < 0.001).

• COVID-19 health-related variables: anxiety symptoms (R2 change = 0.009, p = 0.003);
depression symptoms (R2 change = 0.009, p = 0.004).

• objective financial situation variables: anxiety symptoms (R2 change = 0.006, p = 0.235);
depression symptoms (R2 change = 0.005, p = 0.308).

• subjective financial situation variables: anxiety symptoms (R2 change = 0.029, p < 0.001);
depression symptoms (R2 change = 0.027, p < 0.001).

From the results of these analyses, it can be concluded that, relative to the roles played
by the other two groups of financial variables, individual financial dispositions played the
most important role in explaining the extent of people’s depression and anxiety symptoms
(when sociodemographic and COVID-19 health-related variables were controlled).

3.2. The Specific Role of Each Financial Variable in Explaining Psychological Distress

Next, two stepwise regression analyses were conducted to identify significant indi-
vidual predictors of the two psychological distress DVs. Here, all the IVs entered in the
previous analyses were entered in one block. Table 3 presents the final models for each of
the DVs (only significantly predictive IVs are included in the table; full descriptions of the
stepwise regression analyses are presented in Appendix A: Tables A3 and A4).

Table 3. The results of two stepwise regression analyses predicting psychological distress from
individual variables.

Dependent Variable Statistically Significant Predictors B t

Anxiety symptoms
F(10, 966) = 25.878 ***

R2 = 0.211, Adjusted R2 = 0.203

Materialism 0.233 7.751 ***
Financial security −0.134 −3.961 ***

Gender a 0.158 5.244 ***
General propensity to take financial risks 0.124 3.885 ***

Economic optimism (short-term)—national level 0.129 3.945 ***
Perceived job security −0.086 −2.756 **

Risk grouping for severe COVID-19 0.092 3.162 **
Age −0.096 −3.102 **

Economic optimism (long-term)—household level −0.076 −2.289 *
Amount of monthly commitments related to loans/credits 0.062 2.100 *

Depression symptoms
F(8, 968) = 33.992 ***

R2 = 0.204, Adjusted R2 = 0.198

Materialism 0.204 6.792 ***
Financial security −0.185 −5.874 ***

Economic optimism (short-term)—national level 0.175 5.348 ***
Gender a 0.137 4.547 ***

General propensity to take financial risks 0.137 4.301 ***
Age −0.131 −4.255 ***

Risk grouping for severe COVID-19 0.094 3.211 ***
Economic optimism (long-term)—household level −0.103 −3.130 **

a Coded: 1—female, 0—male; * p < 0.05; ** p < 0.01; *** p < 0.001.

Eight financial variables were identified as significant predictors of anxiety symp-
tom severity: materialism, financial security, general propensity to take financial risks,
short-term economic optimism at a national level, long-term economic optimism at a house-
hold level, perceived job security, and amount of monthly commitments related to the
loans/credits. Financial security, perceived job security, and long-term economic optimism
at the household level were negative predictors, while the other variables were positive
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predictors. Moreover, nonfinancial variables such as age, gender, and belonging to the
group of people at severe risk from COVID-19 were also significant predictors of anxiety
symptoms, age being the only negative predictor.

Six economic variables were also identified as significant predictors of severity of
depression symptoms. Materialism, general propensity to take financial risks, and short-
term economic optimism at a national level were positively predictive, while financial
security and long-term economic optimism at a household level were negatively predictive.
Two sociodemographic variables (gender and age) and one COVID-19-related variable
(belonging to the group of people at severe risk from COVID-19) were also significant
predictors of depression symptoms. Among these, only age was negatively predictive.

4. Discussion

The study analyzed the role of financial factors in explaining psychological distress
during the COVID-19 pandemic. To obtain a detailed picture, we considered two outcome
variables: levels of depression and anxiety symptoms. With respect to financial factors, we
took into account a wide range of variables in three categories: people’s objective financial
situations, their subjective financial situations, and their individual financial dispositions.
This approach to financial factors allowed us to answer three questions concerning re-
lationships between economic variables and psychological distress: (1) Taken together,
can financial variables explain variance in the levels of people’s depression and anxiety
symptoms over and above the variance explained by sociodemographic and COVID-19
health-related factors? (2) Which category of financial factors (people’s objective financial
situation, their subjective financial situation, or their individual financial dispositions)
explains the largest proportion of variance in PD symptoms?; (3) Which specific financial
variables are the strongest predictors of the variance in PD symptoms?

The results obtained showed that financial variables made a statistically significant con-
tribution to explaining the variance in both PD variables over and above sociodemographic
and COVID-19 health-related variables. While all three financial variable categories (objec-
tive financial situation, subjective financial situation, and individual financial dispositions)
played an important role in explaining people’s depression and anxiety symptoms, the role
of individual financial dispositions was identified as the most crucial. Individual financial
dispositions accounted for around 10% of the variability in depression and anxiety symp-
toms over and above the variance accounted for by the sociodemographic and COVID-19
health-related variables and people’s objective and subjective financial situations, while
(when they were placed in the last block in hierarchical regression analyses) the specific
contributions to explaining variance in both PD indicators made by the other financial
variable categories were nonsignificant in the case of an objective financial situation and
relatively small in the case of a subjective financial situation (2.9% for anxiety symptoms
and 2.7% for depression symptoms).

It is worth underlining that the lists of significant predictors of depression and anx-
iety symptoms are almost the same. While the present methodological design does not
permit causal inferences to be made, higher levels of materialism, a general propensity to
take financial risks, and short-term economic optimism at a national level may promote
depression and anxiety symptoms, while high levels of financial security and long-term
economic optimism at a household level may decrease depression and anxiety symptoms
and, thus, may be protective factors. Perceived job security (being sure of keeping one’s
job) and monthly loan/credit repayment amount were the only two predictors that were
significantly predictive for anxiety but not for depression, with perceived job security being
a potential protective factor and monthly repayment commitments being a factor that may
promote anxiety. Additionally, the roles of sociodemographic and COVID-19 health-related
variables in explaining the extent of people’s depression and anxiety symptoms were
similar, with age being a negative predictor (and a possible protective factor) and female
gender and belonging to the group of people being at severe risk from COVID-19 being
positive predictors.
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Most of the preset results for particular financial variables as predictors of PD are
in line with those of previous studies [5,13,17,18,23]. However, two results contradict
previous studies. The first is related to a propensity for financial risk-taking. While previ-
ous studies have shown a negative relationship between financial risk-taking and anxiety
symptoms [22,41], we found a financial risk-taking propensity to be a positive predictor
of PD during the pandemic. This inconsistency may result from certain mediating factors
arising during the pandemic. For example, people prone to taking financial risks might
have made risky financial decisions before the pandemic (e.g., they might have made invest-
ments), which, because of the pandemic, turned out to be unprofitable or even financially
damaging. Any such deteriorations in people’s financial situations would be likely to be
positively corelated with intensity of depression and anxiety symptoms. Of course, this
explanation is speculative, and further research taking into account people’s wider financial
circumstances is required to obtain a better understanding of the present result.

The second result that is inconsistent with previous research concerns economic opti-
mism. Previous studies have shown that more economically optimistic people experience
less stress and exhibit lower levels of depression symptoms [21,40]. Our study showed that,
although long-term economic optimism at a household level was negatively predictive of
PD, short-term economic optimism at the national level was positively predictive of PD. The
results of research by Xie et al. [54] on general optimism and PD during the SARS-CoV-1
pandemic may explain this pattern of results. This research showed that, while opti-
mism can be associated with lower PD, it is also associated with greater pandemic-related
vigilance, which, in turn, translates into higher levels of anxiety. Therefore, optimistic
people may focus more on a pandemic and, thus, experience greater psychological distress.
However, further research is required to obtain a better understanding of why economic
optimism at household and national levels, and for different periods of time, is related to
psychological distress in different ways.

Although the obtained results seem promising, the current findings and methods have
limitations. The main limitation of the research is its cross-sectional character. The obtained
data only allowed fundamentally correlational analysis—the research should be followed
up by studies using repeated measurements. In terms of COVID-19-related variables, we
focused on the physical health variables, but it would also be worth controlling for variables
that may influence psychological health, e.g., the extent of reductions in people’s social
contact and their social isolation. Moreover, in terms of objective financial measures, we
focused on income, savings, and financial liabilities, but it would also be worth tracing out
the effects of wealth and control for respondents’ possessions. It should also be noted that
the research sample was randomly selected and diversified in terms of gender, age, level
of education, and place of residence; however, the sample was not fully representative of
the Polish population. This should be taken into account when trying to generalize the
results for the Polish population. For example, in our sample, 53.9% of respondents had
higher education, while, in the Polish population, among people working professionally,
this percentage is about 37.2% (data from 2020) [55]. Additionally, the percentage of women
in our sample was significantly higher (64.5%) than the percentage of women in the Polish
population of people working professionally (44.7%) [55].

Moreover, it should be considered that, across the world, there are huge cultural
variations between Western; more individualistic nations (such as Poland); and other, more
collectivistic cultures (e.g., Korea, Ghana, and Nigeria) [56,57], which may, for example,
lead to various reactions to COVID-19-related changes in personal finances. In addition,
Western countries differ significantly from non-Western nations on socioeconomic issues,
such as income inequalities, social protection systems, and welfare benefits [58]. This
means that our results may not be generalizable to other socioeconomic contexts, such as
non-Western societies.
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5. Conclusions

The present study adds to the current state of knowledge by showing that financial
variables explain a significant portion of variance in PD over and above sociodemographic
and COVID-19 health-related factors. The study confirmed the predictive role of three
categories of financial factors: people’s objective financial situation, their subjective financial
situation, and individual financial dispositions and showed the latter category to be the
most important. Moreover, the study also identified individual financial variables which
were capable of predicting people’s psychological distress during the pandemic, and
showed the roles of financial variables to be similar in predicting the extent of people’s
depression and anxiety symptoms. The current study found that depression and anxiety
symptoms were higher among people with higher levels of materialism and a higher general
propensity to take financial risks and short-term economic optimism, while psychological
distress was lower among people with higher levels of financial security and long-term
economic optimism.

Our study provides valuable insights for individuals, therapists, and policy-makers
by revealing the association between various financial factors (especially individual fi-
nancial dispositions such as materialism, general propensity to take financial risks, and
economic optimism) and psychological distress during the outbreak of the COVID-19
pandemic. For example, our results suggest that using various strategies to decrease
materialistic values (such as encouraging people to focus more on intrinsic and self-
transcendent values/goals [59]) may be helpful in reducing mental health problems during
the COVID-19 pandemic.
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Appendix A

Table A1. Descriptive statistics for the analyzed variables.

Variable
Percentage/Mean (SD)

Total Sample
N = 1135

Percentage/Mean (SD)
Analyzed Sample

N = 977

Gender (%)
Male 35.5 36.2
Female 64.5 63.8
Age, mean (SD) 38.68 (11.59) 38.60 (11.64)
Place of residence (%)
Countryside 17.3 16.8
Small town (<20,000 inhabitants) 11.5 12.3
Medium town (20,000–99,000 inhabitants) 23.2 23.2
Large city (100,000-500,000 inhabitants) 26.2 26.2
Very large city (>500,000 inhabitants) 21.9 21.5
Education (%)
Primary education 7.0 7.4
Secondary education 26.8 27.1
Post—secondary 12.3 12.4
Higher education—bachelor’s/engineer’s degree 13.1 13.2
Higher education—master’s degree 40.8 39.9
COVID-19 experience (%)
Yes 7.6 8.1
No 92.4 91.9
Risk group of severe COVID-19 (%)
Yes 29.2 29.9
No 70.8 70.1
Monthly net income per capita (%)
Less than PLN 1000 3.8 4.4
PLN 1001–2000 15.3 17.8
PLN 2001–3000 25.1 29.2
PLN 3001–4000 17.4 20.2
PLN 4001–5000 10.0 11.6
More than PLN 5000 14.5 16.9
Refuse to answer 13.9 -
Possession of savings
Yes 74.8 72.6
No 25.2 27.4
Saving money before the COVID-19 pandemic
Yes 73.2 71.8
No 26.8 28.2
Amount of monthly commitments related to loans/credits (%)
No commitments 45.0 43.8
1–15% of household monthly income 14.0 14.5
16–30% of household monthly income 22.6 22.6
31–45% of household monthly income 9.2 9.1
46–50% of household monthly income 5.3 5.6
51–65% of household monthly income 1.4 1.6
66–80% of household monthly income 1.6 1.8
81–95% of household monthly income 0.4 0.3
More than 95% of household monthly income 0.5 0.5
Subjective assessment of current financial situation of
household, mean (SD) 4.27 (1.31) 4.27 (1.32)

Subjective change of household financial situation, mean (SD) 3.41 (1.26) 3.41 (1.28)
Financial security, mean (SD) 3.53 (1.55) 3.54 (1.56)
Perceived job security (%)
Yes 53.0 54.4
No 47.0 45.6
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Table A1. Cont.

Variable
Percentage/Mean (SD)

Total Sample
N = 1135

Percentage/Mean (SD)
Analyzed Sample

N = 977

Materialism, mean (SD) 27.18 (6.40) 27.42 (6.36)
General propensity to take financial risks, mean (SD) 15.25 (8.47) 15.42 (8.58)
Economic optimism (short-term)—national level, mean (SD) 2.17 (1.47) 2.19 (1.49)
Economic optimism (long-term)—national level, mean (SD) 3.36 (1.67) 3.42 (1.69)
Economic optimism (short-term)—household level, mean (SD) 2.99 (1.38) 3.03 (1.40)
Economic optimism (long-term)—household level, mean (SD) 3.53 (1.42) 3.58 (1.46)
Anxiety symptoms, mean (SD) 14.63 (5.55) 14.71 (5.61)
Depression symptoms, mean (SD) 17.68 (6.45) 17.79 (6.51)

Table A2. Zero-order correlations for the analyzed variables.

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

1 −0.26
*** −0.02 0.10

** 0.01 −0.02 −0.09
**

−0.07
* 0.07 * 0.01 0.02 −0.07

* −0.04 0.00 0.10
**

−0.10
**

−0.07
* 0.00 −0.06 −0.03 0.19

*** 0.17 ***

2 −0.07
* 0.02 −0.07

*
0.18
*** 0.07 * 0.00 −0.14

*** 0.08 * −0.04 0.01 −0.03 −0.02 −0.16
***

−0.13
*** −0.03 −0.12

*** −0.03 −0.13
***

−0.16
***

−0.19
***

3 0.09
** −0.02 −0.02 0.15

*** 0.00 0.01 −0.05 0.02 0.01 0.02 0.02 −0.04 −0.01 −0.04 −0.03 −0.02 0.01 −0.01 0.00

4 −0.06 0.03 0.16
*** −0.01 0.15

*** −0.02 0.06 0.02 0.00 0.03 −0.04 −0.11
**

−0.12
***

−0.12
*** −0.02 −0.11

** −0.01 −0.02

5 0.07 * 0.06 −0.03 0.04 −0.01 0.06 * 0.05 0.04 −0.01 0.09
** 0.07 * 0.10

** 0.07 * 0.08 * 0.08 * 0.09
** 0.07 *

6 −0.01 −0.05 −0.01 0.03 −0.10
**

−0.10
**

−0.07
* −0.05 −0.04 −0.02 −0.04 −0.04 −0.12

***
−0.10

** 0.08 * 0.07 *

7 0.00 0.13
*** 0.01 0.34

***
0.20
***

0.22
***

0.13
*** 0.00 0.00 −0.05 −0.02 0.11

** 0.07 * −0.06 −0.08 *

8 0.10
**

−0.12
***

0.10
**

0.10
**

0.13
*** 0.00 −0.10

** −0.03 0.03 −0.03 0.06 0.01 −0.08
* −0.07 *

9 −0.18
***

0.27
***

0.10
**

0.21
*** 0.08 * −0.01 −0.06 −0.03 0.02 .09 ** 0.07 −0.03 −0.05

10 −0.22
***

−0.17
***

−0.20
***

−0.07
*

0.12
*** 0.04 −0.01 −0.01 −0.13

***
−0.12

*** 0.130*** 0.12 ***

11 0.60
***

0.68
***

0.28
*** −0.03 0.06 0.21

***
0.16
***

0.42
***

0.31
***

−0.16
*** −0.16***

12 0.66
***

0.36
*** −0.04 0.17

***
0.34
***

0.20
***

0.60
***

0.38
***

−0.14
*** −0.11 **

13 0.40
*** −0.05 0.15

***
0.26
***

0.18
***

0.53
***

0.38
***

−0.18
***

−0.18
***

14 0.00 0.02 0.07 * 0.10
**

0.35
***

0.23
***

−0.15
***

−0.13
***

15 0.22
*** 0.08 * 0.07 * 0.04 0.08 * 0.31

*** 0.28 ***

16 0.36
***

0.21
***

0.19
***

0.20
***

0.18
*** 0.20 ***

17 0.51
***

0.52
***

0.37
***

0.11
** 0.15 ***

18 0.38
***

0.62
*** 0.03 0.03

19 0.63
*** −0.06 −0.03

20 −0.07
* −0.06

21 0.86 ***

* p < 0.05; ** p < 0.01; *** p < 0.001; 1—Gender (female (1) vs. male (0)); 2—Age; 3—Place of residence (city
(1) vs. other (0)); 4—education (higher (1) vs other (0)); 5—COVID-19 experience; 6—Risk group of severe
COVID-19; 7—Monthly net income; 8—Possession of savings; 9—Saving money before the COVID-19 pan-
demic; 10—Amount of monthly commitments related to loans/credits; 11—Subjective assessment of current
financial situation of household; 12—Subjective change of household financial situation; 13—Financial security;
14—Perceived job security; 15—Materialism; 16—General propensity to take financial risks; 17—Economic opti-
mism (short-term)—national level; 18—Economic optimism (long-term)—national level; 19—Economic optimism
(short-term)—household level; 20—Economic optimism (long-term)—household level; 21—Anxiety symptoms;
22—Depression symptoms.

Table A3. Predictors of anxiety symptoms.

Predictors R R2 Adjusted R2 Beta R2 Change F Change

Materialism 0.307 0.094 0.093 0.307 *** 0.094 101.495 ***

Materialism
0.348 0.121 0.120

0.299 ***
0.027 30.095 ***Financial security −0.165 ***

Materialism
0.382 0.146 0.143

0.283 ***
0.024 27.585 ***Financial security −0.160 ***

Gender 0.157 ***
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Table A3. Cont.

Predictors R R2 Adjusted R2 Beta R2 Change F Change

Materialism

0.416 0.173 0.170

0.240 ***

0.027 32.277 ***
Financial security −0.187 ***
Gender 0.177 ***
General propensity to take financial risks 0.174 ***

Materialism

0.427 0.183 0.179

0.238 ***

0.010 11.418 ***
Financial security −0.209 ***
Gender 0.181 ***
General propensity to take financial risks 0.139 ***
Economic optimism (short-term)—national level 0.108 ***

Materialism

0.436 0.190 0.185

0.241 ***

0.008 9.037 **

Financial security −0.171 ***
Gender 0.181 ***
General propensity to take financial risks 0.136 ***
Economic optimism (short-term)—national level 0.106 ***
Perceived job security −0.095 **

Materialism

0.444 0.197 0.191

0.244 ***

0.007 8.217 **

Financial security −0.166 ***
Gender 0.182 ***
General propensity to take financial risks 0.136 ***
Economic optimism (short-term)—national level 0.107 ***
Perceived job security −0.093 **
Risk group of severe COVID-19 0.083 **

Materialism

0.450 0.203 0.196

0.237 ***

0.006 7.049 **

Financial security −0.167 ***
Gender 0.162 ***
General propensity to take financial risks 0.125 ***
Economic optimism (short-term)—national level 0.109 ***
Perceived job security −0.093 **
Risk group of severe COVID-19 0.096 ***
Age −0.081 **

Materialism

0.456 0.208 0.200

0.240 ***

0.005 5.871 *

Financial security −0.146 ***
General propensity to take financial risks 0.159 ***
Gender 0.128 ***
Economic optimism (short-term)—national level 0.131 ***
Perceived job security −0.085 **
Risk group of severe COVID-19 0.092 **
Age −0.090 **
Economic optimism (long-term)—household level −0.080 *

Materialism

0.460 0.211 0.203

0.233 ***

0.004 4.410 *

Financial security −0.134 ***
Gender 0.158 ***
General propensity to take financial risks 0.124 ***
Economic optimism (short-term)—national level 0.129 ***
Perceived job security −0.086 **
Risk group of severe COVID-19 0.092 **
Age −0.096 **
Economic optimism (long-term)—household level −0.076 *
Amount of monthly commitments related to
loans/credits 0.062 **

* p < 0.05; ** p < 0.01; *** p < 0.001.
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Table A4. Predictors of depression symptoms.

Predictors R R2 Adjusted R2 Beta R2 Change F Change

Materialism 0.280 0.079 0.078 0.280 *** 0.079 83.187 ***

Materialism
0.325 0.105 0.104

0.272 ***
0.027 29.196 ***Financial security −0.164 ***

Materialism
0.367 0.135 0.132

0.256 ***
0.030 33.221 ***Financial security −0.210 ***

Economic optimism (short-term)—national level −0.179 ***

Materialism

0.398 0.159 0.155

0.239 ***

0.024 27.241 ***
Financial security −0.208 ***
Economic optimism (short-term)—national level 0.190 ***
Gender 0.155 ***

Materialism

0.421 0.177 0.173

0.207 ***

0.019 21.921 ***
Financial security −0.219 ***
Economic optimism (short-term)—national level 0.143 ***
Gender 0.169 **
General propensity to take financial risks 0.151 ***

Materialism

0.432 0.187 0.182

0.196 ***

0.010 11.378 ***

Financial security −0.222 ***
Economic optimism (short-term)—national level 0.145 ***
Gender 0.143 ***
General propensity to take financial risks 0.137 ***
Age −0.103 ***

Materialism

0.443 0.196 0.190

0.199 ***

0.010 11.490 ***

Financial security −0.216 ***
Economic optimism (short-term)—national level 0.147 ***
Gender 0.140 ***
General propensity to take financial risks 0.134 ***
Age −0.121 ***
Risk group of severe COVID-19 0.099 ***

Materialism

0.452 0.204 0.198

0.204 ***

0.008 9.800 **

Financial security −0.185 ***
Economic optimism (short-term)—national level 0.175 ***
Gender 0.137 ***
General propensity to take financial risks 0.137 ***
Age −0.131 ***
Risk group of severe COVID-19 0.094 ***
Economic optimism (long-term)—household level −0.103 ***

** p < 0.01; *** p < 0.001.
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Łyś, A.E.; et al. Generalized anxiety and depressive symptoms in various age groups during the COVID-19 lockdown in Poland.
Specific predictors and differences in symptoms severity. Compr. Psychiatry 2021, 105, 152222. [CrossRef]

9. Solomou, I.; Constantinidou, F. Prevalence and Predictors of Anxiety and Depression Symptoms during the COVID-19 Pandemic
and Compliance with Precautionary Measures: Age and Sex Matter. Int. J. Environ. Res. Public Health 2020, 17, 4924. [CrossRef]

10. Lei, L.; Huang, X.; Zhang, S.; Yang, J.; Yang, L.; Xu, M. Comparison of Prevalence and Associated Factors of Anxiety and
Depression Among People Affected by versus People Unaffected by Quarantine During the COVID-19 Epidemic in Southwestern
China. Med. Sci. Monit. 2020, 26, e924609. [CrossRef]

11. Olagoke, A.A.; Olagoke, O.O.; Hughes, A.M. Exposure to coronavirus news on mainstream media: The role of risk perceptions
and depression. Br. J. Health Psychol. 2020, 25, 865–874. [CrossRef]

12. Cao, W.; Fang, Z.; Hou, G.; Han, M.; Xu, X.; Dong, J.; Zheng, J. The psychological impact of the COVID-19 epidemic on college
students in China. Psychiatry Res. 2020, 287, 112934. [CrossRef] [PubMed]

13. Wilson, J.M.; Lee, J.; Fitzgerald, H.N.; Oosterhoff, B.; Sevi, B.; Shook, N.J. Job Insecurity and Financial Concern During the
COVID-19 Pandemic Are Associated With Worse Mental Health. J. Occup. Environ. Med. 2020, 62, 686–691. [CrossRef] [PubMed]

14. Dijkstra-Kersten, S.M.; Biesheuvel-Leliefeld, K.E.; van der Wouden, J.C.; Penninx, B.W.; van Marwijk, H.W. Associations of
financial strain and income with depressive and anxiety disorders. J. Epidemiol. Community Health 2015, 69, 660–665. [CrossRef]
[PubMed]

15. Lorant, V.; Croux, C.; Weich, S.; Deliège, D.; Mackenbach, J.; Ansseau, M. Depression and socio-economic risk factors: 7-year
longitudinal population study. Br. J. Psychiatry 2007, 190, 293–298. [CrossRef]

16. Orpana, H.M.; Lemyre, L.; Gravel, R. Income and psychological distress: The role of the social environment. Health Rep. 2009,
20, 21–28. [PubMed]

17. Bridges, S.; Disney, R. Debt and depression. J. Health Econ. 2010, 29, 388–403. [CrossRef]
18. Fitch, C.; Hamilton, S.; Bassett, P.; Davey, R. The Relationship between Personal Debt and Mental Health: A Systematic Review.

Ment. Health Rev. Brighton 2011, 16, 153–166. [CrossRef]
19. Wildman, J. Income related inequalities in mental health in Great Britain: Analysing the causes of health inequality over time. J.

Health Econ. 2003, 22, 295–312. [CrossRef]
20. Ferrie, J.E.; Shipley, M.J.; Stansfeld, S.A.; Smith, G.D.; Marmot, M.; Study, W.I. Future uncertainty and socioeconomic inequalities

in health: The Whitehall II study. Soc. Sci Med. 2003, 57, 637–646. [CrossRef]
21. Kahle, L.R.; Shoham, A.; Rose, G.; Smith, M.; Batra, R. Economic versus Personal Future-Oriented Attitudes as Consumer

Shopping Indicators. J. Euro Mark. 2003, 12, 35–54. [CrossRef]
22. Maner, J.K.; Schmidt, N.B. The role of risk avoidance in anxiety. Behavioral 2006, 37, 181–189. [CrossRef] [PubMed]
23. Muñiz-Velázquez, J.A.; Gomez-Baya, D.; Lopez-Casquete, M. Implicit and Explicit Assessment of Materialism: Associations with

Happiness and Depression. Pers. Individ. Dif. 2017, 116, 123–132. [CrossRef]
24. Kessler, R.C. A disaggregation of the relationship between socioeconomic status and psychological distress. Am. Sociol. Rev. 1982,

47, 752–764. [CrossRef]
25. Link, B.G.; Lennon, M.C.; Dohrenwend, B.P. Socioeconomic Status and Depression: The Role of Occupations Involving Direction,

Control, and Planning. Am. J. Sociol. 1993, 98, 1351–1387. [CrossRef]
26. Kosidou, K.; Dalman, C.; Lundberg, M.; Hallqvist, J.; Isacsson, G.; Magnusson, C. Socioeconomic status and risk of psychological

distress and depression in the Stockholm Public Health Cohort: A population-based study. J. Affect. Disord. 2011, 134, 160–167.
[CrossRef]

27. Brown, S.; Taylor, K.; Wheatley Price, S. Debt and distress: Evaluating the psychological cost of credit. J. Econ. Psychol. 2005,
26, 642–663. [CrossRef]

28. Skapinakis, P.; Weich, S.; Lewis, G.; Singleton, N.; Araya, R. Socio-economic position and common mental disorders. Longitudinal
study in the general population in the UK. Br. J. Psychiatry 2006, 189, 109–117. [CrossRef]

29. Jenkins, R.; Bhugra, D.; Bebbington, P.; Brugha, T.; Farrell, M.; Coid, J.; Fryers, T.; Weich, S.; Singleton, N.; Meltzer, H. Debt,
income and mental disorder in the general population. Psychol. Med. 2008, 38, 1485–1493. [CrossRef]

30. Drentea, P. Age, debt and anxiety. J. Health Soc. Behav. 2000, 41, 437–450. [CrossRef]
31. Gardner, J.; Oswald, A.J. Money and mental wellbeing: A longitudinal study of medium-sized lottery wins. J. Health Econ. 2007,

26, 49–60. [CrossRef]
32. Pearlin, L.I.; Johnson, J.S. Marital status, life-strains and depression. Am. Sociol. Rev. 1977, 42, 704–715. [CrossRef] [PubMed]
33. O’Neill, B.; Sorhaindo, B.; Xiao, J.J.; Garman, E.T. Financially Distressed Consumers: Their Financial Practices, Financial

Well-being, and Health. J. Fin. Couns. Plan. 2005, 16, 73–87.
34. Gutter, M.; Copur, Z. Financial Behaviors and Financial Well-Being of College Students: Evidence from a National Survey. J. Fam.

Econ. Issues 2011, 32, 699–714. [CrossRef]
35. Richins, M.L.; Dawson, S. A Consumer Values Orientation for Materialism and Its Measurement: Scale Development and

Validation. J. Consum. Res. 1992, 19, 303–316. [CrossRef]

32



Int. J. Environ. Res. Public Health 2022, 19, 1798

36. Kasser, T.; Ryan, R.M. A dark side of the American dream: Correlates of financial success as a central life aspiration. J. Pers. Soc.
Psychol. 1993, 65, 410–422. [CrossRef]

37. Ryan, R.M.; Chirkov, V.I.; Little, T.D.; Sheldon, K.M.; Timoshina, E.; Deci, E.L. The American Dream in Russia: Extrinsic
Aspirations and Well-Being in Two Cultures. Pers. Soc. Psychol. Bull. 1999, 25, 1509–1524. [CrossRef]

38. Wang, R.; Liu, H.; Jiang, J.; Song, Y. Will Materialism Lead to Happiness? A Longitudinal Analysis of the Mediating Role of
Psychological Needs Satisfaction. Pers. Individ. Dif. 2017, 105, 312–317. [CrossRef]

39. Dittmar, H.; Bond, R.; Hurst, M.; Kasser, T. The relationship between materialism and personal well-being: A meta-analysis. J.
Pers. Soc. Psychol. 2014, 107, 879–924. [CrossRef]

40. van Giesen, R.I.; Pieters, R. Climbing out of an Economic Crisis: A Cycle of Consumer Sentiment and Personal Stress. J. Econ.
Psychol. 2019, 70, 109–124. [CrossRef]

41. Eisenberg, A.; Baron, J.; Seligman, M.E.P. Individual Differences in Risk Aversion and Anxiety. Available online: https://www.
sas.upenn.edu/~{}baron/papers.htm/amyold.html (accessed on 10 March 2021).

42. Kuhnen, C.M.; Knutson, B. The Influence of Affect on Beliefs, Preferences, and Financial Decisions. J. Fin. Quant. Anal. 2011,
46, 605–626. [CrossRef]

43. Raghunathan, R.; Pham, M.T. All Negative Moods Are Not Equal: Motivational Influences of Anxiety and Sadness on Decision
Making. Organ. Behav. Hum. Decis. Process. 1999, 79, 56–77. [CrossRef] [PubMed]

44. Nicholson, N.; Soane, E.; Fenton-O’Creevy, M.; Willman, P. Personality and Domain-specific Risk Taking. J. Risk Res. 2005,
8, 157–176. [CrossRef]

45. Faul, F.; Erdfelder, E.; Lang, A.G.; Buchner, A. G*Power 3: A flexible statistical power analysis program for the social, behavioral,
and biomedical sciences. Behav. Res. Methods 2007, 39, 175–191. [CrossRef]
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Abstract: Unlike traditional financial crises, COVID-19 is a global public health crisis with a significant
negative impact on the global economy. Meanwhile, the stock market has been hit hard, and corporate
share prices have become more volatile. However, the stock prices of some enterprises with good
performance of ESG (Environment, Social, and Governance) are relatively stable in the epidemic.
This paper selects ESG rating data from MSCI (Morgan Stanley Capital International) with better
differentiation, adopts multiple regression and dummy variables, and adopts the Differences-in-
Differences (DID)model with the help of COVID-19, an exogenous event. Empirical test the impact
of ESG performance on the company’s stock price fluctuations. The results show that the stock
price volatility of companies with good ESG performance is lower than that of companies with poor
performance. Second, COVID-19 exacerbates volatility in company stock prices, but the increase
in stock price volatility of companies with good ESG performance is small. That is, good ESG
performance helps reduce the increase in stock price volatility due to COVID-19 shock, and plays
a role in enhancing “resilience” and stabilizing stock prices. This paper provides new empirical
evidence for the study of ESG performance and corporate stock price volatility, and puts forward
relevant policy recommendations for enterprises and government departments.

Keywords: public health crisis; ESG; stock price volatility; avoid risk; COVID-19

1. Introduction

In the course of the financial crisis, investors and scholars have paid extensive atten-
tion to what type of company’s stock price performed better or alleviated the systemic risk.
Many scholars have carried out in-depth discussions. The research found that companies
with good ESG performance had a strong slow-release effect on systemic risk [1–8]. Espe-
cially during the COVID-19 pandemic, relevant studies have reached a new climax. Most
studies show that ESG has obvious “resilience” and good avoid risk effect in crisis, thus
effectively reducing systemic risk [9–11].

The sudden outbreak of COVID-19 made the world suffer a public health crisis as well
as a heavy economic blow. After a short break during the Spring Festival in 2020, China’s
stock market experienced a “1000 share limit drop”, with the CSI 300 index plummeting
from 4200 to 3700 points, and the fluctuation of enterprise stock prices increased under
the impact of the epidemic. This raises new questions about what types of stocks perform
better in a crisis and are more resistant to systemic financial risk. What role does ESG
performance play in stabilizing stock prices and reducing volatility? Can the improvement
of ESG’s performance become a “cushion” for enterprises in a crisis? What will be the effect
on investors? These questions are worthy of our study.

The purpose of this study is to explore the relationship between ESG performance
and stock price volatility under COVID-19. The research is divided into three levels:
first, linear regression is used to test the effect of ESG performance on corporate volatility
during COVID-19; Then, referring to the research ideas of Diaz et al. [12], the samples
were stratified according to ESG score, and the groups of companies with better ESG
performance and those with poor ESG performance were selected. Dummy variables were
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set to explore the volatility difference between the groups, so as to verify whether the
volatility of companies with better ESG performance was significantly lower than that of
companies with poor ESG performance. Finally, considering the impact of the COVID-
19 outbreak and using the research ideas of Hoepner and Oikonomou [13] for reference,
difference-in-differences (DID for short) are used to explore the impact of the COVID-19
outbreak. Does ESG performance enhance the company’s “resilience”?

The innovation of this paper lies in: (1) the research perspective is novel. From the
perspective of COVID-19, this paper studies the relationship between ESG performance and
stock price volatility of enterprises under the impact of COVID-19. Most existing studies
focus on the relationship between ESG performance, corporate performance and enterprise
value, while this paper focuses on the effect of ESG performance on stock price volatility
of enterprises. (2) High data quality. Existing literature is mostly used at present in China
“picture of melt green” institutions such as disclosure of ESG rating data. However, these
data are the enterprise of ESG performance roughly divided into several levels, A+ to D and
for companies at the same level of ESG, the marking and no difference, so this method is
divided into A rough, poor differentiation. The data used in this paper are MSCI ESG rating
scores disclosed by Bloomberg data terminal, which quantifies enterprise ESG performance
into floating point numbers with higher accuracy and better differentiation. (3) Use of
new econometric methods. Most of the literature related to ESG used the multivariate
linear regression method. This paper treats the outbreak of COVID-19 pandemic as a
quasi-natural experiment and studies the effect of ESG performance on the share price
volatility in the public health crisis using the difference-in-difference method (DID).

The following structure of this paper is as follows: The second part is a literature
review, which reviews the concept and development of CSR and ESG, and summarizes
the impact of COVID-19 on the stock market and the avoiding risk role of ESG. The third
part is research design, including data source, variable selection and econometric model
construction. The fourth part is the analysis of test results, including descriptive statistics,
baseline regression, robustness test; The fifth part is the conclusion and enlightenment.

2. Literature Review
2.1. Corporate Social Responsibility (CSR) and Environmental Social Governance (ESG)

Corporate social responsibility (CSR) refers to the responsibility of industrial and
commercial enterprises to not only be responsible to shareholders but also meet the ex-
pectations of different stakeholders in society when carrying out business activities [14].
ESG is an acronym developed by 20 financial institutions in response to the appeal of UN
Secretary-General Kofi Anon in a 2004 report, which represents three different dimensions
of Environment, Social responsibility and corporate Governance. It is the main evaluation
method to inspect whether the enterprise operation conforms to sustainable development,
and it is also the extension of the concept of green finance. Generally speaking, CSR refers
to the activities of a company in promoting social responsibility and becoming a better
corporate citizen. ESG refers to how companies and investors integrate environmental,
social and governance issues into their business models. The difference between the two
terms is that ESG explicitly encompasses governance, while CSR indirectly encompasses
governance issues, as both involve environmental and social factors. Therefore, ESG is a
broader concept than CSR [15].

North America and Europe are world leaders in CSR practices. After years of practice,
a number of sustainable development frameworks and related standards have been put
forward. At present, the mainstream enterprise sustainable development frameworks and
related standards include SA8000, UNGC, G4-GRI and ISO 26000. Meanwhile, ESG related
investment strategies develop rapidly and have gradually evolved into one of the main-
stream investment strategies. In contrast, China’s practice and related theoretical research
started late and is limited in scale. The research of Chandan and Das [16] shows that the
state-centric corporate social responsibility (CSR) model is different from the market model
in the United States and the relationship model in the European Union. Hou and Li [17] be-
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lieve that the differences in the development of CSR in China, Europe and the United States
are caused by history, economy and enterprise development. ESG’s domestic development
in China is still not fully mature. In developed countries, institutional investors play a very
important role in ESG investment practice. Institutional investors continually monitor ESG
performance as they build their portfolios. In China, institutional investors exist but are
not mainstream, and most investors are still retail investors. Accordingly, the demand for
ESG products is still relatively small, and investors are more inclined to consider the factor
of ESG performance on a psychological level, rather than systematically including it into
the scope of investigation when allocating asset portfolios in a quantitative form [9].

2.2. The Impact of COVID-19 on China’s Stock Market

In January 2020, COVID-19 was detected in Wuhan, China. Within a month, the
number of cases in Wuhan soared to 60,000, leading to a total “lockdown” in the city and
much of China. The virus brought about an unprecedented global public health crisis,
followed by a global market-wide financial crisis. At 10 am on 23 January, Wuhan was
locked down and the stock market was closed for the Lunar New Year. China’s stock
markets reacted to the public health crisis shortly after the lockdown of Wuhan. On
3 February 2020, the market reopened and the CSI 300 index fell sharply from 4200 to 3700.
In general, the epidemic has brought a great negative impact on the stock market. To be
specific, the study by Baker et al. [18] shows that in the 22 trading days from 24 February
to 24 March 2020, 18 markets had a fluctuation of 2.5% or more every day. COVID-19
has affected policymakers, investors and companies across the globe. Dayong et al. [19]
found that COVID-19 has caused markets to become highly volatile and unpredictable.
Duan et al. [20] discovered that stock returns and turnover rates were positively predicted
by the COVID-19 sentiments during the period from 17 December 2019 to 13 March 2020,
which illustrated how the effects of the pandemic crisis were amplified by the sentiments.
Further research found that COVID-19 had an unprecedented negative impact on stock
market volatility compared to the impact of other epidemics. Duan et al. [21] develop two
COVID-19 sentiment indices that capture the moods related to COVID-19. Our sentiment
indices are real-time and forward-looking indices in the stock market. We discover that
stock returns and turnover rates were positively predicted by the COVID-19 sentiments
during the period from December 17, 2019 to March 13, 2020. Hanif et al. [22] studied the
spillover effect of the stock market and found that COVID-19 increased the risk spillover
effect of the market between March 2020 and April 2020. Huang et al. [23] found that
the stock price crash risk of energy firms significantly decreases in the post-COVID-19
period and the effect of COVID-19 on stock price crash risk is less severe for state-owned
enterprises (SOEs) than for non-SOEs in the post-COVID-19 period.

2.3. Avoid Risk Role of ESG
2.3.1. ESG and Risk

There is a view that the risk exposure of a company is related to ESG status. Heinkel et al. [1]
established a model and divided the capital market according to investors’ preferences.
The study believed that companies with high ESG scores were given higher valuations
and suffered lower systemic risks. Chen et al. [2] verified the inhibitory effect of CSR/ESG
performance on the downside risk of stock price by describing the asymmetry of stock
return distribution. Mishra and Modi [3] use empirical analysis to verify that good cor-
porate social responsibility can help reduce non-systemic risks. The empirical study of
Diemont, et al. [4] shows that tail risk measurement is closely related to ESG risk. The
research results of Sassen [24] confirm that the improvement of ESG performance has a
prominent effect on reducing stock price volatility and eliminating the overall risk of the
company. Garcia et al. [5] measured the relationship between ESG performance and sys-
temic risk by analyzing the performance of 365 companies from 2010 to 2012, and verified
that the relationship between ESG performance and systemic risk was in an inverted “U”
shape. The study of Jagannathan and Ravikumar [6] found that ESG-related risks may
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be rare, huge and non-diversified, especially related to the downside risks of enterprises.
According to the research results of Albuquerque and Koskinen [8], when a company
increases product differentiation through social responsibility investment, the higher the
social responsibility investment, the lower the systemic risk of the company and the higher
the value of the company. Lueg and Krastev [7] studied the two-way influence of ESG dis-
closure and corporate risk, and the results show that high-quality disclosure of sustainable
development performance is conducive to corporate risk reduction. Ilhan et al. [25] found
that companies with poorer ESG performance had higher tail risks. The research of Hoep-
ner et al. [13] shows that companies that take an active role in ESG/CSR, especially those
that attach importance to the environment, can reduce their downward risks in a crisis.
Shakil [26] finds a significant adverse influence of ESG on stock price volatility. However,
firm size portrays a non-significant moderating effect on ESG-stock price volatility nexus.
And portfolio managers may invest in high achieving ESG firms to leverage the market
volatility of their portfolio. Sabbaghi [27] using the Morgan Stanley Capital International
(MSCI) indices as proxies for ESG test assets, this study investigates volatility risk for the
highest ESG-rated firms through an empirical analysis in assessing how good news and bad
news impact the risk of ESG firms. The analysis provides empirical evidence in support of
the hypothesis that the impact of news on the volatility of ESG firms is larger for bad news,
compared to good news. Employing an EGARCH framework, the analysis also finds that,
in response to bad news, the observed volatility increases for small size ESG firms is lower
compared to large and mid-cap ESG firms. James [28] also found that stocks with low ESG
risk ratings (green stocks) not only have higher realized returns but also provide better
tail-risk protection than stocks with high ESG risk ratings (brown stocks), especially during
the COVID-19 crisis. The tail-risk protection provided by green stocks is robust within
sectors and styles. Green funds and exchange-traded funds (ETFs) that hold green stocks
have attracted significantly more fund flow than their counterparts, which is associated
with the outperformance for both green funds and stocks.

2.3.2. The Avoid Risk Role of ESG in Crisis

Benabou and Tirole [29] found that companies with different ESG and CSR perfor-
mance may face different systemic risk exposures, because they are resilient and have
the ability to recover faster from crises. Oikonomou et al. [30] used downside risk as a
measurement index. The author conducted an empirical study based on the S&P 500 index
from 1992 to 2009, and the results showed that corporate social responsibility was neg-
atively correlated with financial risk. Krueger [31] believes that companies with better
ESG performance can be more “resilient” and recover from shocks more quickly in the
face of negative events unique to the company. Lins et al. [32] found that companies with
high ESG scores outperformed those with low ESG scores during the 2008–2009 financial
crisis. According to Zhang [19], strong ESG/CSR companies face relatively small price
elasticity demand due to product differentiation strategy, thus reducing system risk. Broad-
stock, et al. [9] explored that the performance of companies with high ESG score was better
than that of companies with low ESG score in the context of COVID-19, and the event
study method was used to prove that ESG played a avoid risk role to a certain extent in the
crisis period compared with the normal period. Albuquerque et al. [10] used differential
difference method to measure the mitigation effect of ESG input on corporate downside
risk during the crisis, and the results showed that the downside risk of companies with
excellent ESG performance was significantly lower than that of companies with poor ESG
performance. The research of Diaz et al. [12] shows that environment and society are the
main dimensions that can reflect the role of avoiding risk during the COVID-19 crisis.
Takahashi and Yamada [11] Identify factors affecting the Japanese Stock market during
the COVID-19 pandemic period. Studies have shown that governance (ESG) engagement,
there is no evidence that firms that have highly rated ESG scores have higher abnormal
returns, but firms with ESG funds outperform those without.
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Albuquerque et al. [10] selected data during the COVID-19 epidemic to verify that
companies with high ES scores in the ESG scoring system showed lower stock price volatil-
ity in the first quarter of 2020. However, it should be noted that this paper is significantly
different from Albuquerque et al. [10] Albuquerque et al. [10] focuses on the impact of
ES (environmental and social responsibility) performance on company stock price perfor-
mance. This paper focuses on the “buffer” effect of ESG performance on company stock
price volatility under the impact of the epidemic. Albuquerque et al. [10] used the main
index ES is environment (E) and social responsibility (S), ignoring corporate governance
(G). The data in this paper are the MSCI ESG rating score disclosed by Bloomberg data
terminal, which quantifies the ESG performance of enterprises into floating point numbers.
Other advantages are higher accuracy and better differentiation. In addition, China’s ESG
investment concept was formed late. A-shares were officially included in the MSCI index
in 2018. A-share listed companies were selected as samples in this paper, which contributed
Chinese experience to ESG related research.

To sum up, ESG related research is a relatively emerging research topic in recent years,
and since performance and income related data are easier to obtain and more frequent, most
research focuses on the effect of ESG on corporate performance. In recent years, due to the
improvement of ESG information disclosure system, the improvement of data availability
and the occurrence of several financial crises, people began to discuss the relationship
between ESG and risk under the impact of financial crises. Most of the existing literature
on ESG performance and corporate risk in the academic world is to explore the relationship
between ESG performance and stock price fluctuations of a company. However, these
studies mainly focus on the period of stable economic operation, and seldom consider the
“impact” of economic crisis. However, in the few literature that consider the effect of ESG
performance on corporate risk under crisis, most of them only focus on ESG performance
during the financial crisis, without comparison before and after the crisis. In addition, there
is little literature on the impact of financial crises resulting from public health events on
financial markets. Therefore, it is of great theoretical and practical significance to further
study the avoided risk effect of ESG before and after the impact of the crisis, especially the
mitigation effect of ESG on systemic risk under the impact of COVID-19, a public health
crisis different from the financial crisis.

3. Study Design
3.1. Data Source

At present, MSCI, FTSE, Thomson Reuters, Morningstar and Sustainalytics are the
major ESG rating agencies and systems in the world. In China, there are different ESG scor-
ing matrices given by rating systems such as China Securities Index, Shangdao Ronggreen
and Social Investment Alliance. Currently, the available data is mainly based on rough
grade classification, while THE MSCI ESG index further discloses the specific score of each
dimension of E, S and G on the basis of grade classification, ranging from the minimum
0.1 to the maximum 100, thus providing a complete ESG measure. In combination with the
availability of data, this paper quantifies ESG performance in the MSCI index disclosed in
Bloomberg database to measure different corporate governance, environmental and social
performance of A-share listed companies.

This paper selects listed companies in the A-share market as samples, and the sample
range is all trading days from 1 December 2019 to 31 March 2020. At the same time, the
following three samples of ST companies, data missing and MCSI’s ESG rating system are
excluded. The ESG performance score is derived from the MSCI ESG index of Bloomberg
Data Terminal. Tobin’s Q value came from CSMAR database. Volatility, high price, low
price, average price and other corporate financial indicators come from the Wind financial
terminal. Finally, valid data for 1021 companies were obtained.

The ESG performance score is derived from the MSCI ESG index of Bloomberg Data
Terminal. Tobin’s Q value came from CSMAR database. Volatility, high price, low price, av-
erage price and other corporate financial indicators come from the Wind financial terminal.
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The cleaning, screening and organization of the original data were completed by Microsoft
Excel software, and the regression was completed by Stata software.

3.2. Variables Selection
3.2.1. Explained Variable: Volatility

Volatility in this paper is divided into window volatility and intraday volatility. Win-
dow period volatility refers to the day after Wuhan was closed down, namely 24 January 2020,
as the base date. Different days are set before and after the base date to form window peri-
ods covering different time ranges. The calculation formula of window yield is as follows:

VOLi =

√√√√∑N
t=1

[(
Rit−

∑N
t=1 Rit

N

)2]

N−1

Rit =
Pit

Pi,t−1
− 1

where, Pit is the closing price of stock I on day t, and N is the window period.
Daily stock prices within the window period are selected to calculate the volatility

within this range, which is recorded as window period volatility. The window periods
selected in this paper include 5 trading days before and after the base date, 10 trading
days before and after the base date, and the first quarter of 2020. Intraday volatility is the
intraday high, low and average price of all trading days between 1 November 2019 and
31 March 2020. The results calculated by using these three groups of data can approximately
replace intraday volatility, and the interest calculation formula is as follows:

volit = (Highit − Lowit)/Avgit (1)

In Formula (1), volit is the intra-day volatility of company i on date t, Highit is the
intra-day high price of company i on date t, Lowit is the intra-day low price of company
i on date t, Avgit is the intra-day average price of company i on date t. The calculation
reflects the maximum daily volatility of a company’s stock. We refer to Parkinson [33],
Garman and Klass [34], Rogers and Satchell [35], and Yang and Zhang [36]. But we try to
study this problem from another angle. This paper pays more attention to the protection
and buffer role of ESG performance when the company’s stock price fluctuates violently
under the impact of the epidemic. In view of the fact that COVID-19 is rapid and has a
wide range of impact and is exogenous to enterprises, ESG performance can be divided
into processing group and control group based on company characteristics. Therefore, the
double difference method is very suitable for this study, and it can identify COVID-19’s
impact on stock price volatility and the difference of price fluctuation between companies
with different ESG performance.

The higher the volatility, the more severe the volatility of financial asset prices, the
higher the uncertainty of asset returns. On the contrary, the smaller the volatility, the gentler
the price change of financial assets. Volatility in this paper is mainly used to measure risk.

3.2.2. Core Explanatory Variable: ESG

In China, ESG score data is mainly measured by MSCI ESG Index, FTSE Russell ESG
Index, China Securities Index, Business Green Index, Social Value Investment Alliance
Index and other rating systems.

In the three dimensions of ESG, Governance (G), also known as corporate governance,
is the most important, because corporate Governance risks are common and critical to
all companies. Compared with corporate governance, Environment (E) and Social (S),
namely, Environment and society, are endowed with different degrees of importance in
different industries. In the two dimensions of the environment and society, due to the rise
of the concept of “climate assistance” in recent years, the discussion on the environmental
dimension has become more intense.

40



Int. J. Environ. Res. Public Health 2022, 19, 202

The ESG rating system is designed to measure a company’s resilience to significant
environmental, social and governance risks to the industry over the long term. Taking the
MSCI ESG rating used in this paper as an example, the establishment method of ESG scoring
matrix is as follows: The first step is to select 35 indicators of different dimensions from
the three levels of environment, society and corporate governance. The second step is to
look at how companies perform on each of the 35 different indicators and give them a score
for their performance. The third step is to calculate the weighted average of the 35 scores
according to MSCI’s weighting method as the total score of ESG. The last step is to adjust
the ESG score of the enterprise into seven grades from “AAA” to “CCC”. Among them,
AAA and AA mark the leading companies in the industry, A, BBB and BB mark the average
company in the industry, and B and CCC mark the backward company in the industry.
Other ESG rating systems work in a similar way, assigning certain points to different
companies’ performance in environmental, social and corporate governance aspects, and
quantifying them into an overall score through weighted average. The difference between
different systems mostly lies in the selection of indicators of different dimensions and
different weights.

As most of the available ESG data are roughly classified, the MSCI ESG index disclosed
by Bloomberg platform further discloses the specific scores of E, S and G on the basis of
the classification, ranging from the minimum 0.1 to the maximum 100, thus providing a
complete ESG measure. Therefore, this paper selects the TOTAL ESG score data of more
than 1000 A-share listed companies covered by THE MSCI ESG rating system, and the
higher the ESG score, the better the company’s performance in CSR.

3.2.3. Control Variables

In this paper, specific characteristics of enterprises and industries are controlled. Refer-
ring to the research of Broadstock et al. [9], enterprise Size (Size), financial leverage (Lev),
TobinQ and Cash holding ratio (Cash) are selected as enterprise characteristic variables
to control. On this basis, Fixed effects of control industry. Sabbaghi [27] found that when
negative news occurs, the volatility of stock prices of large-sized enterprises also increases
significantly. However, Shakil [26] found in his study that enterprise size had no significant
moderating effect on the relationship between ESG and stock price volatility. Therefore,
enterprise Size may also affect stock price fluctuations, so we add enterprise Size into
the control variable. The size of the enterprise is expressed in this paper by the natural
logarithm of the total market value of the company, which is the data disclosed in the
2019 annual report of the company. Industry division is based on the CSRC industry code
disclosed by Wind terminal. Variable selection and definition are shown in Table 1.

Table 1. Variable selection and definition.

Variable Types Variable Name Variable Code Variable Definitions

Explained
variable

5 days before and after the
fluctuations VOL5 Five (10) days of stock price volatility before and after the window period

10 days before and after the
fluctuation VOL10 Stock price volatility of 10 days before and after the window period

(20 days in total)
Seasonal fluctuations VOLQ Stock price volatility for all trading days in the first quarter of 2020
Intraday volatility vol (Intraday high price—intraday low price)/daytime average price

Explanatory
variables ESG performance ESG Quantitative scores given by the MSCI ESG index

Control variables

The enterprise scale Size The natural log of a company’s total annual market value
Financial leverage Lev Average annual total liabilities/Average annual Total assets ×100
Tobin Q value TobinQ Company market capitalization/total assets
Cash holding ratio Cash The company holds cash/total assets

3.3. Econometric Model

The empirical test in this paper will be divided into three levels, and three models will
be used to verify them respectively.
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First, establish the regression equation between ESG performance and the company’s
volatility during COVID-19:

VOLi = α0 + α1ESGi + α2Sizei + α3Levi + α4TobinQi + α5Cashi + εi (2)

In Formula (2), VOL represents volatility in the window period: 5 trading days before
and after the base date, 10 trading days, and the first quarter of 2020 are successively
selected, and the volatility in these three window periods are respectively denoted as
VOL5, VOL10 and VOLQ. α0 is a constant term, εit is a residual term, and α1 represents the
degree of effect of ESG performance on volatility. If α1 is significantly negative, it verifies
that good ESG performance is conducive to reducing the volatility of asset prices, making
asset prices more stable and thus reducing risks.

Secondly, on the basis of Formula (2), if the company is divided into the group with
better ESG performance and the group with poor ESG performance, whether the volatility
of the former group will be significantly lower in the same period compared with the
latter group. This paper introduces a dummy variable as an ESG factor to distinguish
different groups. Therefore, the regression model for the comparison of volatility between
companies with excellent ESG performance and those with poor ESG performance during
COVID-19 is constructed:

VOLi = α0 + α1ESG fi + α2Sizei + α3Levi + α4TobinQi + α5Cashi + εi (3)

In Formula (3), ESG f is the dummy variable. The processing of this variable is to
sort the ESG scores of all companies from large to small and divide them into four equal
parts, extract the top 25% and the bottom 25% of companies, assign the value of the top
25% to 1, and the ESG f value of the bottom 25% to 0. Thus, companies with excellent
ESG performance can be distinguished from those with poor ESG performance. The other
assumptions are the same. The dependent variable is volatility in the window period, VOL.

Finally, by comparing the difference between the control group and the experimen-
tal group before and after the implementation of quasi-natural experiment, the method
constructs the difference statistics reflecting the implementation effect of quasi-natural
experiment. At the same time, this statistic can also reflect the enhancement or alleviation
of experimental implementation effect by dividing treatment groups and the basis of il-
lumination. Because the impact of COVID-19 is global, all businesses are affected almost
simultaneously. Therefore, the control group and the treatment group were constructed
from the perspective of enterprise characteristics by referring to many literatures [37]. In
this paper, the treatment group and the control group were divided according to the ESG
score of enterprises. That is, the virtual variable ESGf in Model (2) was directly used as the
grouped virtual variable.

The DID method was used to study whether companies with excellent ESG perfor-
mance had stronger “resilience” after the outbreak compared with those with poor ESG
performance before the outbreak, that is, whether they could recover from the shock more
quickly. Therefore, in order to characterize the effect of ESG performance on corporate
volatility before and after COVID-19, the following regression equation is constructed in
this paper:

volit = β0 + β1ESG fit + β2Postit + β3ESG fit × Postit + β4Sizeit
+β5Levit + β6TobinQit + β7Cashit + εit

(4)

In Formula (4), the time span is selected from trading days between 8 January 2020 and
19 February 2020. The dependent variable is intraday volatility, vol. The sample companies
also select the 25% with the highest ESG score and the 25% with the lowest ESG score, a
total of 531 companies. Set ESG f and Post dummy variables and their interaction item
ESG ∗ Post. The meaning and treatment of ESG f are the same as above; Post is a time
dummy variable used to distinguish between before and after the epidemic impact. The
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division is based on the closing day of Wuhan, China on 23 January 2020. This variable in
the data of subsequent trading days is assigned as 1, and the previous data is assigned as 0.

4. Analysis of Inspection Results
4.1. Descriptive Statistics

Table 2 lists the sample size, mean, standard value, minimum value and maximum
value of each variable. As the intraday volatility covers multiple dates and is panel data,
there are many observed values.

Table 2. Descriptive Statistics.

Variable Name Variable Code Sample Size Mean Value Standard Deviation Min Max

5-Day Fluctuation VOL5 1021 2.020 0.222 1.079 2.807
Fluctuation In the Last 10 Days VOL10 1021 1.818 0.219 1.002 2.714

Quarterly Fluctuation VOLQ 1021 1.743 0.241 1.029 2.534
Intraday Fluctuation vol 38,690 0.2294 0.4204 0 1

Esg Performance ESG 1021 24.80 7.650 11.21 61.72
Tobin Q Value TobinQ 1021 1.693 1.313 0.730 14.09

Enterprise Scale Size 1021 23.54 1.159 20.62 28.09
Cash Ratio Cash 1021 0.0018 0.0282 0 0.876

Financial Leverage Lev 1021 51.51 21.72 0.836 229.0

4.2. Benchmark Regression
4.2.1. Volatility between ESG and COVID-19

As can be seen from the regression results in Table 3, excellent ESG performance
of listed companies contributes to the stability of the company’s stock price. Since the
coefficient α1 before ESG is significantly negative, it can be inferred that, for a firm, the
higher the ESG score, the lower its volatility over time. As window volatility is selected
for 5 trading days before and after the base date, 10 trading days, and the volatility for the
whole first quarter of 2020, ESG coefficients α_1 in columns (1), (3) and (5) of Table 3 are all
significantly negative, so this conclusion is robust. In addition, Table 3 (2), (4) and (6) are
listed as the results of the fixed effect model regression. Controlling the industry fixed effect
can solve the endogeneity problem caused by the missing variables to a certain extent. The
ESG coefficient α_1 is significantly negative, being −0.127, −0.145 and −0.132 respectively,
indicating that when the ESG score increases by 1, stock price volatility decreases by 0.127,
0.145 and 0.132 over 5 trading days, 10 trading days, and the first quarter of 2020.

Table 3. Regression results of ESG and corporate volatility during COVID-19.

(1) (2) (3) (4) (5) (6)

VOL5 VOL5 VOL10 VOL10 VOLQ VOLQ

ESG −0.099 ** −0.127 ** −0.121 *** −0.145 *** −0.126 ** −0.132 **
(0.047) (0.051) (0.046) (0.050) (0.051) (0.054)

Size −0.001 −0.018 *** 0.007 −0.009 * 0.032 *** 0.012 **
(0.006) (0.006) (0.006) (0.005) (0.006) (0.006)

Lev −0.002 *** −0.001 *** −0.001 *** −0.000 −0.000 0.001
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

TobinQ −0.031 *** −0.017 *** −0.034 *** −0.020 *** −0.040*** −0.027 ***
(0.006) (0.007) (0.006) (0.006) (0.007) (0.007)

Cash −0.598 ** −0.493 ** −0.624 *** −0.541 ** −0.790 *** −0.698 ***
(0.237) (0.224) (0.235) (0.221) (0.258) (0.238)

Constant term 2.901 *** 2.574 *** 2.725 *** 2.406 *** 2.696 *** 2.383 ***
(0.141) (0.144) (0.140) (0.142) (0.153) (0.153)

Sample size 1021 1021 1021 1021 1021 1021
R2 0.100 0.233 0.091 0.238 0.095 0.265

Fixed effects YES YES YES
Note: *, ** and *** represent significant at the level of 10%, 5% and 1% respectively.
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4.2.2. Comparison of Volatility of ESG Performance during COVID-19

Further, we analyze and compare the COVID-19 volatility between high performing
and low performing ESG companies. As can be seen from the regression results in Table 4,
companies with excellent ESG performance have higher avoid risk ability compared with
companies with poor ESG performance, and their volatility is significantly lower than that
of companies with poor ESG performance. As the coefficient before ESG is significantly
negative, which is −0.044, −0.046 and −0.047 respectively, that is, the stock price volatility
of companies with good ESG performance is 0.044, 0.046 and 0.067 lower than that of
companies with average ESG performance in the 5 trading days and 10 trading days before
and after the base date of the company and in the first quarter of 2020. This shows that
companies with good ESG performance have a strong ability to resist risks.

Table 4. Regression results of the volatility of companies with high and low ESG performance
during COVID-19.

(1) (2) (3)
VOL5 VOL10 VOLQ

ESGf −0.044 ** −0.046 ** −0.067 ***
(0.021) (0.020) (0.022)

Size −0.030 *** −0.033 *** −0.027 ***
(0.009) (0.009) (0.009)

Lev −0.001 * −0.000 0.001
(0.001) (0.001) (0.001)

TobinQ −0.007 0.000 0.012
(0.008) (0.008) (0.009)

Constant term 2.810 *** 2.628 *** 2.349 ***
(0.199) (0.197) (0.208)

Sample size 526 526 526
R2 0.248 0.257 0.292

Fixed effects YES YES YES
Note: *, ** and *** represent significant at the level of 10%, 5% and 1% respectively.

4.2.3. The Effect of ESG on Corporate Volatility before and after COVID-19

(1) Parallel trend test

Figure 1 shows the intra-group mean changes of intraday volatility in the experimental
group (companies with high ESG performance) and the control group (companies with
low ESG performance) before and after the outbreak. The results showed that the variation
trend of intraday volatility of the experimental group and the control group before the
epidemic impact was basically the same, meeting the parallel trend test, and the intraday
volatility of the experimental group was always lower than the control group, which was
consistent with the above analysis.

(2) Regression analysis

The regression results of the impact of ESG on the company’s stock price volatility
before and after COVID-19 are shown in Table 5. As can be seen from Table 5, since the
time dummy variable represents the time limit of the impact of COVID-19, and the former
coefficient is significantly positive, this shows that under the impact of COVID-19, the
stock price volatility of enterprises has increased and the degree of instability has increased.
The coefficient β1 before the policy dummy variable ESG f is significantly negative, this
indicates that the stock price volatility of companies with excellent ESG performance
is lower than that of companies with poor ESG performance. The coefficient β3 before
interaction term is significantly negative, indicating that after excluding other impacts of
COVID-19, the increase of volatility of companies with excellent ESG performance is 0.002
lower than that of companies with poor ESG performance. This phenomenon can be seen
as an illustration of the “weakening” of ESG performance against shocks. In the crisis,
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ESG performance becomes the “cushion” of the company, enabling the company to have
stronger “resilience” and recover from shocks faster.

Int. J. Environ. Res. Public Health 2022, 18, x FOR PEER REVIEW 11 of 15 
 

 

4.2.3. The Effect of ESG on Corporate Volatility before and after COVID-19 
(1) Parallel trend test 

Figure 1 shows the intra-group mean changes of intraday volatility in the experi-
mental group (companies with high ESG performance) and the control group (companies 
with low ESG performance) before and after the outbreak. The results showed that the 
variation trend of intraday volatility of the experimental group and the control group be-
fore the epidemic impact was basically the same, meeting the parallel trend test, and the 
intraday volatility of the experimental group was always lower than the control group, 
which was consistent with the above analysis. 

 
Figure 1. Intra-day volatility trend of the experimental and control groups before and after COVID-
19 outbreak. 

(2) Regression analysis 
The regression results of the impact of ESG on the company’s stock price volatility 

before and after COVID-19 are shown in Table 5. As can be seen from Table 5, since the 
time dummy variable represents the time limit of the impact of COVID-19, and the former 
coefficient is significantly positive, this shows that under the impact of COVID-19, the 
stock price volatility of enterprises has increased and the degree of instability has in-
creased. The coefficient 𝛽 before the policy dummy variable 𝐸𝑆𝐺𝑓 is significantly nega-
tive, this indicates that the stock price volatility of companies with excellent ESG perfor-
mance is lower than that of companies with poor ESG performance. The coefficient 𝛽  
before interaction term is significantly negative, indicating that after excluding other im-
pacts of COVID-19, the increase of volatility of companies with excellent ESG performance 
is 0.002 lower than that of companies with poor ESG performance. This phenomenon can 
be seen as an illustration of the “weakening” of ESG performance against shocks. In the 
crisis, ESG performance becomes the “cushion” of the company, enabling the company to 
have stronger “resilience” and recover from shocks faster. 

  

Figure 1. Intra-day volatility trend of the experimental and control groups before and after COVID-19 outbreak.

Table 5. Regression results of ESG’s effect on corporate volatility before and after COVID-19.

(1) (2)
VOL VOL

Post 0.011 *** 0.011 ***
(0.001) (0.001)

ESGf −0.005 *** −0.002 ***
(0.001) (0.001)

ESGf*Post −0.002 *** −0.002 ***
(0.001) (0.001)

Size −0.001 ***
(0.000)

Lev −0.000 ***
(0.000)

TobinQ 0.002 ***
(0.000)

Cash −0.025 ***
(0.005)

Constant term 0.033 *** 0.063 ***
(0.000) (0.004)

N 13,247 13,247
R2 0.059 0.085

Note: *, ** and *** represent significant at the level of 10%, 5% and 1% respectively.

In general, we consider ESG investment as a kind of good deed to society and a cost
investment made by enterprises at the expense of economic resources. However, the re-
search results of this paper have obvious economic significance. The research results reveal
the negative correlation between ESG performance and stock price volatility, thus helping
enterprises and investors to understand the benefits of ESG input more comprehensively.
On the one hand, ESG performance can help companies achieve more robust stock price
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performance. On the other hand, it also helps investors better manage risks and build
portfolios based on ESG factors.

4.3. Robustness Test
4.3.1. Change the Subsample Selection Method

As for the second regression model Formula (3) above, the classification of ESG factor
is based on the 25% companies with the highest ESG score and the 25% with the lowest
ESG score. As the two groups of companies with the best performance and the worst
performance are selected as sub-samples, the regression results may be affected by this
selection method. Therefore, we changed the selected sub-sample, adjusted the combination
of the highest 25% and the lowest 25% ESG score to the highest 25% and 50–75% ESG score
companies, and assigned the value ESG f of the top 25% companies to 1, and the value
ESG f of the 50–75% companies to 0, and then regression. The regression results are shown
in Table 6.

Table 6. Change the subsample selection method.

(1) (2) (3)
VOL5 VOL10 VOLQ

ESGf −0.028 −0.040 ** −0.048 **
(0.020) (0.020) (0.021)

Size −0.029 *** −0.030 *** −0.032 ***
(0.009) (0.008) (0.009)

Lev −0.000 0.001 0.002 **
(0.001) (0.001) (0.001)

TobinQ −0.009 0.001 0.018 *
(0.009) (0.009) (0.009)

Cash −0.445 * −0.494 ** −0.609 **
(0.237) (0.230) (0.244)

Constant term 2.737 *** 2.503 *** 2.388 ***
(0.197) (0.191) (0.203)

Sample size 526 526 526
R2 0.257 0.277 0.315

Fixed effects YES YES YES
Note: *, ** and *** represent significant at the level of 10%, 5% and 1% respectively.

As can be seen from Table 6, when the volatility in the window period is selected for
10 trading days before and after the base day and the first quarter of 2020, the regression
result is still significantly negative; while when the volatility in the window period is
selected for 5 days before and after the base day, the regression effect is no longer significant.
The reason for this result may be that it takes a period of time for ESG performance to show
its weakening effect on volatility. Compared with the short term, the weakening effect will
be more obvious after a period of time. Therefore, on the whole, the model is robust.

4.3.2. Change the Time Span

As the third econometric model Formula (4) mentioned above may be affected by the
number of periods included in the time span before and after COVID-19 impact when it is
tested by DID method. Therefore, this paper adjusts the time span, extending the trading
daytime span from 8 January 2020 to 19 February 2020 to 2 December 2019 to 31 March
2020, and then makes a regression according to the model ideas mentioned above. The test
results are shown in Table 7, which shows that the results are still robust.
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Table 7. Change the time span.

(1) (2)
VOL VOL

Post 0.015 *** 0.015 ***
(0.000) (0.000)

ESGf −0.005 *** −0.003 ***
(0.000) (0.000)

ESGf*Post −0.002 *** −0.002 ***
(0.000) (0.000)

Size −0.001 ***
(0.000)

Lev −0.000
(0.000)

TobinQ 0.002 ***
(0.000)

Cash −0.027 ***
(0.003)

Constant term 0.030 *** 0.052 ***
(0.000) (0.002)

N 38,638 38,638
R2 0.122 0.142

Note: *, ** and *** represent significant at the level of 10%, 5% and 1% respectively.

5. Conclusions

From the perspective of COVID-19 shock, this paper selects THE MSCI ESG data
disclosed by Bloomberg data terminal and uses the difference in difference (DID) method
to test the relationship between ESG performance and stock price volatility of enterprises
under COVID-19 shock. The results show that: (1) excellent ESG performance of single
listed companies is conducive to reducing stock price volatility under the impact of crisis
and stabilizing stock price; (2) Compared with companies with poor ESG performance,
companies with excellent ESG performance had lower volatility and more stable stock
prices in the same period of time; (3) Volatility of listed companies generally rose before and
after the impact of the epidemic. In this process, companies with excellent ESG performance
saw a lower increase in volatility than those with poor ESG performance, showing stronger
“resilience” and the ability to recover faster from the impact of the crisis. As a result, ESG
performance can act as a “cushion” for a company and serve as a good hedge in a crisis.

At the same time, the research of this paper also gives us the following enlightenment:
From an investor’s perspective, investors should factor ESG into their asset allocation
considerations and avoid companies with low ESG scores, thereby avoiding costly risks.
From the perspective of enterprises, companies with good ESG performance have relatively
low stock price volatility. Therefore, enterprises should take an active role in ESG, integrate
the concept of corporate social responsibility into the operation system, and create “ESG
reputation” for enterprises. From the perspective of policy makers, since ESG performance
can reduce the systemic risk of enterprises, relevant policy departments should strengthen
support for green enterprises and related projects and encourage participation in the
construction of green projects. The government can adopt top-down measures to escort
companies with good CSR performance.
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Abstract: In the current context of rising trade protectionism, deeply understanding the impacts
of COVID-19 on economy and energy has important practical significance for China to cope with
external shocks in an uncertain environment and enhance economic resilience. By constructing an
integrated economic and energy input-output model including the COVID-19 shock, this paper
assesses the impacts of COVID-19 on China’s macro-economy and energy consumption in the context
of trade protectionism. The results are shown as follows. First, in the context of protectionism, the
outbreak of COVID-19 in China would cause a 2.2–3.09% drop in China’s GDP and a 1.56–2.48% drop
in energy consumption, while adverse spillovers from global spread of COVID-19 would reduce its
GDP by 2.27–3.28% and energy consumption by 2.48–3.49%. Second, the negative impacts of domestic
outbreak on China’s construction, non-metallic mineral products, and services would be on average
1.29% higher than those on other industries, while the impacts of global spread of COVID-19 on
export-oriented industries such as textiles and wearing apparel would be on average 1.23% higher than
other industries. Third, the effects of two wave of the pandemic on China’s fossil energy consumption
would be on average 1.44% and 0.93% higher than non-fossil energy consumption, respectively.

Keywords: COVID-19; trade protectionism; economy; energy; input-output model

1. Introduction

Since the outbreak of the 2008 financial crisis, trade protectionism has gradually risen
in the international market [1,2]. According to Global Trade Alert (GTA), China has experi-
enced the highest number of protectionist measures. The coronavirus disease (COVID-19)
outbreak was discovered in Wuhan, China, in December 2019 and then spread rapidly to
multiple countries around the world in early 2020, which was characterized as a pandemic
by the World Health Organization (WHO). The COVID-19 pandemic not only has a direct
impact on China’s economy, but also entails disruptions of global value chains and reces-
sions in major economies, thus exposing China to adverse global spillovers. Meanwhile,
the panic caused by the pandemic may further exacerbate global trade protectionism [3,4].
This shows that the COVID-19 pandemic poses a huge challenge to China’s economy in the
context of trade protectionism. In addition, some scholars found that the pandemic may
also affect energy consumption, which may be due to a bidirectional causality between
energy consumption and economic growth [5,6]. For example, Smith et al. [7] argued that
the pandemic would cause a decline in energy consumption in major carbon-emitting
countries. Norouzi et al. [8] found that the pandemic has delivered a shock to electricity
and oil demand in China. Similarly, Wang and Su [9] suggested that the reductions in
economic activity and the restrictions on transport caused by COVID-19 has significantly
decreased China’s energy consumption, especially coal consumption. The above evidence
indicates that the COVID-19 pandemic will not only bring substantial challenges to China’s
economy but also affect its energy consumption.

Much of the current literature on the pandemic analyzes its social and economic
impacts, such as its impact on output [10], industry volatility [11] and interest rates [12].
Other literature focuses on the effects of the pandemic on energy and environment, such as
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its impact on energy consumption [13] and air pollution [14,15]. However, most researchers
focusing on the economic impacts of COVID-19 ignored the effects of the pandemic on the
flow of energy products [10–12], while those examining the impacts of the pandemic on en-
ergy consumption rarely considered the relationship between energy and economy [13–15].
In addition, no studies have been found in the searchable literature that analyze the impact
of the pandemic on China in the current context of rising trade protectionism. Currently,
China is experiencing the shock of COVID-19 in the context of rising trade protectionism.
Combined with the international context that China is facing, deeply understanding the
effects of the pandemic on China’s economy and energy in this context is of great sig-
nificance for China to respond to external shocks in an uncertain environment, enhance
economic resilience, safeguard national security, and promote high-quality development.
Therefore, this paper will evaluate the impacts of the COVID-19 shock on China’s economy
and energy in the context of trade protectionism. Specifically, this paper will first construct
an integrated economic and energy input-output (IEEIO) model including the COVID-19
shock based on the characteristics of such shock. This model can capture the changes in
the global economic supply chain and energy conversion chain under the pandemic shock.
Then, according to the development of the pandemic, we will set scenarios to simulate
the shock of the COVID-19 outbreak in China and the shock of the COVID-19 global
spread. Finally, based on the IEEIO model, including the COVID-19 shock and related
scenarios, this paper will simulate and evaluate the impacts of the outbreak and spread of
the pandemic on China’s macro-economy, industry outputs, and energy consumption in
the context of trade protectionism.

This paper makes three contributions to the literature. First, this paper is the first to
assess the impacts of the COVID-19 shock on China’s economic development, industry
outputs, and energy flows from the perspective of economic–energy interactions. Although
some researchers have evaluated the effects of the COVID-19 pandemic on the economy
or on energy [10–15], most of them focus on a single dimension, and there is a lack of
studies that comprehensively examine the impacts of the pandemic on the macro-economic
level and on energy flows from the perspective of economic–energy interactions. Second,
fully considering the nature and characteristics of the shock of COVID-19, we introduce
the pandemic’s impact on supply-side and demand-side in different forms into the IEEIO
model, thus constructing the IEEIO model including the COVID-19 shock. This model
can capture the changes from the shock of COVID-19 in global supply chains and energy
conversion chains. Third, given the characteristics of the outbreak and spread of the
pandemic and its uncertainty, this paper innovatively sets up 11 scenarios to simulate and
extrapolate the impacts of the pandemic on China’s economy and energy in the context of
trade protectionism.

The structure of this paper is as follows: Section 2 reviews the relevant literature;
Section 3 constructs an IEEIO model including the COVID-19 shock; Section 4 introduces
the design of scenarios and data sources; Section 5 presents the results and discussion; and
the last section provides the conclusions and policy implications.

2. Literature Review

From the existing literature, there are three main types of literature germane to this
paper: the first is the literature that assesses the effects of COVID-19; the second is the
literature that examines the economic and energy impacts of COVID-19 on China; the third
is the literature analyzing the impacts of COVID-19 on the world and other countries.

A variety of methods have been used in the literature to assess the impacts of COVID-
19, methods which could be broadly classified into three categories. One of the common
methods is the computable general equilibrium (CGE) model. This model can be used to
evaluate the effects of the pandemic from a macro and comprehensive perspective [16].
Based on global hybrid dynamic stochastic general equilibrium (DSGE)–computable gen-
eral equilibrium (CGE) general equilibrium model, McKibbin and Fernando [17] and Jawad
et al. [18] predicted the possible progress of COVID-19 in seven scenarios and assessed the
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macroeconomic impacts of the pandemic under each scenario. Madai Boukar et al. [19]
used the CGE model to evaluate the effects of COVID-19 on employment in Cameroon’s
different sectors. The CGE model can identify all economic activities in a consistent way, in
theory, reflecting the interdependence of economic sectors [20]. However, the modeling
of the CGE model is complex, and the sensitivity of CGE outputs to shocks, model types,
and closure rules may hinder the applicability of this paper to impact assessments of
structural changes caused by shocks [21]. The input-output model is another common
method for evaluating the impacts of the pandemic on economy and energy. Based on
the input-output model, Sayan and Alkan [22] and Bonet-Morón et al. [23] assessed the
economic costs of the pandemic control measures, while Huang and Tian [24] analyzed the
impacts of the pandemic on inequality in carbon emissions. The input-output model has
been simplified to the easily constructed inter-industry-based tables [25], which is suitable
for capturing the impacts of sudden shocks on the economy [20]. However, this model
has the limitations that the technical coefficient is assumed to be constant, the production
function is assumed to be linear, and it is only applicable to static analysis. The third type
of common methods for assessing the impact of the pandemic is the econometric model.
Using econometric models, Aruga et al. [26] examined the impacts of COVID-19 on energy
consumption in India, Shaikh [27] revealed the effects of the COVID-19 on energy markets,
and Iqbal et al. [28] assessed the impacts of the pandemic on energy consumption and
carbon emissions. The econometric model can reflect the historical trend of the economy
and the schedule of economic impact, but it is constrained by the nature of past economic
relations and cannot predict possible changes in economic events or activities. In conclu-
sion, since the COVID-19 shock is a sudden short-term shock, the input-output model that
is relatively simple and more suitable for assessing shock bursts is more appropriate for
this study.

From the emergence of COVID-19 in China, many researchers have begun to examine
the domestic impact of the pandemic. Relevant studies mainly focus on the social and
economic impacts of the pandemic on China, as well as the energy and environmental
impacts. In terms of the social and economic impacts, Zhou et al. [29] and Hu et al. [10]
evaluated the macroeconomic effects of COVID-19 on China using the CGE model, and
found that the pandemic had heterogeneous impacts on industrial outputs, and the impact
on the secondary industry was significantly greater than that on the tertiary industry.
Taking a different approach, Duan et al. [30] adopted a quarterly CGE model to assess
the economic impacts of COVID-19 on China at the national and industrial levels, and
suggested that the service sector was most affected by the pandemic; Tan et al. [31] also
found that firms and activities related to the service sector were most affected. Regarding
the impacts of COVID-19 on energy and environment in China, related studies found that
the pandemic is reducing energy consumption and pollutant emissions [9,32]. Specifically,
the electricity demand [8,33] and oil demand [8] in China were found to be severely affected
by the pandemic. However, Wang and Su [9] suggested that energy consumption and
greenhouse gas emissions might exceed the prepandemic levels when China resumes large-
scale industrial production. Furthermore, some scholars also focused on the changes in
China’s economy, energy and environment during the pandemic. For example, Xu et al. [34]
examined the causal relationship between economic development and environmental
quality during this public health crisis. Their results indicated that economic activities
mainly caused environmental pollution and energy use through the COVID-19 shock in
China. Jia et al. [35] also suggested that the decline of global carbon emissions caused by
the pandemic was only due to economic recession.

As COVID-19 rapidly spread internationally, many scholars have also studied the
impacts of the pandemic on the world, as a whole, and in other countries individually.
Research on the global level focuses on the pandemic’s impacts on the macroeconomic
and microeconomic levels [17,36] as well as on the social economy [37], environment [38],
and energy [39,40]. Related studies found that the pandemic hit the global economy
significantly [17], caused huge losses of economic well-being and social capital [37], and
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also severely impacted energy and environmental sectors [39,40]. Some scholars have also
examined the economic impacts of COVID-19 on a range of countries around the world.
Salisu et al. [41] and Chudik et al. [42] found that the pandemic had negative effects on
the economies of many countries to varying degrees, with more profound and lasting
effects on developed economies than emerging economies. In addition, some scholars have
conducted studies on some countries where the pandemic was more serious, and assessed
the economic shocks of the pandemic on the United States [43,44], Britain [45], India [46,47],
Australia [48], Italy [45] and Canada [49] as well as its impacts on energy demand and
energy consumption in the United States [50], India [26] and Canada [51].

In summary, the methods for evaluating the pandemic’s impacts used by most of the
literature fail to describe in detail the changes in energy conversion chain under the shock,
and fail to incorporate the interaction between energy and economy. Moreover, studies on
the effects of COVID-19 on China usually examine only its economic or energy impacts.
There remains a paucity of research on assessing comprehensively the impacts of the pan-
demic on economic growth, industry development, and energy flows. Therefore, we will
construct an IEEIO model including the COVID-19 shock, and evaluate the impacts of the
shock on China’s economic growth and energy flows in the context of trade protectionism.

3. Methods

The IEEIO model was constructed by our research group [52]; it can be used to assess
the impacts of external shocks on China’s economy and energy. Due to space limitations,
this paper will briefly introduce the basic IEEIO model and explain how to construct the
IEEIO model including the COVID-19 shock.

3.1. Basic IEEIO Model

The IEEIO model is constructed by integrating the global multi-regional input-output
(GMRIO) model and the global energy multi-regional supply and use (GEMRSU) model.
The introduction of the GMRIO model and the GEMRSU model is shown in Appendix A.
Then, we will introduce the IEEIO model.

The link between the GMRIO model and the GEMRSU model is established by the
energy products use intensity matrix T of non-energy industries. By collation, the total
outputs of energy products E can be expressed as:

E = LETLnY · e + LEHE · e (1)

where LE is the energy product total requirements matrix of energy industries. T refers
to the energy products use intensity matrix of non-energy industries. Ln denotes the
submatrix of Leontief inverse matrix L, L = (I − A)−1, representing the total requirements
matrix for non-energy products in each industry. Y is the final demand matrix. HE denotes
the final demand matrix of energy products for households and e refers to the summation
vector consisting entirely of ones.

3.2. The IEEIO Model including the COVID-19 Shock

This paper constructs an IEEIO model including the COVID-19 shock to assess the
pandemic’s impacts on China’s economy and energy in the context of trade protectionism.
First, this paper incorporates the context of protectionism into models by changing the
trade relations among regions. This is done by changing the data associated with trade,
as described in more detail in Wang and Wu [52]. Then, as the pandemic weighs on both
demand and supply, we incorporate the COVID-19 shock into economic model by changing
the final demand structure and adding supply constraints in the optimization problem.
The pandemic shock will be further transmitted from economic system to energy system
through the IEEIO model.

The procedure for introducing the COVID-19 shock into models is as follows.
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(1) Add supply constraints in the optimization problem to introduce the supply shock
arising from COVID-19, change final demand structure s to introduce the demand
shock, and solve the optimization problem including the impacts on obtaining the
final demand Y (in monetary units) and the value added V (in monetary units) in the
optimal solution;

(2) Estimate the total outputs of energy products E (in energy units) using the IEEIO
model including the COVID-19 shock;

(3) Compare the value added V (in monetary units) and the total outputs of energy
products E (in energy units) estimated in this scenario with those in the baseline
scenarios including trade protectionism to obtain the pandemic’s economic and
energy impacts in the context of trade protectionism.

It is worth noting that since the IEEIO model is constructed based on the input-output
model, it also suffers from that model’s same limitations, which mainly include three
aspects: first, the technical coefficient is assumed to be a constant; second, the production
function is assumed to be linear; and third, this model is only applicable to static analysis.
Next, we will describe the effects of these limitations on interpreting results. First, the
assumption of the constant technical coefficient is relatively reasonable for the study in
this paper. Since this paper aims to analyze the short-term effects of COVID-19 on China’s
economy and energy, technology could be assumed to be constant in the short term.
Second, the assumption of the linear model does have a certain impact on the research
of this paper. In fact, the pandemic’s impacts on China’s economy and energy might be
nonlinear. However, it is difficult to capture these nonlinear impacts and to characterize
them accurately. Therefore, to simplify the analysis, this paper simulates the shock of the
pandemic based on the linear assumption, which is relatively reasonable and could provide
a good benchmark for the evaluation of this shock. Finally, although the input-output
model is only suitable for static analysis, it is feasible to use this model to evaluate the
effects of the pandemic on China’s economy and energy because the pandemic shock
simulated in this paper is a sudden short-term shock.

4. Scenarios and Data

Based on the IEEIO model including the COVID-19 shock, this paper defines various
scenarios to simulate and assess the pandemic’s economic and energy impacts on China
in the context of trade protectionism. In addition, the data for the COVID-19 pandemic is
introduced in this section, while the data for the GMRIO table and GEMRSU table is shown
in Appendix B. According to the number published by GTA of discriminatory trade restric-
tions implemented by countries against China, this paper divides countries covered by the
World Input-Output Table (WIOT) into three trade regions: China; countries with many
discriminatory trade restrictions against China (simply CTR hereafter, including the United
States, India, Germany, Brazil, and Canada); and rest of the World (simply ROW hereafter).

4.1. Detailed Information about Incorporating the COVID-19 Pandemic into Models

The COVID-19 pandemic could be roughly divided into two waves based on its
emergence and spread. The initial wave of the pandemic refers to the outbreak of COVID-
19 in China (mainly in the first quarter of 2020), and the second wave is the global spread
of COVID-19.

(1) The initial wave of the pandemic

The initial wave of the pandemic delivered a shock to China’s economy. This paper
introduces this shock into the economic model of supply and demand. On the supply
side, the pandemic control measures reduce labor supply and disrupt transportation, thus
lowering productivity. Therefore, we add supply constraints in the optimization problem
shown in Appendix A.1 to introduce the supply shock arising from the domestic outbreak:

XCHN
i ≤ (1− αCHN

i )XCHN,0
i (2)
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where Xi
CHN is the element of total outputs vector X, representing the output of industry i

in China. Xi
CHN,0 refers to the baseline value of the output of industry i in China. αi

CHN

represents the productivity loss rate of industry i in China under domestic outbreak.
On the demand side, the pandemic not only decreases consumption of wholesale

and retail, accommodation and food service, travel and other services, but also negatively
affects investment. Since the pandemic shock on consumption and investment in China
will cause changes in final demand structure, we introduce the demand shock arising from
domestic outbreak by changing final demand structure in the optimization problem. The
specific steps are as follows. First, estimate the decline rate of China’s final demand for
products of each trade region. Second, estimate final demand of each trade region. Finally,
recalculate the final demand structure s under domestic outbreak.

(2) The second wave of the pandemic

The pandemic continues to spread across the world although the pandemic in China
has been brought under control. CTR and ROW economies have been hit by the second
wave of the pandemic; therefore, this paper introduces the impacts of the global spread of
COVID-19 on these economies into the economic model through supply- and demand-side.
On the supply side, the spread of the pandemic would have a direct negative impact
on production activities in these two regions. We incorporate the supply shock arising
from global spread of the pandemic on these regions by adding supply constraints in the
optimization problem:

XCTR
j ≤ (1− αCTR

j )XCTR,0
j , XROW

k ≤ (1− αROW
k )XROW,0

k (3)

where Xj
CTR and Xk

ROW refer to the elements of total outputs vector X, which represent
the outputs of industry j in CTR and industry k in ROW, respectively. Xj

CTR,0 and Xk
ROW,0

are the baseline values of Xj
CTR and Xk

ROW. αj
CTR and αk

ROW represent the productivity
loss rates of industry j in CTR and industry k in ROW, respectively.

On the demand side, global spread of the pandemic delivers a negative shock to
consumption and investment in CTR and ROW. This is reflected in the optimization
problem as the changes in final demand structure. Thus, we reestimate the final demand
structure to introduce the demand shock arising from the spread of the pandemic on CTR
and ROW into the economic model. The estimation steps of final demand structure under
the spread of the outbreak are basically consistent with that under domestic outbreak.

4.2. Design of Scenarios

Since the purpose of this paper is to simulate and assess the impact of COVID-
19 on China’s economy and energy in the context of trade protectionism, we set the
baseline scenarios to include the context of trade protectionism. In order to cope with
the uncertainty of trade policies across regions, this paper sets up five baseline scenarios
(baseline scenarios 1–5 in Figure 1) based on the extreme trade relations among regions
that may be caused by trade protectionism.
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Next, to facilitate the scenario analysis, we divide the shock of COVID-19 into two
stages according to the development of the pandemic: the first stage is assumed to be the
stage with the outbreak of COVID-19 in China, and the second stage is assumed to be
the stage in which COVID-19 is controlled in China, but spreads globally. Then, we will
introduce baseline scenarios and the scenarios designed at these two stages, as shown in
Figure 1.

In terms of baseline scenarios, as shown in Figure 1, baseline scenarios 1 and 2 assume
that CTR do not import from China and meet demand for China’s products by increasing
internal production (baseline scenario 1) or imports from ROW (baseline scenario 2).
Baseline scenarios 3–5 assume that CTR do not import from China, while China does not
import from CTR. Specifically, baseline scenario 3 assumes that CTR demand for China’s
products and China’s demand for CTR products could be met by their own products;
baseline scenario 4 assumes that CTR demand is met by ROW products and China’s
demand is met by domestic products; and baseline scenario 5 assumes that CTR demand is
met by their own products and China’s demand is met by ROW products.

At the first stage, China’s domestic outbreak may exacerbate trade protectionism.
This means that the actual trade relations among regions at this stage may be closer to the
extreme trade relations in the baseline scenarios. Therefore, this paper introduces the shock
of the initial wave of the pandemic into the five baseline scenarios and defines them as
scenarios 1–5, as shown in Figure 1. The trade relations in scenarios 1–5 correspond to those
in baseline scenarios 1–5, respectively. At the second stage, the global spread of COVID-19
may further aggravate global trade protectionism. This paper introduces the shock of the
second wave of the pandemic into baseline scenarios 3–5, and sets optimistic scenarios
(scenarios 6–8) and pessimistic scenarios (scenarios 9–11) considering the uncertainty of
the spread of the pandemic, as presented in Figure 1. The trade relations in scenarios 6–8
and scenarios 9–11 correspond to those in baseline scenarios 3–5, respectively.

Overall, we set 11 scenarios to simulate the shock of COVID-19 in the context of trade
protectionism. Scenarios 1–5 at the first stage and scenarios 6–11 at the second stage are
used to simulate the impacts of the pandemic in China and the global spread of COVID-19
in the context of trade protectionism, respectively.

4.3. Data for the COVID-19 Pandemic

To introduce the demand and supply shocks arising from COVID-19 into the opti-
mization problem, we calculated the productivity loss rates and the decline rates of final
demand in China under the initial and second waves of the pandemic.

(1) Data for the initial wave of the pandemic

Due to the lack of information on the productivity loss of China’s industries during the
domestic outbreak of COVID-19, the productivity loss rates caused by the initial wave of
the pandemic were estimated using the decline rates of value added of China’s industries
in the first quarter of 2020. Following Zhou et al. [29], this paper converted the productivity
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loss rates in the first quarter of 2020 to those in the full year based on the annual shares of
industrial value added in the first quarter of 2019.

Furthermore, due to the paucity of data for final demand change of China’s industries
during the outbreak, the impacts of domestic outbreak on consumption in services and
fixed asset investment were estimated by two indicators, i.e., the decline rates of total retail
sales of consumer goods and fixed asset investment in the first quarter of 2020. First, using
the annual shares of these two indicators in the first quarter of 2019, this paper converted
the decline rates of consumption in services and fixed asset investment in the first quarter
of 2020 to those in the full year. Then, based on these data for the full year, the decline
rates of China’s final demand caused by the initial wave of the pandemic were estimated
using the weight of the shares of final consumption expenditure by households and gross
fixed capital formation in final demand. The basic data can be obtained from the National
Bureau of Statistics of China.

(2) Data for the second wave of the pandemic

The Global Economic Prospects (GEP) released by the World Bank Group in January
2021 and the World Economic Outlook (WEO) released by the International Monetary
Fund in October 2020 reported the GDP growth rates of countries in 2020. This paper used
these data to estimate the range of the productivity loss rates in CTR and ROW caused
by the second wave of the pandemic. First, based on the GDP growth rates of countries
in 2020 reported by GEP and WEO, the weighted GDP decline rates of CTR and ROW
were calculated using the GDP of countries in 2019 as weights. Then, due to the lack of
information on the impacts of the global spread of COVID-19 on specific industries in
regions, the GDP decline rates of CTR and ROW were appropriately adjusted to represent
the productivity loss rates of various industries in these regions, according to the industry
characteristics and the different effects of the initial wave of the pandemic on China’s
industries. Finally, this paper sets optimistic scenarios and pessimistic scenarios under the
second wave of the pandemic based on the range of the productivity loss rates of industries
in CTR and ROW.

Moreover, due to the lack of data for final demand change of CTR and ROW during
the spread of COVID-19, the growth rates of private consumption and fixed investment
in emerging markets in 2020 reported by GEP were used to estimate the decline rates
of final demand in CTR and ROW under the second wave of the pandemic. This paper
used different data sources to calculate the decline rates of final demand in CTR and
ROW because of the differences in countries covered by these two regions. Given the
geographical location and the severity of outbreaks in countries covered by CTR, data for
South Asia Region, Latin America and the Caribbean, Europe and Central Asia reported
by GEP were used to estimate the impact of global spread of COVID-19 on CTR final
demand. ROW consist of countries and regions in the world except for China and CTR. It
should be noted that China, the main economy in East Asia and Pacific (EAP), has brought
domestic outbreak under control while the pandemic continues to spread across the world,
and China’s investment and consumption are recovering gradually. Therefore, to avoid
a disruption in China’s demand recovery, this paper adopted data for emerging markets,
except EAP, to estimate the impact of the global spread of COVID-19 on ROW demand.

5. Results and Discussion

Based on the scenarios and stages defined in the previous section, this paper ana-
lyzes the impacts of COVID-19 on China’s economy and energy in the context of trade
protectionism. The simulation results of scenarios 1–5 at the first stage are presented in
Figures 2–5, showing the impacts of the COVID-19 outbreak in China in the context of trade
protectionism. The results of scenarios 6–11 at the second stage are reported in Figures 6–9,
which reflect the effects of global spread of COVID-19 in the same context.
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5.1. The Impacts of the COVID-19 Outbreak in China on China’s Economy and Energy in the
Context of Trade Protectionism

At the first stage, the COVID-19 outbreak in China not only had a direct impact on
China’s economy and trade, but may also have prompted some countries to implement
more trade restrictions. This paper sets scenarios 1–5 by introducing the shock of domestic
outbreak into five baseline scenarios to assess the impacts of the outbreak on China’s
economic development and energy consumption in the context of trade protectionism.

5.1.1. The Impact of the COVID-19 Outbreak in China on GDP

Figure 2 presents the impact of the COVID-19 outbreak on China’s economy in the
context of trade protectionism. Overall, the simulation result indicates that domestic
outbreak will involve a 2.20–3.09% decline in China’s GDP relative to prepandemic levels.
This finding is basically in line with those of previous studies such as Zhou et al. [29], who
evaluated the macroeconomic effects of COVID-19 based on the CGE model and found that
the pandemic would lead to a 1.43% drop in China’s GDP. In a similar study, Hu et al. [10]
suggested that China’s GDP would fall by 1.27% under the optimistic scenario and by
2.07% under the pessimistic scenario during the pandemic. By contrast, the decline in
GDP under the pandemic estimated in this paper is slightly higher than that estimated by
Zhou et al. [29]. The main reason for this might be that the different settings of coefficients
in the CGE model may lead to differences in the simulation results. For example, there
are obvious differences in the estimates of impacts of the pandemic under the optimistic
scenario and pessimistic scenario estimated by Hu et al. [10], and our estimates are much
closer to their estimates in the pessimistic scenario. In short, the estimation results of these
studies could, to some extent, support the credibility of the results of this study.
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Figure 2. The impact of the COVID-19 outbreak in China on GDP in trade regions in the context of
trade protectionism.

Furthermore, the COVID-19 outbreak in China may also affect the economic devel-
opment in CTR and ROW in the context of trade protectionism. As shown in Figure 2,
under scenarios 1, 2 and 5, economic growth in these two regions will be less affected by
the outbreak, with GDP changing by less than 0.1%. In contrast, the outbreak in China will
deliver a relatively large economic shock to CTR and ROW in scenarios 3 and 4. Under
these scenarios, the channel of the outbreak’s economic impact ROW might be that the
pandemic would cause severe economic losses in China, resulting in a contraction in its
import demand for ROW. This would further negatively affect ROW economies. The
negative shock of the outbreak to CTR may be due to the fact that ROW economic losses
would indirectly affect CTR through trade between these two regions. Based on the above
analysis, the possible explanations for the phenomenon that economic growth in CTR and
ROW will be less affected by the outbreak under scenarios 1, 2 and 5 are as follows: Since
ROW economies would be impacted by the pandemic through the trade between China
and ROW, the magnitude of ROW economic losses depends largely on the magnitude
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of China’s economic losses. Under scenarios 1, 2 and 5, China’s economic losses were
significantly less than those under scenarios 3 and 4, which might explain the smaller
economic losses in ROW under these scenarios. Similarly, the impact of the pandemic on
CTR is realized by affecting the trade between CTR and ROW. Under scenarios 1, 2 and 5,
ROW will be less affected by the pandemic, meaning that trade between CTR and ROW
is relatively stable under these scenarios. This is the reason why the outbreak in China
would have a smaller impact on CTR under these three scenarios. Globally, the COVID-19
outbreak in China will lead to a decline in global GDP under scenarios 1–5. This suggests
that in the context of the integration of the global economy, the outbreak in China would
not only negatively affect China’s economy, but also generate adverse spillovers for other
economies and the world.

5.1.2. The Impact of the COVID-19 Outbreak in China on Industrial Value Added

As can be seen from Figure 3, in the context of trade protectionism, China’s industries
will be negatively affected by this domestic outbreak, albeit in varying degrees. Of these
industries, construction, non-metallic mineral products, wood and wood products, and
services will suffer greater output losses, the decline rate in value added relative to them
will average 1.29% higher than that of other industries. More concretely, in a scenario with
the largest impact from COVID-19 on China’s economy (scenario 4), the value added of
these four industries will fall by 4.77%, 4.15%, 3.63%, and 3.30%, respectively, relative to
prepandemic levels; in a scenario with smaller impact from COVID-19 (scenario 2), the
value added relative to them will decline by 3.89%, 3.28%, 2.75%, and 2.41%, respectively,
compared to prepandemic levels. The reasons why these four industries would be greatly
affected by the outbreak are as follows. First, as a labor-intensive industry, construction
is vulnerable to production shutdowns, production delays, and labor shortages, together
with the shortage of inputs and with transportation difficulties, making it the severely
affected industry during the domestic outbreak. Second, non-metallic mineral products and
wood and wood products, the upstream industries of construction and other industries,
would be not only directly impacted by the pandemic, but also negatively affected by
the output declines and investment weakness in their downstream industries. Third, the
outbreak would sharply curb consumption of traditional services such as accommodation,
food service, and tourism, but have little influence on emerging services such as financial
services, and even drive the development of online services. The overall effect of the
outbreak on services is negative as traditional services accounted for a larger proportion.

Figure 3 also shows the impacts of the COVID-19 outbreak in China on industry
development in CTR and ROW. Since industry outputs in these two regions will be less
affected by the COVID-19 outbreak under scenarios 1, 2, and 5, this paper analyses and
discusses the impacts of the outbreak on industries based on the simulation results of
scenarios 3 and 4. As can be seen from the graph above, mining and quarrying and manu-
facture of metals in ROW will be more negatively impacted by the outbreak. According to
the WIOT 2014, ROW exports of these two industries accounted for 17.18% and 13.72% of
the corresponding industry outputs, and their exports to China accounted for 44.84% and
42.42% of total exports of corresponding industries, respectively. It means that mining and
quarrying and manufacture of metals are the main export industries in ROW, and China
is the main export destination for these two industries. The COVID-19 outbreak in China
would cause output losses in China’s industries, resulting in a contraction in its import
demand for ROW products. This might be the main reason why these two industries in
ROW would be greatly affected by the outbreak. In addition, the value added of CTR
industries will decline to varying degrees in scenarios 3 and 4. This phenomenon indicates
that even though these scenarios assume that trade between CTR and China stops, and
CTR are not directly impacted by the outbreak in China, they would be indirectly affected
through trade with ROW.
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Figure 3. The impact of the COVID-19 outbreak in China on industrial value added in trade regions in the context of
trade protectionism.

5.1.3. The Impact of the COVID-19 Outbreak in China on Total Energy Consumption

Figure 4 shows that under scenarios 1–5, the domestic COVID-19 outbreak will cause a
1.56–2.48% drop in China’s total energy consumption in the context of trade protectionism,
relative to prepandemic levels. This result may be explained by the fact that the COVID-19
shock could be transmitted from economic system to energy system through the interaction
between economy and energy. After the pandemic hit, China adopted control measures
such as shutdowns or delays of production and restrictions on transport. These measures
delivered a significantly negative shock to economic activities, thus resulting in a substantial
decline in domestic demand for energy products. The outbreak impact under scenario 4
would have the most severely adverse effect on China’s total energy consumption. This
scenario’s simulation results, in Section 5.1.1, suggest that the outbreak would lead to
large economic losses in China. This is the reason why there is a big drop in China’s total
energy consumption under this scenario. Furthermore, the simulation results show that the
decline in China’s GDP caused by domestic outbreak is slightly higher than that in its total
energy consumption. The possible explanations for this are as follows: The production
in some energy-intensive industries is related to the stability of people’s livelihood and
the control and prevention of the pandemic. Furthermore, since energy demand in these
industries is less affected by the outbreak, and human life has a rigid demand for energy
products, the drop in energy consumption is less than that in GDP.
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Figure 4. The impact of the COVID-19 outbreak in China on total energy consumption in trade
regions in the context of trade protectionism.

As illustrated in Figure 4, the changes of total energy consumption in CTR and ROW
are less than 0.1% under scenarios 1, 2, and 5. Thus, this paper analyses the impact of the
COVID-19 outbreak in China on their energy consumption based on the simulation results
of scenarios 3 and 4. The results show that relative to prepandemic levels, the total energy
consumption in CTR will fall by 0.15% and 0.89% in scenarios 3 and 4, respectively, and will
decline, in ROW, by 0.27% and 1% under these two scenarios, respectively. There are two
main reasons for the decline in ROW total energy consumption caused by China’s domestic
outbreak. First, industry outputs in ROW would shrink due to the negative spillovers
from the outbreak, which reduces their energy consumption as well. Second, the pandemic
would cause a decline in China’s energy demand, with a contraction in its import demand
for ROW energy products such as coal, oil, and natural gas. This would further steepen
the drop in ROW energy consumption. Moreover, a major reason for the decline in CTR
energy consumption is that industry outputs in CTR would be indirectly affected by the
outbreak in China, thus resulting in a reduction in their energy demand. For the world, the
simulation results suggest that the outbreak in China will involve a 0.43–1.35% decline in
global energy consumption relative to prepandemic levels.

5.1.4. The Impact of the COVID-19 Outbreak in China on Consumption of Energy Products

The simulation result of the domestic impact of the COVID-19 outbreak on China’s
fossil energy and non-fossil energy consumption in the context of trade protectionism
is presented in Figure 5. As can be seen from this figure, the COVID-19 outbreak will
deliver a significantly negative shock to China’s fossil energy consumption, reducing it by
1.69–2.6% relative to prepandemic levels. In contrast, non-fossil energy consumption would
be less impacted by the outbreak, with a 0.26–1.18% decline compared to prepandemic
levels, a decline rate 1.44% lower than fossil energy consumption on average. There may
be two reasons for this phenomenon. Firstly, the outbreak would affect China’s energy
consumption mainly by hitting energy demand in energy-intensive industries such as the
chemical industry, non-metallic mineral products, and manufacture of metals. Energy
consumption of these energy-intensive industries is dominated by fossil fuels such as
coal. Therefore, fossil energy consumption is more sensitive to the COVID-19 shock
than non-fossil energy consumption. Secondly, China has provided a series of support
policies for power generation from renewables to promote its development. These policies
could offset to some extent the adverse effects from the pandemic on non-fossil energy
demand. In addition, the finding that fossil energy consumption would be more affected
by the outbreak is basically consistent with that of the Annual Report on China’s Energy
Development 2019. The report shows that the pandemic would lead to a decline in China’s
fossil energy consumption such as coal and oil, while non-fossil energy consumption would
continue to grow, with a drop in growth rate. However, the result in this paper indicates
that the outbreak would also hit China’s non-fossil energy consumption, which differs
from the estimates in the report. Non-fossil energy is mainly used for power generation,
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heating, and biofuel production. It could be inferred that there are two reasons for the
decline in non-fossil energy consumption: first, the outbreak would cause a fall in China’s
electricity demand, thereby reducing the consumption of non-fossil fuels used for power
generation; second, transportation would be hard hit by the pandemic, thus lowering the
demand for biofuels.
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Figure 5. The impact of the COVID-19 outbreak in China on primary and secondary energy con-
sumption in trade regions in the context of trade protectionism.

Figure 5 also shows the impacts of the COVID-19 outbreak in China on fossil energy
and non-fossil energy consumption in CTR and ROW in the context of trade protectionism.
The simulation results show that under scenario 3, fossil energy and non-fossil energy
consumption in CTR will decline by 0.15% and 0.14%, respectively, relative to prepandemic
levels, and those in ROW will drop by 0.36% and 0.16%, respectively. Under scenario 4,
those in CTR will fall by 0.89% and 0.87%, respectively, and those in ROW will decline
by 1.09% and 0.90%, respectively. These results suggest that fossil energy consumption in
both CTR and ROW would be slightly more impacted by the outbreak in China than non-
fossil energy consumption, which is in agreement with the simulation result for China’s
energy consumption. According to the WIOT, the shares of fossil energy in primary energy
consumption in CTR and ROW were 92% and 89% in 2014, respectively. BP’s Statistical
Review of World Energy 2020 reports that fossil energy still accounted for 84 % of global
primary energy consumption in 2019. This could explain the phenomenon that fossil
energy consumption in these regions would be greatly affected by the outbreak in China.

5.2. The Impacts of Global Spread of COVID-19 on China’s Economy and Energy in the Context of
Trade Protectionism

At the second stage, COVID-19 continues to spread across the world, although in
China the spread has been brought under control. This may aggravate global trade protec-
tionism. With the deepening of China’s embedding in global value chains, the global spread
of COVID-19 (simply global pandemic spread hereafter) and increased trade protectionism
would have direct or indirect impacts on China’s economy and energy. By introducing
the shock of the pandemic on CTR and ROW into baseline scenarios 3–5, this paper sets
optimistic scenarios (scenarios 6–8) and pessimistic scenarios (scenarios 9–11) to evaluate
the impacts of the global pandemic spread on China’s economic development and energy
consumption in the context of trade protectionism.
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5.2.1. The Impact of Global Pandemic Spread on GDP

Figure 6 shows the impact of global pandemic spread on China’s economy in the
context of trade protectionism. As can be seen from this figure, global pandemic spread will
reduce China’s GDP by 2.27–3.18% under the optimistic scenarios (scenarios 6–8) and by
2.46–3.28% under the pessimistic scenarios (scenarios 9–11), compared with prepandemic
levels. This means that although China has effectively brought domestic outbreak under
control, the global pandemic spread would also generate adverse spillovers for China’s
economy. The possible explanations for this phenomenon are as follows: Data from the
National Bureau of Statistics of China show a high degree of China’s dependence on
foreign trade, which was close to 32% in 2019. This implies that China is highly dependent
on international markets and its growth is vulnerable to economic fluctuations in other
economies. It could be inferred that global pandemic spread would cause cross-border
spillovers to China through a negative impact on demand and supply in other economies.
Concretely, first, the degree of export dependence in China is generally higher than that
of import dependence, meaning that the negative spillover impacts of the pandemic
on China come mainly from the demand side. Global pandemic spread would cause
economic contractions in many countries, resulting in a decline in their demand for China’s
products. This demand shock, together with disruptions to trade and transportation
caused by pandemic-control measures, would deal a significant blow to China’s exports.
Second, global pandemic spread would also negatively affect China’s economy through
supply channels. In fact, some raw materials and crucial components needed by China’s
manufacturing industry are highly dependent on imports. The pandemic spread would
disrupt the production and supply of these products, thus leading to further output losses
in the manufacturing industry. Moreover, it is found that the impact of global pandemic
spread on China’s economy is slightly larger than that of the outbreak in China. COVID-19
rapidly struck the world in early 2020, the outbreaks in many countries were worse than
that in China, which would lead to the economic recession in China’s major trading partners
and in turn hit China significantly. This might be the main reason why global pandemic
spread would deliver a larger economic shock to China than domestic outbreak.
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Figure 6. The impact of global pandemic spread on GDP in trade regions in the context of trade pro-
tectionism.

Figure 6 indicates that global pandemic spread will reduce CTR GDP by 7.66–8.61%
and ROW GDP by 7.13–8.08%, relative to prepandemic levels. By contrast, the declines in
GDP of these two regions at this stage are roughly three times as steep as that of China’s
GDP at the first stage. This implies that the adverse economic impacts of global pandemic
spread on CTR and ROW are much larger than that of the domestic outbreak in China.
This might be related to the severity of the outbreaks in different regions. In addition, the
simulation results show that economic growth in CTR would be slightly more affected by
global pandemic spread than that in ROW. The possible explanation for this is that CTR
contain some countries with larger outbreaks, such as the United States, India, and Brazil,
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which were the three countries with the largest cumulative confirmed cases of COVID-19
as of 15 December 2020, according to real-time data of COVID-19. For the world, relative
to prepandemic levels, global pandemic spread will involve a 6.66–7.62% decline in global
GDP in the context of trade protectionism. This suggests that the pandemic would cause a
deep global recession.

5.2.2. The Impact of Global Pandemic Spread on Industrial Value Added

As shown in Figure 7, China’s industries will be negatively impacted by global pan-
demic spread in varying degrees in the context of trade protectionism. Of these industries,
textiles and wearing apparel, machinery and equipment, and other manufacturing will
suffer greater output losses, the decline rate in value added of them would be on average
1.23% higher than that of other industries. According to the analysis in Section 5.2.1, global
pandemic spread would impact China’s economy mainly by hitting export demand. There-
fore, China’s export-oriented industries such as textiles and wearing apparel, machinery
and equipment, and other manufacturing will be significantly affected by the pandemic
spread. Specifically, in the optimistic scenarios (scenarios 6–8), the value added of textiles
and wearing apparel will fall by 3.82–4.75% relative to prepandemic levels, that of ma-
chinery and equipment by 3.30–4.21%, and that of other manufacturing by 3.48–4.39%; in
the pessimistic scenarios (scenarios 9–11), the value added of these three industries will
decline by 3.93–4.85%, 3.56–4.32%, and 3.66–4.49%, respectively, compared with prepan-
demic levels. The simulation results in Section 5.1.2 suggest that the COVID-19 outbreak
in China will have the most severely negative impact on its construction, non-metallic
mineral products, wood and wood products, and services. It is observed that industries
more affected by global pandemic spread differ from those more affected by the domestic
outbreak. This phenomenon might be explained as follows: At the first stage, domestic
outbreak hit China’s economy through the supply and demand side. Thus, construction
and manufacturing that are vulnerable to shutdowns and restricted labor supply, together
with services that are vulnerable to consumption reduction, would suffer greater output
losses caused by the outbreak. While at the second stage, the pandemic spread would
generate negative spillovers for China’s economy mainly through demand-side channels,
which delivers a significantly negative shock to its exports. This is the reason why export-
oriented industries such as textiles and wearing apparel, and machinery and equipment
would be more impacted by global pandemic spread.

Figure 7 shows that there are also differences in the impacts of global pandemic spread
on various industries in CTR and ROW. In terms of CTR, construction, non-metallic mineral
products, and services will be more negatively impacted by global pandemic spread, and
the value added of them will fall by 7.71–8.65%, 7.75–8.70%, and 7.69–8.63%, respectively,
relative to prepandemic levels. While for ROW, construction, textiles and wearing apparel,
and services will be more affected by global pandemic spread, their value added will drop
by 7.26–8.20%, 7.23–8.22%, and 7.19–8.15% compared to prepandemic levels, respectively.
As can be seen, industries more affected by global pandemic spread in these regions are
construction, manufacturing, and services, which are basically in line with industries in
China more affected by domestic outbreak. This result may be explained by the fact that
the basic characteristics of industries could determine to some extent the degree of the
pandemic’s impacts on them. For example, construction, a labor-intensive industry, is
vulnerable to shutdown and labor shortages, so construction in these three regions would
be subject to severely adverse impacts; lockdowns and quarantines to slow the spread of
the pandemic would dampen consumption of offline services such as accommodation and
food service, making it the directly affected industry during the pandemic.
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Figure 7. The impact of global pandemic spread on industrial value added in trade regions in the context of trade protectionism.

5.2.3. The Impact of Global Pandemic Spread on Total Energy Consumption

The simulation result of the impact of global pandemic spread on China’s total energy
consumption in the context of trade protectionism is presented in Figure 8. From this
figure we can see that global pandemic spread will reduce total energy consumption in
China by 2.48–3.39% under the optimistic scenarios (scenarios 6–8) and by 2.68–3.49%
under the pessimistic scenarios (scenarios 9–11), relative to pre-pandemic levels. These
results indicate that global pandemic spread would deliver a significantly negative shock
to China’s energy consumption. There may be two reasons for this. In the first place, the
negative spillover impacts of the pandemic spread will lead to a decline in export demand
for China’s manufacturing industries, such as textiles and wearing apparel, and machinery
and equipment. This would have a significant negative impact on manufacturing industries,
resulting in a reduction in their energy demand. Secondly, according to the World Economic
Survey (WES) database in 2014 and the China Statistical Yearbook in 2018, China exported
energy products such as coke, kerosene, gasoline and diesel to some countries covered by
ROW. ROW would suffer large economic losses from global pandemic spread. This would
cause a contraction in ROW energy demand, thereby reducing their import demand for
China’s energy products as well. To some degree, the above analysis could be supported
by data from the CCS, which shows a decline in China’s exports of some energy products
during the pandemic. For example, the cumulative amount of China’s exports of coke fell
by 57% in 2020.
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Figure 8. The impact of global pandemic spread on total energy consumption in trade regions in the
context of trade protectionism.

Figure 8 also presents the impact of global pandemic spread on energy consumption in
CTR and ROW. Under scenarios 6–11, CTR total energy consumption will fall by 7.56–8.5%
relative to pre-pandemic levels, and ROW by 6.98–7.93%. Global pandemic spread may
affect ROW’ energy consumption through multiple channels. First, the pandemic spread
would have a direct negative impact on outputs in ROW, resulting in a large drop in their
energy consumption. Second, CTR would be also directly affected by the pandemic, with a
decline in outputs, thereby leading to a severe contraction in their import demand for ROW
energy products such as coal, oil, and natural gas. Third, China’s energy demand would
shrink due to the negative spillovers of the pandemic spread, which reduces its demand
for ROW energy products. Unlike ROW, there may be two channels for the pandemic’s
impact on CTR energy consumption. The first is that the direct impact of the pandemic on
CTR would cause a sharp decline in their energy demand, thus reducing the total energy
consumption. On the other hand, energy demand contraction in ROW caused by global
pandemic spread would reduce their import demand for CTR energy products such as oil
and biofuels. For the world, relative to prepandemic levels, global pandemic spread will lead
to a 5.96–6.93% reduction in global energy consumption in the context of trade protectionism.

5.2.4. The Impact of Global Pandemic Spread on Consumption of Energy Products

As can be seen from Figure 9, in the context of trade protectionism, China’s fossil
energy and non-fossil energy consumption will be affected by the global pandemic spread
in varying degrees. The simulation result shows that relative to prepandemic levels, fossil
energy consumption in China will decline by 2.49–3.4% under the optimistic scenarios
(scenarios 6–8) and by 2.69–3.51% under the pessimistic scenarios (scenarios 9–11), while
non-fossil energy consumption will drop by 1.56–2.47% under the optimistic scenarios
and by 1.75–2.57% under the pessimistic scenarios. It implies that China’s fossil energy
consumption is more sensitive to the shock of the pandemic spread; its decline rate would
be 0.93% higher than non-fossil energy consumption on average. Three reasons might
account for this. First, the energy consumption structure dominated by fossil energy could
explain to some extent why fossil energy consumption would be more affected by the
pandemic. Second, China’s support policies for renewables could help offset the negative
impact of the pandemic on non-fossil energy demand. These two reasons are the same
as the reasons why fossil energy consumption would be more impacted by domestic
outbreak at the first stage. In addition, the third reason is that the pandemic spread
would cause a contraction in ROW import demand for China’s energy products. The WES
database in 2014 shows that China exported coke, natural gas and other fossil fuels to some
countries covered by ROW. This means that weak external demand may lead to a decline
in fossil energy consumption in China, but may not hit non-fossil energy consumption. In
addition, this phenomenon is basically consistent with the characteristics of the impact of
the outbreak in China on China’s primary energy consumption.
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Figure 9. The impact of global pandemic spread on primary and secondary energy consumption in
trade regions in the context of trade protectionism.

The simulation results show that global pandemic spread will affect fossil energy and
non-fossil energy consumption in CTR and ROW. Overall, CTR fossil energy consumption
will fall by 7.55–8.5% and ROW by 6.76–7.73%, while CTR non-fossil energy consumption
will drop by 7.65–8.59% and ROW by 7.19–8.15%, compared with prepandemic levels. The
World Energy Outlook 2020 released by the IEA suggests that global oil consumption was
expected to decline by 8% and coal consumption by 7% in 2020. This could, to some degree,
support the credibility of the declines, in these two regions, of fossil energy consumption
estimated in this paper. Furthermore, the possible explanations for the phenomenon that
non-fossil energy consumption in CTR and ROW would be more affected by the pandemic
are as follows. On the one hand, according to the WES database in 2014, biomass accounted
for more than 90% of renewable energy consumption in CTR and ROW. On the other
hand, global pandemic spread may lead to a drop in biomass use for two reasons. First,
the pandemic would cause interruptions or delivery delays of biomass power projects,
resulting in a reduction in biomass use. Second, lower transport fuel demand caused by the
pandemic, together with weaker competitiveness of biofuels due to a lowering of fossil fuel
prices [53], would reduce the demand for transport biofuels, thereby leading to a decline in
biomass use. Put differently, a high share of biomass in non-fossil energy consumption and
a large impact of the pandemic on biomass use could explain the drop in non-fossil energy
consumption in these two regions.

6. Conclusions and Policy Implications

This paper constructs an integrated economic and energy input-output model that
includes the COVID-19 shock, and simulates and assesses the impacts of the pandemic
on China’s economy and energy in the context of trade protectionism. The principal
conclusions of this paper are as follows: Overall, the simulation results indicate that in
the context of trade protectionism, domestic outbreak will lead to a 2.20–3.09% decline
in China’s GDP, while global pandemic spread will cause a 2.27–3.28% drop in its GDP,
compared to prepandemic levels. China’s industries will be negatively affected by two
waves of the pandemic in varying degrees. Domestic outbreak would deliver a relatively
large shock to construction, non-metallic mineral products, wood and wood products, and
services, while global pandemic spread would have a larger negative impact on China’s
textiles and wearing apparel, machinery and equipment, and other manufacturing.

Meanwhile, relative to prepandemic levels, the outbreak in China will reduce China’s
total energy consumption by 1.56–2.48%, while global pandemic spread will cut that by

68



Int. J. Environ. Res. Public Health 2021, 18, 12768

2.48–3.49%. For primary energy, these two waves of the pandemic would have a larger
negative effect on China’s fossil energy consumption and a smaller effect on non-fossil
energy consumption, with the effect on the former averaging 1.44% and 0.93% higher than
the latter, respectively.

Based on these findings, the following policy implications can be obtained in this paper.
Firstly, China should pay more attention to problems in industry development ex-

posed during the pandemic to promote the transformation and upgrading of traditional
industries, and achieve high-quality development. The simulation results show that
China’s industries with a low degree of digitalization, such as construction, traditional
manufacturing, and services, will suffer greater output losses from the domestic COVID-19
outbreak. In contrast, industries with a high degree of digitalization such as e-commerce
may be less affected by the outbreak. This reveals the problem of the lower degree of
digitalization in some traditional industries. Hence, the outbreak should be considered
as an opportunity to promote the transformation of traditional industries and accelerate
the realization of high-quality development. One is to further increase the application of
digital technology and intelligent construction technology in the construction industry,
and propel the transformation of this industry in the direction of digital and intelligent
aspects. The second is to comprehensively facilitate the deep integration of the internet,
big data and artificial intelligence with the real economy, and promote the high-quality
development of traditional manufacturing and services with automation, digitalization
and intelligence.

Secondly, export-oriented industries in China should enhance their risk resistance
and economic resilience to cope with the possible external demand shocks brought by the
pandemic. This paper finds that since the global pandemic spread would impact China’s
economy mainly by hitting export demand, export-oriented industries such as textiles
and wearing apparel, machinery and equipment, and other manufacturing will suffer
greater output losses. Therefore, China’s export-oriented industries should take active
measures to cope with the external demand shock. On the one hand, export-oriented
industries should increase R&D investment in high-end industries, improve industrial
chain structure, and enhance China’s position in the global industrial chain. On the one
hand, export-oriented industries could enhance their anti-risk capability by developing
diversified export markets.

Thirdly, China should attach great importance to energy challenges posed by the
pandemic, prevent risks relating to energy security, and ensure the stability and security of
energy systems. The simulation results indicate that the pandemic would have a significant
negative impact on fossil energy consumption, which might trigger a fall in global oil
prices. As the second-largest oil consumer and the largest oil importer in the world, China
would face challenges of energy security arising from the pandemic spread and the fall
in global oil prices. In the first place, although lower oil prices would reduce China’s oil
import costs and operating costs of the economy, they might lead to a drop in investment
in the oil sector and weaken the competitiveness of renewable energy, which is detrimental
to oil production, development of renewable energy and energy security. In the second
place, the oil market outlook is subject to significant uncertainty as the duration of the
pandemic remains unknown. This may even cause shortfalls in oil supply, threatening the
security of energy supply in China. Against this background, China can take the following
measures to ensure energy security. First, the country should further increase strategic oil
reserves to enhance its ability to address emergency risks in global oil markets. Second, it is
important to expand domestic oil and gas demand and develop strong policy support for
oil and gas companies. These measures could alleviate the adverse impact of the pandemic
on China’s oil sector and promote the secure and sustainable development of this sector.
Third, vigorously developing renewables and reducing import dependence on fossil fuels
could help to ensure energy security.

This study has the following limitations. Since the World Input-Output Table (WIOT)
is only updated to 2014, this paper constructs the GMRIO model based on the WIOT
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2014, and accordingly constructs the GEMRSU model based on the World Energy Statistics
database in 2014. If the input-output data closer to the year of the COVID-19 outbreak can
be used, the GMRIO model and the GEMRSU model could more precisely reflect the reality,
which will more accurately describe the economic linkages and flow of energy products
among various sectors in regions. This will better assess the impacts of the pandemic on
China’s economy and energy in the context of trade protectionism. With the continuous
updating of data, the data closer to the year of the outbreak of COVID-19 should be used
in further research.
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Appendix A. The GMRIO Model and the GEMRSU Model

Appendix A.1. The GMRIO Model

The GMRIO model is constructed based on the World Input-Output Tables (WIOT),
and the structure diagram of the GMRIO table is depicted in Figure A1.
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where, y represents the global final demand. Matrix A is the direct input coefficients 
matrix. Matrix s refers to the final demand structure matrix, s = Yy−1. Matrix v denotes the 
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Figure A1. Structure diagram of the GMRIO table.

In Figure A1, matrix Z is the multiregional interindustry flows matrix, matrix V
denotes the multiregional value added matrix, matrix Y refers to the multiregional final
demand matrix, and column vector X is the total outputs vector. Next, we adopt the
Leontief–Kantorovich model to find an optimal resource allocation. This could provide the
basis for simulating the impacts of external shocks on China’s economy and energy. The
optimization problem could be described as follows: find an optimal resource allocation
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that could maximize final demand for a given level of primary resources, which can be
expressed as

Max y = e′ · Y · e
s.t. (I−A) ·X ≥ y · s · e

v ·X ≤ V · e
X ≥ 0
y ≥ 0

(A1)

where, y represents the global final demand. Matrix A is the direct input coefficients
matrix. Matrix s refers to the final demand structure matrix, s = Y·y−1. Matrix v denotes
the input coefficients matrix of factors, v = V·(X̂)−1. e and e′ refer to the summation vectors
of appropriate dimension. The total outputs X under the conditions of optimal resource
allocation could be obtained by solving the optimization problem. Then, the changes in
the value added matrix V can be calculated by the equation ∆V = ∆(v·X̂) based on the
changes in the total outputs X. Furthermore, this optimization problem only contains the
primal resource allocation constraints. We will introduce other constraints according to
the possible shock of COVID-19 to evaluate the pandemic’s impacts. A more detailed
description of this is provided in Section 4.

Appendix A.2. The GEMRSU Model

The physical GEMRSU table can be used to portray the energy conversion chain, and
its structure diagram is shown in Figure A2.
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In Figure A2, matrix UE refers to the use matrix of energy products, matrix VE denotes
the make matrix of energy products, matrix NE and HE are the final demand matrices of
energy products for non-energy industries and households, respectively. Column vector
XE is the total outputs vector of energy industries. Column vector E refers to the total
outputs vector of energy products. By defining the total requirements matrix of energy
products in energy industries LE, the total outputs of energy products E can be written as:

E = LE(NE · e + HE · e) (A2)

where e is the summation vector of appropriate dimension.

Appendix B. Data for GMRIO Table and GEMRSU Table

GMRIO table is constructed using WIOT 2014, while GEMRSU table is constructed
based on the World Energy Statistics (WES) database in 2014 released by the International
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Energy Agency (IEA). The concrete data processing and model construction are described
in Wang and Wu [52].
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Abstract: This work evaluates the prevalence of coronavirus disease (COVID-19), a viral infection
caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), among members of
the Czech Dental Chamber. The assessment was based on an online questionnaire filled out by
2716 participants, representing 24.3% of all chamber members. Overall, 25.4% of the participants
admitted they were diagnosed with COVID-19 by 30 June 2021, with no statistical differences between
the sexes. While in the age groups under 50 the reported prevalence was around 30%, with increasing
age, it gradually decreased to 15.2% in the group over 70 years. The work environment was identified
as a place of contagion by 38.4% of the respondents. The total COVID-19 PCR-verified positivity
was 13.9%, revealing a statistically lower prevalence (p = 0.0180) compared with the Czech general
population, in which the COVID-19 PCR-verified positivity was ~15.6% (fourth highest rank in
the world). The total infection–hospitalization ratio (IHR) was 2.8%, and the median age group of
hospitalized individuals was 60–70 years. For respondents older than 60 years, the IHR was 8.7%,
and for those under 40 years, it was 0%. Of the respondents, 37.7% admitted that another team
member was diagnosed with COVID-19, of which the most frequently mentioned profession was a
nurse/dental assistant (81.2%). The results indicate that although the dentist profession is associated
with a high occupational risk of SARS-CoV-2 infection, well-chosen antiepidemic measures adopted
by dental professionals may outweigh it.

Keywords: COVID-19; SARS-CoV-2; prevalence; dentistry; pandemic; dentist; occupational health;
infection

1. Introduction

Coronavirus disease (COVID-19) is a viral infection caused by the newly isolated
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). The standard clinical
features are of a wide flulike spectrum, including fatigue, taste and smell loss, cough,
headache, or fever. However, in some patients, it can lead to a more severe form, including
breathing difficulties, respiratory failure, or acute inflammatory response, which could be
fatal [1,2]. The rapid spread of SARS-CoV-2 is mainly due to the type of its transmission
from person to person via respiratory droplets or mucosal contact or less often by contact
with fomites [3–5]. The first official case of SARS-CoV-2 was reported in Wuhan City,
Hubei Province, China, in December 2019 [6]. Due to its global spread, it soon became a
worldwide health threat broadly affecting human society and leading the World Health
Organization to classify COVID-19 as a pandemic disease as of 11 March 2020 [7].

The first cases of COVID-19 were recorded in the Czech Republic at the beginning of
March 2020. The Czech government quickly issued a number of antiepidemic measures,
which made the virus spread very limited. At the end of August 2020, the cumulative
numbers of COVID-19 PCR-verified cases and total deaths per 100,000 people were 230
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and 4, respectively [8,9]. However, since September 2020, the number of infected patients
has risen sharply. During the autumn of 2020 and the spring of 2021, the Czech Republic
was one of the countries most affected by COVID-19. As of the reference period of this
study (i.e., 30 June 2021), the Czech Republic had 15,546 cumulatively PCR-verified infected
per 100,000 people, which was the fourth highest number in the world [10]. On the same
date, the number of total deaths related to COVID-19 per 100,000 people was 283, which
was the fourth highest number in the world [11].

The transmission of SARS-CoV-2 is mainly via droplets, and in areas where there is a
great fluctuation and accumulation of individuals, the spread of the disease is heightened.
This also applies to medical facilities, making healthcare professionals vulnerable to COVID-
19, with a special risk for those whose work is associated with mucus and saliva droplets.
This is especially true for dental professionals. The dentist’s work is associated with close
contact with many people and producing a large amount of aerosol containing the patient’s
saliva and mucus droplets. Due to the high speed of dental rotary instruments, the aerosol
swirls at a high speed to a distance of several meters from the source. Thus, the work
environment of dentists is particularly risky, and dentists are one of the highly vulnerable
groups [12].

During the COVID-19 pandemic, general healthcare was suppressed in the Czech
Republic. However, a survey performed among members of the Czech Dental Chamber
revealed that Czech dentists worked even throughout the pandemic [13]. During the
spring of 2020, in the Czech Republic also called the “first wave” of COVID-19, more
than 90% of the participating dentists replied that their practices were open. During the
period from autumn 2020 to spring 2021, also called the “second wave” of COVID-19, more
than 96% of them replied their practices remained open. From those who closed their
practices during the period from March 2020 to March 2021, only less than 10% reported
that the closure was longer than 4 weeks. The data showed that Czech dentistry remained
very operational during the whole pandemic. This approach was rare on a European and
global scale [13]. Such conditions make Czech dentists a unique study group to assess the
impact of COVID-19 on dental professionals as it minimizes the bias resulting from their
workplace.

Based on the combination of these three factors—high national prevalence, a signifi-
cant risk of infection due to work settings, and high workload during pandemics—Czech
dentists form a unique group with a presumption of high COVID-19 prevalence. At the
same time, it could be assumed that dentists will be more affected by COVID-19 than the
Czech general population due to the work environment. Furthermore, as Czech dentists
remained more operative during the pandemic than their counterparts in other countries,
it can be assumed that the regional impact of COVID-19 on this professional group was
greater. However, these assumptions are hypotheses only and have not yet been addressed
in any study.

On the other hand, Czech dentists were aware of these risks, and in order to main-
tain high operability, they adopted strict antiepidemic measures, such as an anamnestic
questionnaire for each patient, regular testing of dental team members, planning a daily
schedule to minimize patient accumulation in dental practices, rubber dam use, barrier
precautions, minimizing aerosol spread, or establishing dental centers for the treatment
of COVID-19-positive patients. These measures were aimed at minimizing the risk of
transmission from patients to staff and vice versa, between staff, and between patients. The
Czech Dental Chamber was one of the first dental chambers in Europe to issue antiepidemic
recommendations for its members, and ordinary members of the chamber were also very
proactive in this regard. These thorough measures could significantly reduce the risk of
COVID-19 transmission in dental practices. However, so far, there are no data available to
confirm this assumption.

To reflect the need to obtain statistically relevant quantifying data, the Czech Den-
tal Chamber decided to conduct a survey among its members, the results of which are
presented in this study.
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The aim of this work is to assess the impact of COVID-19 on Czech dentists.

2. Materials and Methods
2.1. Design

This ad hoc, self-administered, cross-sectional, online survey was conducted by the
Czech Dental Chamber and filled out by chamber members. All participants were informed
about the purpose of the study, and none of them had a patient status. The questionnaire
was anonymous; reported data did not include any identifying information that could be
used to trace the participants and did not allow any association with the person answering.
The participants were not rewarded with any direct benefits for participating in the survey.
This study was conducted in accordance with the Declaration of Helsinki.

The presented data were obtained from the answers to 9 questions. Out of these
questions, 8 were close-ended, and 1 was semi-close-ended (prefilled close-ended answers
along with the option to reply in an open form). The whole questionnaire was in the Czech
native language and was designed in collaboration with experts from the chamber, the
academic community, and general practitioners.

A description of the questions, including the type and number of answers, is given in
Table 1.

Table 1. Questions and their classification.

Question Mark Question Question Type Number of Closed-Ended
Answer Options Answer Choice

Q1 Sex Closed 2 Single
Q2 Age Closed 6 Single

Q3 Were you diagnosed with COVID-19
by 30 June 2021? Closed 3 Single

Q4 How was COVID-19 diagnosed? Closed 8 Multiple
Q5 Where did the treatment take place? Closed 5 Single
Q6 Do you know where you got infected? Closed 3 Single

Q7 Where did the transmission of
COVID-19 occur? Semiclosed 6 Single

Q8 Was another member of the team
diagnosed with COVID-19? Closed 2 Single

Q9 Which team member was it? Closed 5 Multiple

2.2. Sample

To address the members of the Czech Dental Chamber, invitations for participation
in the survey were sent to all 9922 officially registered e-mail addresses in the chamber
database. Each address represents one chamber member. The addressees were asked
to fill out the questionnaire from 23 June to 4 September 2021. According to the Czech
Dental Chamber 2020 Annual Report, the chamber had 11,160 members as of 31 December
2021 [14]. Thus, the survey addressed 88.9% of the chamber members. Membership in the
Czech Dental Chamber is compulsory for all dentists working in the Czech Republic.

2.3. Sample Size Relevancy

Based on the total number of chamber members, the minimum relevant number of
survey participants was set at 372. This quantification was assessed by the online Netquest
calculator using Formula (1). For the calculation, a study universe of the members of
the Czech Dental Chamber (N = 11,162), a margin of error of 5%, a confidence level of
95%, and a standard heterogeneity of 50% were used. As the sample size of this study
(2716 participants) significantly exceeds the minimum required value (n = 372), the results
are statistically relevant.

n =
N·Z2·p·(1 − p)

(N − 1)·e2 + Z2·p·(1 − p)
(1)
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Formula (1). Relevant sample size calculation. Sample size calculated (n), size of the
universe (N), deviation from the mean value (Z), maximum margin of error tolerated (e),
expected proportion (p).

2.4. Data Collection

The invitation to participate was sent by e-mail to 9922 officially registered e-mail
addresses of the chamber members. The e-mail contained a link to an online questionnaire
in Google Forms (Google, Mountain View, CA, USA). The compatibility of the questionnaire
interface was not limited and included a mobile phone, desktop computer, laptop, or tablet
with support for all the most used operating systems. The collected data were stored in the
Google Forms cloud database and downloaded after the whole survey was completed.

2.5. Statistical Analysis

After the survey was completed, the results of all the questions were downloaded
from the Google Forms cloud database. The results of close-ended questions (Q1–6, Q8,
and Q9) were analyzed and presented as the percentage of individual answers within all
the answers provided. Blank responses were not included in the total number of responses.

Responses to the semi-close-ended question (Q7) were analyzed individually. Each
open-ended answer was evaluated independently by two authors (J.S. (Jan Schmidt), V.P.).
Results disagreeing between the authors were resolved by a decision of the third author
(J.T.). Open responses that were of similar meaning to closed responses were transferred
to the appropriate closed response category. The remaining answers were put into new
groups according to their meaning. Newly formed groups that exceeded the specified limit
in frequency (n = 5) were presented as separate answers within the results. Answers that
did not exceed this limit were classified in the “Others” category. Results were analyzed
and presented as the percentage of individual answers within all answers provided. Blank
responses were not included in the total number of responses.

To compare the COVID-19 prevalence between the Czech Dental Chamber members
and the Czech general population, it was necessary to use the same methodology. The
available COVID-19 prevalence rate within the Czech general population was based on
PCR-confirmed cases and did not include cases diagnosed with clinical symptoms. As of
the end of this survey, the COVID-19 cumulative cases among the Czech general population
was 15,546 per 100,000 people [10]. In order to compare these values with the results of our
study, only PCR-verified diagnoses were used.

The data were analyzed using custom Microsoft Office Excel formulas (version 2106
for Windows, Microsoft Corporation, Redmond, WA, USA) and GraphPad Prism (version
8.0.0 for Windows, GraphPad Software, San Diego, CA, USA). Chi-square with test Yates’s
correction was used for statistical analysis; * indicates p < 0.05.

3. Results
3.1. Response Rate

A total of 2716 respondents took part in the survey. Based on the 9922 e-mails sent,
the response rate was 27.4%, representing 24.3% of all the chamber members (n = 11,162)
(Figure 1).
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3.2. Sex Distribution

A total of 2708 respondents stated their sex, and 8 skipped this question. A total of
1871 (68.9%) selected the female option, and 837 (30.8%) selected the male option (Figure 2),
which also corresponds to the dominant representation of women among Czech dentists
(64.9%) [14].
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3.3. Age Distribution

A total of 2712 respondents stated their age, and 4 skipped this question. The distribu-
tion is illustrated in Figure 3 and approximately corresponds to the age composition of the
chamber members [14]. The median age group is 50–60 years.
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3.4. COVID-19 Prevalence
3.4.1. COVID-19 Prevalence in the Whole Study Population

A total of 2716 respondents replied to this question. No respondent skipped this ques-
tion. The results are presented in Figure 4. These data reveal that 691 (25.4%) respondents
admitted they were diagnosed with COVID-19 by 30 June 2021.
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3.4.2. COVID-19 Prevalence Based on Sex

Sex-based COVID-19 prevalence is provided in Figure 5. Detailed data about the
answers provided are available in the Supplementary Material.
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3.4.3. COVID-19 Prevalence Based on Age

Age-based COVID-19 prevalence is illustrated in Figure 6. Age- and sex-based COVID-
19 prevalence is shown in Figure 7. Detailed data about the answers provided are available
in the Supplementary Material.
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3.5. COVID-19 Diagnostics

This question was addressed only to the respondents who confirmed they were
diagnosed with COVID-19 in Q3 (n = 691). A total of 651 (94.2%) respondents reported
1328 answers to this multiple-choice question. The results are presented as a number of
answers, percentage of respondents choosing this answer, and frequency of an answer
among all answers in Figure 8.
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There were a total of 520 respondents who chose to answer either “clinical symp-
toms” or “taste and smell loss”. An answer containing some type of test was selected by
496 respondents. The intersection of these two groups was 365 respondents. In 76.2% of
the respondents, the diagnosis of COVID-19 was confirmed by a test. In 23.7%, it was
diagnosed solely on the basis of clinical symptoms. In 57.9%, the diagnosis was confirmed
with a PCR test.

3.6. Comparison of COVID-19 Prevalence among the General Population in the Czech Republic

As of the end of this survey, the COVID-19 cumulative cases among the Czech general
population was 15,546 per 100,000 people [10]. The PCR-verified prevalence within our
study is 13.9%. Compared with the PCR-verified positivity in the general population, the
difference is statistically significant (p = 0.0180) (Figure 9).
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3.7. Place of Treatment

This question was addressed only to the respondents who confirmed they were
infected with COVID-19 in Q3 (n = 691). A total of 646 (93.5%) respondents answered this
question.

The vast majority of the participants (628, 97.2%) answered that they were being
treated in the household. Only 2.8% of COVID-19 cases led to hospitalization (Figure 10).
The median age group of those hospitalized was 60–70 years. In the group of respondents
older than 60 years, the infection–hospitalization ratio (IHR) was 8.7%. On the other hand,
none of the hospitalized were under the age of 40; the IHR under the age of 40 was 0%.
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Figure 10. Place of treatment.

3.8. Awareness of Where the Infection Occurred

This question was addressed only to the respondents who confirmed they were
diagnosed with COVID-19 in Q3 (n = 691). Of them, 650 (94.1%) respondents answered
this question. The results are provided in Figure 11.
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3.9. Environment Where the Infection Occurred

This question was addressed only to the respondents who reported that they knew or
suspected where they were infected within Q8 (n = 518). Of them, 517 (99.8%) respondents
answered this question.
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These results show that 199 (38.4%) respondents identified the work environment as a
source of infection. Together with the domestic environment (47.0%), these two categories
were the dominant source of infection among respondents, jointly responsible for 85.5%
of the reported transmission (Figure 12). Detailed data about the answers provided are
available in the Supplementary Material.
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3.10. Prevalence of COVID-19 among Other Team Members

This question was addressed to all survey participants. Of them, 1683 (62.3%) replied
that they were not aware of any other team member who was ill with COVID-19. A total of
1018 (37.7%) respondents admitted that another team member was ill with COVID-19.

Of the respondents who admitted they were diagnosed with COVID-19, 43.3% also
reported another team member who was diagnosed as well, and 55.6% reported that no
additional team member was diagnosed. Among those respondents who replied they
were not diagnosed with COVID-19, 34.7% also reported another team member who was
diagnosed with COVID-19, while 65% reported that no additional team member was
diagnosed with COVID-19.

3.11. Profession Specification among Other Members of the Dental Team Infected with COVID-19

Those who reported an additional team member diagnosed with COVID-19 in the
previous question (a total of 1018 participants, 37.7%) were asked to specify the profession
of the infected individual. Of them, 990 (97.3%) replied, providing 1124 answers to this
multiple-choice question. The results are presented as a number of answers, percentage
of respondents choosing this answer, and frequency of an answer among all answers in
Figure 13.
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4. Study Limitations

There was one limitation that the authors had to address when planning this study
and that they would like to discuss in this section. This limitation was not accidentally
identified during the survey but was known to the authors before the research began. This
chapter describes the limitation causes, possible approaches, and the approach by which
the authors decided to address it.

The aim of the study is to describe the impact of COVID-19 on chamber members. In
order to describe the prevalence of this disease among the respondents, it was necessary to
establish diagnostic criteria. The authors considered whether these criteria would include
only test-verified infections or whether they would be accepted together with diagnosis
based on sole clinical symptoms.

Criteria based exclusively on tests would enhance the validity of the data. However,
this method would lead to skewed results, as a large part of the Czech population was
not tested and passed COVID-19 without test confirmation. At the time of the pandemic,
test sites were overloaded due to the massive community-based virus spreading, and
testing was unavailable to many patients. It is also important to note that one of the
recommendations of the Ministry of Health of the Czech Republic was that people with
COVID-19 should stay at home and be treated at home unless their condition is serious.
The aim of this measure was to keep people with symptoms of COVID-19 in isolation and
not to spread the infection just because of laboratory verification of the infection. Such
a measure was medically correct but led to the real prevalence of COVID-19 among the
population being significantly higher than the prevalence confirmed by the test.

We had two options to address this fact in determining the prevalence of COVID-19
among the study participants. One of them was to consider infected only those respondents
in which positivity for COVID-19 was confirmed by a test. This option would lead to the
acquisition of meticulous solid data but would significantly differ from the real prevalence.
The second option was to accept the infection status regardless of the diagnostic method
(i.e., both test-verified diagnosis and diagnosis based on clinical symptoms). This option
would lead to less solid total data gain but would better correspond to the actual situation.
In the end, we decided to obtain data combining the benefits of both of the abovementioned
options.

In order to avoid skewing the results, we decided to include in the study both the
group with the test-confirmed infection and the group diagnosed on the basis of clinical
symptoms. To be able to distinguish these two groups in the results, the respondents were
asked to indicate how COVID-19 was diagnosed, including sorting by the test used for
diagnosis. Thanks to this procedure, the survey was as inclusive as possible, methodologi-
cally reflecting the epidemiological situation in the country and at the same time providing
meticulous solid data. We consider this procedure to be appropriate, as it offers as much
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data as possible, within which it is still possible to sort the results on the basis of preferred
criteria, such as test-verified infections.

5. Discussion

As there were no relevant quantitative data on the COVID-19 impact on Czech dentists,
the Czech Dental Chamber decided to issue a survey among its members addressing their
COVID-19 anamnesis. The data from this survey are presented in this study. Compared
with studies with a similar focus and methodology, our work is one with the highest
nationwide participation rates [15,16].

As mentioned in the Introduction, it was assumed that the prevalence of this disease
would be high in this group. This assumption was confirmed as 25.4% of the respondents
stated that they were diagnosed with COVID-19. Of the total reported positive cases among
the respondents, the data show that the prevalence was 26.4% among females and 23.3%
among males. An interesting phenomenon was observed across age groups. While in
the age groups under 50 years, the prevalence was around 30%, with increasing age, it
gradually decreased. In the group of 50–60 years, it was 24.8%, in the group of 60–70 years
20.7%, and in the group over 70 years 15.2%. These results may indicate that older members
of the chamber acted with more caution. It is likely that they have reduced their workload
and protected themselves more. Such behavior is only logical because there is a higher risk
of fatal consequences in these age groups. Overall, the highest prevalence was recorded
among women aged 30–40 and 40–50 years (32.5% and 32.4%, respectively), and the lowest
among women between 60–70 years and above 70 years (19.7% and 12.1%, respectively).
Additionally, a significant proportion (38.4%) stated that they were infected in the work
environment.

The PCR-confirmed positivity within the population of this study was 13.9%. As of
the end of this survey, the COVID-19 prevalence among the Czech general population was
15,546 cumulatively infected per 100,000 people (~15.6%) [10]. This comparison (15.6%
and 13.9%) reveals that the prevalence among the respondents of this study was lower
than in the general population. The difference is statistically significant (p = 0.0180). These
outcomes suggest that although the dental profession is associated with a high occupational
risk of droplet infection transmission, including SARS-CoV-19, the working conditions of
dentists in the Czech Republic have not led to a higher prevalence of COVID-19 among
them. Such results demonstrate that properly set working conditions focused on infection
control led to a reduction in occupational infection risk.

For the majority of the respondents (97.2%), COVID-19 infection did not lead to
hospitalization, and they were treated at home. However, 2.8% of the participants stated
that their condition required hospitalization. This result is higher than the usual rate of
COVID-19-related hospitalization. However, this may be influenced by the age composition
of the respondents, as the condition for entering the chamber is a university degree in
dentistry. According to Manochemi et al., the COVID-19 infection–hospitalization ratio
(IHR) is 2.1% [17]. However, the IHR varies considerably across age groups, ranging from
0.4% for those younger than 40 years to 9.2% for those older than 60 years. In our study,
the median age of the hospitalized individuals was 60–70 years. Among those older than
60 years, the infection–hospitalization ratio (IHR) was 8.7%. On the other hand, none of
those hospitalized were under the age of 40; the IHR under the age of 40 was 0%. These
findings are in accordance with those of Manochemi et al.

Overall, 37.7% of the respondents admitted that another team member was diagnosed
with COVID-19, of which the most frequently mentioned profession was nurse/dental
assistant (81.2%), followed by another dentist (27.4%), dental hygienist (16.7%), receptionist
(12.4%), and dental technician (6.8%). These data may indicate that the distance from the
site of aerosol production decreases the risk of infection. However, these results may be
influenced by the uneven staffing of dental teams. Further studies would be needed to
confirm this conclusion.
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To compare the prevalence of COVID-19 among Czech dentists and their foreign
counterparts, it is necessary to find studies of a similar methodology carried out in a similar
period of time. However, a literature search revealed a lack of studies that met both of these
criteria. In June 2020, a methodologically similar work was performed by the American
Dental Association [15]. The questionnaire survey addressed 2195 dentists in the USA.
Of them, 355 reported that they had been tested for COVID-19. Testing via respiratory,
blood, and salivary samples revealed 3.7%, 2.7%, and 0% COVID-19 positivity. Despite the
methodological similarity of this and our research, the data are not comparable, as they are
separated by an interval of 1 year. Another online survey of dentists, dental hygienists, and
dental assistants from around the world was conducted in August and September 2020 by
Gluckman et al. [18]. The respondents were asked about the COVID-19 positivity among
their dental practice staff. Of the total number of 1154 participants, 210 (18.2%) admitted
COVID-19 infection, of which 186 (16.1%) were confirmed by a test. However, the results of
this study were affected by uneven geographical participation as 48.6% of the participants
were from South Africa. The COVID-19 positivity reported by the respondents from South
Africa was 19%, by others 13%. Comparison with our study is, again, limited by the time
difference of the event.

The literature search shows that studies focusing on the prevalence of COVID-19
among dentists are scant. Although many studies have been published focusing on the
impact of COVID-19 on the operability of dental practices, current works on the impact of
COVID-19 on dental professionals are lacking [13,19,20]. This condition is alarming due to
the high occupational risk of dentists and emphasizes the need for further studies on this
topic. Our study describing COVID-19 prevalence among members of the Czech Dental
Chamber is thus one of the few that describe the impact on this professional group and,
at the same time, the only one that describes this topic a year after the beginning of the
pandemic.

6. Conclusions

This survey conducted among 2716 members of the Czech Dental Chamber reveals
that 25.4% of the participants admitted to being diagnosed with COVID-19 by 30 June
2021. The total COVID-19 PCR-verified positivity was 13.9%, revealing a statistically
lower prevalence (p = 0.0180) compared with the Czech general population (~15.6%). The
results of this study suggest that although the dental profession is associated with a high
occupational risk of droplet infection transmission, including SARS-CoV-19, the working
conditions of dentists in the Czech Republic have not led to a higher prevalence of COVID-
19 infection among them. Such results demonstrate that properly set working conditions
focused on infection control were effective and led to a reduction in the occupational
infection risk.
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Abstract: Rapid and unchecked industrialization and the combustion of fossil fuels have engendered
a state of fear in urban settlements. Smog is a visible form of air pollution that arises due to the
over-emissions of some primary pollutants like volatile organic compounds (VOCs), hydrocarbons,
SO2, NO, and NO2 which further react in the atmosphere and give rise to toxic and carcinogenic
secondary smog components. Smog reduces the visibility on roads and results in road accidents
and cancellation of flights. Uptake of primary and secondary pollutants of smog is responsible for
several deleterious diseases of which respiratory disorders, cardiovascular dysfunction, neurological
disorders, and cancer are discussed here. Children and pregnant women are more prone to the
hazards of smog. The worsening menace of smog on one hand and occurrence of pandemic i.e.,
COVID-19 on the other may increase the mortality rate. But the implementation of lockdown during
pandemics has favored the atmosphere in some ways, which will be highlighted in the article. On the
whole, the focus of this article will be on the dubious relationship between smog and coronavirus.

Keywords: air pollution; COVID-19; photochemical smog; respiratory disorders

1. Introduction

The word smog is an amalgamation of two words, ‘smoke’ and ‘fog’. Fog is reckoned
as a visible low lying cloud, made up of small water droplets or ice crystals [1]. In 1905,
H. A. Des Voeux used the term ‘smog’ to define the atmospheric conditions of many towns
in Britain. In 1911, this word became famous when H. A. Des Voeux reported 1000 deaths in
his paper ‘Smoke and Fog’ due to ‘smoke-fog’ in Edinburgh and Glasgow [2]. Nowadays,
Lahore, Faisalabad, Delhi, Beijing, Los Angles, Mexico, and London are mostly affected by
the smog [3–9].

Currently, various studies have provided knowledge to the general population about
the relationship between smog and its adverse effects on human health. Earlier researchers
had confirmed that health effects are related to persons’ age, health, and socioeconomic
status [10]. However, the impact of smog is also influenced by its time of exposure. The
risk of long-term exposure is much higher than that of short-term exposure. Both the
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long-term unceasing exposure and short-term peak do not have the same consequences
and they follow different dynamics. The effects range from short-term irritation in the
trachea to long-term genetic mutations. However, some recent studies have observed a link
between adverse mortality and short-term exposure to smog [11]. These adverse health
effects have a broad array from subclinical effects like irritation in the trachea to long-term
genetic mutations and premature deaths. Some of the major diseases which are harbored
by smog are respiratory diseases (asthma, coughing, and bronchiolitis), cardiovascular
disease, neurological disorders, cancer, infant health, low birth weight, and other problems
like eye irritation and breathing difficulties [12–15].

On the other hand, the novel coronavirus outbreak has shaken the world. It originated
from Wuhan, China, and has engulfed the whole world within a year. The root cause
of this pandemic i.e., SARS-CoV-2 (Severe acute respiratory syndrome coronavirus-2) is
transmissible from humans to humans. It targets the respiratory tract of humans, attaches
with the angiotensin-converting enzyme-2 (ACE2), and down-regulates its production
to cause severe respiratory illnesses. Although the mortality rate of coronavirus disease
of 2019 (COVID-19) is less than 10% together with smog, the increase in fatality can
be observed because both target the respiratory tract of humans [16]. In elderly people,
coronavirus invasion is facilitated as immune responses are weakened by age and smog [17].
Together they may worsen the disease and can lead to hospitalization and eventually death
occurs [18] as shown in Figure 1. Studies have backed the hypothesis that components of
air pollution like nitrogen dioxide (NO2) and particulate matter (PM) cause the excessive
production of the Angiotensin-converting enzyme-2 (ACE2) which is the binding target
for SARS-CoV-2 [19–21]. This increased production increases the susceptibility towards
COVID-19. Thus the combination of coronavirus and air pollution can exacerbate the
situation. The regions like China, India, and the USA a positive correlation is observed
between COVID-19 mortality and high air pollution. This aggravates the need to control air
pollution to reduce coronavirus cases where they share common hotspots [22,23]. However,
there is another aspect of this pandemic. Due to the pandemic, people are locked in their
houses to avoid SARS-CoV-2 infection. This reduction in human activities has a positive has
brought a positive impact on nature like less water, air, and noise pollution. The lockdown
periods have also prevented several deaths due to a reduction in air pollutants [24]. The
purpose of the paper is to highlight the negative aspects of the relation of smog with
the current coronavirus pandemic. Along with negative aspects, positive aspects of the
lockdown on air pollution are also discussed in the paper.

Figure 1. Relationship between COVID-19 and smog.

2. Research Methodology
2.1. Identifying the Research Question

The following questions are established to address the relation of smog with coron-
avirus disease.

1. What are the components of the smog that are of concern during the pandemic?
2. Does amalgamation of coronavirus and smog increase the health risks?
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3. Does the COVID-lockdown bring any positive effects on the air quality?

2.2. Finding and Selecting the Relevant Studies

To draft this review, we have searched PubMed for the articles that discussed the rela-
tionship between smog and coronavirus disease and have to obtain the most relevant studies
using simple keywords “Smog”, “Air pollution”, “Coronavirus” and “COVID-19”. We have
also gone through the references section of these articles to select the pertinent publications.

3. Smog

The 20th century marks some of the disastrous events related to smog. In the 1930s,
the areas of Liège and Huy alongside River Meuse were hubs of industries in Continental
Europe. After the industrial revolution fertilizer, glass, zinc smelters, steelworks, and
explosive manufacturing plants were established in these areas [25]. At the end of the
year, these areas were shrouded by a thick fig for five days (1–5 December). Within 3 days
hundreds of people contracted the signs and symptoms of respiratory diseases. The
government was baffled completely after the death of 63 people. On the 6th of December,
smog disappeared completely with improvement in respiratory troubles [26].

On the 28th of November 1939, dwellers of ST. LOUIS faced a thick smog for over
a month as they were burning cheap coal to keep themselves warm from cold weather.
Kings-highway and neighboring areas were completely covered by darkness during the
daytime. That day is attributed as ‘Black Tuesday’ in history. ST. LOUIS faced smog events
later in the next year after which the authorities took proper actions to resolve the pollution
issue [27–29].

On October 26, 1948 fog mixed with industrial pollutants engulfed the atmosphere
of Donora, Pennsylvania [30]. Donora Zinc Works, part of US Steel was blamed by the
authorities as a major contributor to smog. About 5000–7000 residents became ill, 400
were hospitalized and 20 people died. After five days on 31st October 1948, the smog was
dispersed by the rain [31]. Donora also faced small smog events on the 4th and 14th of
October, 1923 [32]. After the events, the Donora Zinc Works was shut down [31].

In 1952, London (England’s capital) was engulfed for five days by the lethal black
haze called, Great London Smog of 1952 [33]. In December residents of London burned
the high sulfur coal [2] to keep themselves warm. This black smoke escaped from their
chimneys and mixed with fog [34]. Then this smog cooled by air covered the atmosphere
and blocked the sunlight. This black haze proved to be hazardous when converted into
sulfur dioxide and sulfuric acid (i.e., corrosive) and affected the eyes, skin, respiratory and
cardiac systems of Londoners [33]. This smog caused an increase in hospitalization (48%),
respiratory diseases (163%), and asthma in newborn children (20%) [35].

Historical events are discussed to bring an insight into the occurrence of the smog. It
helps to determine the possible season, time, or region in which smog is most prevalent. If
one knows the possible time of occurrence of smog during the pandemic, then measures
can be taken accordingly.

Different types of smog contribute to air pollution. They are London smog (high
content of sulfur oxides), Polish smog (PM10, PM2.5, PM1, and various polycyclic aromatic
hydrocarbons such as benzo-pyrene), photochemical smog (nitrogen oxides, ozone, hydro-
carbons, and VOCs) as shown in Figure 2, and the natural smog released from volcanoes
(CO, CO2, SO, H2, and H2S) and plants (hydrocarbons and VOCs) [1,36–39]. Table 1 shows
the distinctive features of different types of smog.

93



Int. J. Environ. Res. Public Health 2021, 18, 11408

Figure 2. The activities of erupting volcanoes, traffic emissions, forest fires, general combustion,
mining, agriculture are directly or indirectly involved in the production of primary pollutants
like NO, NO2, VOCs, and hydrocarbons which are major forerunners of smog. These primary
pollutants undergo chemical reactions in presence of sunlight to form secondary pollutants like
formaldehyde, peroxyacetyl nitrate (PAN), and O3 [40,41]. Both primary and secondary pollutants
then concoct smog.

Table 1. Distinctive features between London, Photochemical and Natural smog.

Characters London Smog
(Sulfurous Smog) Polish Smog

Photochemical
Smog (Los

Angeles Smog or
Summer Smog)

Natural Smog References

Definition

Develops due to
high concentration
of sulfur oxides in
the air

When the
temperature drops,
inversion takes
place and a
low-level cloud of
pollutants form a
dusty cloud

It is produced
when sunlight
reacts with oxides
of nitrogen or at
least one VOC 1

It may result due to volcanoes
also known as acid smog (vog)
and by plants i.e., natural
sources of hydrocarbons and
volatile organic compounds

[36,42–44]

Occurrence It occurs in cold,
humid climates

It occurs in the
winter seasons

It occurs in a
warm, dry, and
sunny climate

It occurs mostly in warm,
humid, and summer climate [36,37,45,46]

Effects
It irritates the eyes,
causes bronchitis
and lung problems

It affects the lungs,
causes asthma and
cardiovascular
diseases

It irritates the eyes,
causes obstructive
pulmonary disease,
cardiovascular
disease, and
asthma.

Irritation and inflammation of
eyes, dry cough, anterior
uveitis, breathing difficulties,
asthma, subconjunctival
hemorrhage.

[45,47–49]

1 VOC: Volatile organic compound.
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4. Some Major Smog Affected Populations

Smog has affected developing as well as under-developing countries likewise. The
air quality of any region is estimated by Air Quality Index (AQI). The more the AQI of
a region more is pollution in the environment. The AQI values are compared with the
units described in Figure 3. There are environment protection agencies that work for the
improvement of air quality in the region because it affects nature as well as humans. There-
fore, the implication of these standards and regulations during a pandemic is important as
they help to monitor the air quality of different regions. These standards make sure that
pollutants concentrations do not cross the threshold levels i.e., maximum permitted level
(MPL), and if some have already crossed that limit then how could we reduce their concen-
tration to MPLs. Air pollution has become a global problem but we can see that policies
regarding control of air pollution vary from region to region. Developed countries like the
United States (US) and European Union (EU) have adopted more advanced technologies
while developing countries like India and China have just started to build their legislation
regarding air pollution.

Figure 3. Air Quality Index Chart.

4.1. China

Air pollution has become a most concerning affair in China. Urbanization is considered
the most detrimental cause of air pollution in which rural and agricultural land is converted
to urban and non-agricultural land. Moreover, natural habitats are metamorphosed into
cities. The enormously increasing Chinese economy, industrialization, and urbanization
come at the cost of severe air pollution especially smog pollution [41]. After smoking, high
blood pressure, and dietary risks, ambient PM2.5, and PM10 have become the fourth leading
cause of death in China [50]. Nonetheless, the population affected by the recent events of
air pollutions in China is phenomenal. Each year 350,000 to 400,000 deaths are attributed
to air pollution in China [51]. Beijing faced multiple periods of prolonged air pollution in
January 2013. The PM2.5 was calculated 32 times higher in Beijing (i.e., 800 mg/m3) than
that recommended by World Health Organization (WHO) (i.e., 23 mg/m3) [52]. Similarly,
another episode of smog stuck in Beijing for six days in February 2014. These smog spells
affected not only Beijing but also nearby cities forcing the people to stay indoors to prevent
adverse health effects [53]. The air quality index (AQI) is the unit used to measure the
quality of air in a particular region. The AQI between 0 and 50 is considered good, 50 to
100 is moderate while 101 to onwards is considered unhealthy. Shahecheng (156), Nantong
(140), Luancheng (134), Wuda (133), Handan (132), Yangliuqing (127), Dawakou (124),
Yigou (122), and Zibo (119) are currently the most polluted cities of China [54]. Being
an industrial country China has begun to endorse the policies regarding control of air
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pollution. Even after the implementation of the Action Plan, 2013 as a strategy to control
air pollution, the levels of smog in the atmosphere are still concerning [55]. The evolution
of Chinese air pollution control legislation and the standard sets for air pollutants are
described in Tables 2 and 3.

Table 2. Evolution of Chinese legislation for Air pollution control [56].

Year Law or Action Description

1979 Environmental Protection Law First legislation related to environmental pollution
was established

1987 Air pollution prevention and
control Law

For the control of pollution emissions from
industries in specific areas

1989 Environmental Protection Law (EPL) For the very first time, institutional buildings were
constructed for the enforcement of law

1998 Establishing acid rain and sulfur
dioxide (SO2) control areas

Measures are developed to reduce the acid rain
and SO2 pollutants in specific areas

2000 Amendment of Air Pollution
Prevention and Control Law

Data related to air pollution was linked with AQI 1

which was classified as natural, urban, and
industrial. Major pollutants were targeted i.e., SO2,
NO2, and PM in 42 cities

2002 Environmental Impact Assessment
(EIA) law

“Pollute first, clean up later” model was
developed to highlight the sources of pollution

2008 Ministry of Environmental Pollution
(MEP)

State administration of Environmental Protection
was upgraded to a ministry

2010 ODS 2 regulation Control of ozone by ODS

2013 Air pollution prevention and control
action plan

Its purpose was to reduce pollution in specific
regions. It aimed to reduce PM by 10% by 2017.

2015 Amendment of EPL

According to these amendments, non-compliance
is punished with a high price, EIAs plans should
be made mandatory and public awareness
programs be done

2016 2nd amendment in Air Pollution
Prevention and Control Law

A system for co-operation between regions was
introduced. Limits of vehicle emissions were set
and involvement of local government
was enhanced

2016 Amendment in EIA law Increases the facilities and planning of EIA
2018 Ministry of Ecology and Environment The working structure of MEP is enhanced
2018 Environmental Protection Tax law To replace old pollution fee system

2018 Blue sky war-winning action plan
The second phase of the 2013 plan targets
reduction of VOCs, NOx, and ozone in more cities
in China

1 AQI: Air Quality Index, 2 ODS: Ozone-Depleting Substance.

Table 3. National Ambient Air Quality Standards (NAAQSs) of China [57].

Year No. of Standards Grade 1 CO 2 NO2
3 SO2

3 O3
4 TSP 5 PM2.5

6 PM10
3

1982 GB3095–82
I 100 50 50 120 150 - 50
II 100 100 150 160 300 - 150
III 200 150 250 200 500 - 250

1996 GB3095–1996
I 100 40 20 120 80 - 40
II 100 40 60 160 200 - 100
III 200 80 100 200 300 - 150

2000 Amended GB3095–1996
I 100 40 20 160 80 - 40
II 100 80 60 200 200 - 100
III 200 80 100 200 300 - 150

2016 GB3095–2012
I 100 40 20 160 80 15 40
II 100 40 60 200 200 35 70

1 Grade I: Places like forests and national parks, II: Rural, urban, industrial and commercial areas included, III: Heavy industry areas, 2 CO:
mg/m3, 1 h average, 3 NO2, SO2, PM10: µg/m3, 24 h average, 4 O3 µg/m3, 1 h average, 5 TSP: Total Suspended Particle, 6 PM2.5 µg/m3,
1-year average.
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4.2. United Kingdom

The Great Smog of London 1952, lessoned the people about the long term health
consequences of air pollution. In 1956, Clean Air Act was introduced in England to
cope with air pollution [58]. Smokeless burning facilities were announced in heavily
polluted cities. Reforestation and the use of eco-friendly fuels are encouraged to reduce air
pollution [59]. Despite efforts Ashford (109), Crowborough (108), Faversham (107), Ealing
(106), London (104), Shenley (104), Cambridge (103), East Ham (103), Cranbrook (102),
and Lewes (102) are most polluted cities of England [60]. United Kingdom followed the
European Union laws and standards regarding air pollution as shown in Tables 4 and 5.

Table 4. Evolution of European Union legislation on air pollution [61,62].

Year Law of Action Description

1979 Convention on Long-range
Transboundary Air Pollution

Focused mainly on pollutants that cause
eutrophication and acidification i.e., NOx,
cadmium (Cd), lead (Pb), mercury (Hg), NH3,
PM, SO2, and VOCs 1.

1980 Directive 80/779/EEC 2 This directive dictates the limitation levels of
SO2 and PM

1982 Directive 82/884/EEC Lead limitations were set

1985 Directive 85/203/EEC This directive highlighted the NO2 limitation
levels. It did not apply to the inside buildings

1988 Directive 88/609/EEC

The purpose of this Council directive was to
limit the emissions of certain pollutants i.e., NOx
and SO2 for large combustion plants. It helped
in the reduction of these pollutants.

1992 Directive 92/72/EEC

It introduced provisions related to tropospheric
O3. It holds the Environment Protection Agency
(EPA) responsible for measuring O3
concentrations and defining the threshold levels
of O3 for industries.

1996 Directive 96/61/EC

It’s a directive on Ambient Air Quality
Assessment and Management which aims at
preventing the harmful effects of pollutants on
the environment as well as human health. As
this directive failed four daughter directives
with more specificity were introduced

1999 1st daughter directive
1999/30/EC

It focused on the limit levels of NO, NO2, SO2,
lead (Pb), and dust. It aimed to protect the
ecosystem, plants, and humans.

2000 2nd daughter directive
2000/69/EC

It defined the benzene and CO acceptable levels.
Aims at the protection of humans

2002 3rd daughter directive
2002/3/EC

Ozone levels in ambient air. Aims at the
long-term protection of plants and humans.

2004 4th daughter directive
2004/107/EC

It defined the acceptable levels of nickel,
cadmium, arsenic, and PAHs 3. Aims to
protect humans.

2008 Directive 2008/50/EC

It’s a directive on ambient air quality and cleaner
air for Europe. It replaced the directives from
1996 to 2002. It ensures the enforcement of laws
regarding air pollution. It urges regional
authorities to take measures according to their
environmental conditions. If any region
surpasses the threshold level of pollutants, this
directive provides a deadline for reducing the
pollutant levels to the threshold.

1 VOCs: Volatile organic compounds, 2 EEC: European Environment Agency, 3 PAHs: Polycyclic aromatic
hydrocarbons.
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Table 5. Ambient Air Quality Standards of European Union [63].

Pollutants Average Time Concentration Exceed Permitted
Each Year

Carbon monoxide (CO) 8 h 10 mg/m3 -

Ozone (O3) 8 h 120 µg/m3 Average of 25 days in
3 years

Sulfur dioxide (SO2) 1 h 350 µg/m3 24
24 h 125 µg/m3 3

Lead (Pb) 1 year 0.5 µg/m3 -
Nitrogen dioxide (NO2) 1 h 200 µg/m3 18

1 year 40 µg/m3 -
PM2.5 1 year 25 µg/m3 -
PM10 24 h 50 µg/m3 35

1 year 40 µg/m3 -
Arsenic (As) 1 year 6 ng/m3 -

Benzene 1 year 5 µg/m3 -
Nickel (Ni) 1 year 20 ng/m3 -

4.3. The USA

Everybody has noticed the effects of the horrible brown haze in urban communities
like Shanghai, China, or New Delhi, India. However, it is observed that there are issues
with air contamination in the USA as well, particularly on the off chance that you live in
California, as per the American Lung Association’s 2018. California’s Bay area encounters
undeniable degrees of both smog and particulate matter contamination. In the colder
time of year, wood smoke from chimneys causes significant degrees of smog [64]. In
the USA, North fork (186), Oakhurst (186), Kamiah (184), Orofino (170) Hamilton (164),
Moscow (162), McCall (160), La Jolla Shores (158), Lewiston (158), and Pullman (158) are
worst cities in context to air pollution [65]. Other than these, Krasnoyarsk-Russia (169),
Lima-Peru (163), Kabul-Afghanistan (156), Jakarta-Indonesia (152), Santiago-Chile (152),
Tehran-Iran (108), and London-United Kingdom (104) are the top polluted communities
of the world according to live stats of Air quality and pollution city ranking of 2021 [66].
The US legislation related to air pollution control have evolved much and has set some
standard values for pollutants as shown in Tables 6 and 7.

Table 6. Evolution of U.S. legislation on air pollution [67,68].

Year Law or Action Description

1955 Air Pollution Control Act

In 1948, a 5 days event of smog in Donora, an industrial town, in
Pennsylvania prompted the passing of the first air quality act in
the U.S. In 1955, air pollution was declared a national problem
under Air Pollution Control Act and research on air pollution
was funded.

1963 Clean Air Act (CAA) sets Nationwide Air
Quality Standards

Under this act, public education programs were carried out and
researches regarding control of air pollution were supported.
However, it has no intention of reducing the air pollutants

1965 Motor Vehicle Air Pollution Control Act With some amendments in CAA, standards regarding automobile
emissions were laid down.

1967 Air Quality Act (AQA)
This act distributed the responsibilities to the regions to develop
and implement control measures against air pollution. However,
this wasn’t effective

1970 Clean Air Act Amendments of 1970

A new CAA was passed to control six pollutants i.e., CO2, NO2,
CO, O3, PM, and lead. It also provided flexibility to Motor Vehicle
Air Pollution Control Act. EPA 1 was established to make sure the
implementation of the act.

1977 Clean Air Act Amendments of 1977
It is concerned with provisions for the Prevention of Significant
Deterioration (PSD) of air quality in areas fulfilling NAAQS 2 as
well as areas not attaining NAAQS.

1990 Clean Air Act Amendments of 1990

These revisions expanded the limits and responsibilities of the
federal government. New amendments were made regarding
control of acid rains, air toxins, O3 depletion, and ground levels of
O3. EPA was authorized more responsibilities to enforce air
control acts and reduce air pollutants

1 EPA: Environment Protection Agency, 2 NAAQS: National Ambient Air Quality Standards.
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Table 7. National Ambient Air Quality Standards (NAAQSs) of United States [69].

Pollutants Average Times Primary Standards 1 Secondary Standards 2 Exceed Permitted

Carbon monoxide (CO)
1 h 8 ppm - <1 per year
8 h 35 ppm -

Ozone (O3) 8 h 0.070 ppm 0.070 ppm
4th highest average

max 8 h concentration,
averaged over 3 years

Sulfur dioxide (SO2)
1 h 75 ppb -

99th% of max 8 h
concentration,

averaged over 3 years
3 h - 0.5 ppm <1 per year

Lead (Pb) 3 months 0.15 µg/m3 0.15 µg/m3 -

Nitrogen dioxide (NO2) 1 h 100 ppb -
98th% of max 8 h

concentration,
averaged over 3 years

1 year 53 ppb 53 ppb Annual mean

PM2.5
24 h 35 µg/m3 35 µg/m3 Annual mean

1 year 12 µg/m3 15 µg/m3 Annual mean
PM10 24 h 150 µg/m3 150 µg/m3 <1 per year

1 Primary standard: Covers human health and sensitive groups (asthma patients and children), 2 Secondary standards: Protects human
welfare (plants, buildings, and animals).

5. COVID-19 Pandemic

The 2019 novel COVID or the extreme intense respiratory condition COVID-19 (SARS-
CoV-2) for what it’s worth presently called, has quickly spread from its source in Wuhan
City to the rest of the world [70]. According to the World Health Organization (WHO) and
Center for Disease Control (CDC) around 222 M instances of COVID-19 (Coronavirus) and
4.6 M fatalities have occurred till the 8th of September 2021. Most affected populations
of the world are the USA (41 M cases), India (33 M cases), Brazil (20.9 M cases), Russia
(7 M cases), UK (7 M cases), France (6.8 M cases), Turkey (6.5 M cases), Argentina (5.2 M
cases), Iran (5.1 M cases), Colombia (4.9 M cases) and so on 223 countries of the world are
affected [71].

Coronavirus is an RNA virus (enveloped) having a diameter of 60 nm to 140 nm.
Spike-like projections are present on its surface due to which it has a crown-like structure
when observed under the electron microscope that’s why it’s named Coronavirus [72].
Pneumonia-like infection was first observed in Wuhan, Hubei region, China in December
2019 in local workers of the Hunan seafood market. Initially, they faced intense acute
respiratory distress syndrome (ARDS) and respiratory failure in critical stages [73]. January
7, 2020, marks the day when SARS-CoV-2 was isolated for the very first time from the
throat swabs of the patient. After China, it gradually spread in Thailand, Japan, Korea, and
the USA. All first cases reported (26 out of 29) had a travel history to China. The remaining
3 had a meet-up or are relatives of the other 26 patients. This study conducted by WHO
members confirmed that the seafood market of China was the epidemiological source of
COVID-19 [74]. Moreover, they also concluded that coronavirus spread through human-to-
human contact, and no intermediary live host is involved in transmission. Coronavirus
infection spreads from symptomatic people through droplets produced from coughing or
sneezing as well as asymptomatic people [75]. The disease can also be attained by rubbing
your nose, eyes after touching virus-contaminated surfaces. The stool of patients also
contains the virus that results in contamination in the water supply [76].

6. Smog and Coronavirus

The correlation between air pollution and COVID-19 has pros and cons. Studies have
backed both the aspects that COVID-19 mortality rates are high in highly polluted regions
while the lockdown during the pandemic may lower the air pollution rates and thus lower
the infection rates. Previous studies have proved that smog is a risk factor for respiratory
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infections by carrying microorganisms to humans and distressing the body’s immunity to
make people more vulnerable to pathogens [77,78].

Smog effects on our health depend on several different factors, including the level of
air pollutants, types of air pollutants, age and health conditions, exposure time, and where
you live. Smog affects different organs of the body as shown in Figure 4 and Table 8. It can
irritate our eyes, nose, and throat and can also cause existing heart and lung problems in
people to worsen or lead to lung cancer if the exposure time of smog is long [3,79]. It also
leads to premature death. Studies on ozone have shown that once it gets into your lungs, it
can cause damage even when you are feeling well. It affects mainly those people who are
at risk or suffer from heart and lung diseases. Children are most sensitive to smog because
their respiratory systems are still underdeveloped and they have an active lifestyle [80].
However, these effects vary from person to person and exposure time. Healthy people who
are exposed to smog for short period do not get long-term effects but in comparison, if a
person is immunocompromised the effects will be long-term and might get worsen if the
time of exposure is long and the dose is higher. Children are at more risk than adults, even
if a low dose is present [81].

Figure 4. Effect of smog particles on different organs (nervous system, eyes, throat, lungs, heart, liver, spleen, and
reproductive system) of the human body and the problems associated with it.

Table 8. Sources and diseases associated with sulfur dioxide, hydrocarbons, peroxyacetyl nitrate, nitrogen oxide, tropo-
spheric ozone, and particulate matter i.e., different components of smog.

Smog
Components Source Effect References

Sulfur dioxide Industries, burning of fossil fuels, electric
generation plant, volcanic eruption

Respiratory problems i.e., irritation, inflammation,
and infection. Asthma and reduced lung function.
Chronic obstructive pulmonary disease.
Cardiovascular disease, cardiac arrhythmias,
hemorrhagic stroke

[82–84]

Hydrocarbons Automobile exhaust and industries Carcinogenic, may cause leukemia, lung cancer [85]

PAN 1 Photochemical reaction of hydrocarbons and
nitrogen oxide

Irritation in the eye. nose and throat, breathing
problems, damage to proteins [86]

Nitrogen oxide Combustion of fossil fuels, volcanic action,
lightning, forest fires

Effects liver, spleen, and blood, kidney cancer,
prostate cancer, brain cancer, reduce the
birth length

[87]

Tropospheric ozone Formed as a by-product of
photochemical smog

Eye and respiratory irritation, cardiovascular
disease, heart failure, breast cancer, fatal bladder
cancer. Effects growth and bodyweight of the baby
throughout pregnancy.

[88–90]

PM 2 Vehicles, industries
Particles penetrate deep into the lungs, affect the
reproductive system, cause Parkinson’s disease,
low birth weight, and halt fetal growth.

[91,92]

1 PAN: peroxyacetyl nitrate, 2 PM: Particulate matter.
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The pathogenesis of SARS-CoV-2 is similar to its closely related SARS-CoV-1 with an
exception of the S-protein of SAR-CoV-2 that has a more binding affinity for Angiotensin
Converting Enzyme-2 (ACE-2) receptors. Excess of plasma angiotensin-II is accumu-
lated because of down-regulation of ACE2 leading to ARDS and myocarditis making
other organs like the esophagus, kidney, lungs, heart, and ileum more vulnerable to
SARS-CoV-2 [93]. Children under 5 years have low numbers of ACE2 receptors which
probably makes them less susceptible to the disease [94].

The symptoms of the coronavirus vary from asymptomatic to severe respiratory dis-
eases and organ damage. Some common symptoms include fever, fatigue, cough, headache,
loss of smell and taste. Some people also suffer from acute lung injury (ALI) and impair-
ment in blood clotting. Despite pulmonary damage being the cause of fatality, elderly
patients also develop coronary heart diseases, atherosclerosis, ischemic cardiomyopathy,
or hypertension. Apart from pulmonary damage COVID-19 is also involved in extra-
pulmonary disorders like lymphopenia (67–91% of COVID-19 cases), proteinuria (87%),
hepatocellular injuries (14–53%), gastrointestinal damage (12–61%), thrombotic complica-
tions (30%) and acute kidney injury (0.5–29%) [95]. The death rate in elder people is more
than that of young people [96]. The death rate of adult patients in hospitals ranges from
4–11%, while the overall death rate is considered to range from 2–3%.

7. Amalgamation of Smog and COVID-19

Since COVID-19 is a respiratory disease, it is investigated that smog results in the
transmission of coronavirus, and SARS-CoV-2 can remain feasible in the air for hours [97].
Short-term exposure to elevated concentrations of air pollutants results in an increased
risk of coronavirus infection. The significance of lessening air contamination is perceived
under its notable effect on environmental change and its impact on wellbeing because
of expanded bleakness and mortality related to smog and air pollution [98]. As per late
investigations, smog appears to support the spread of coronavirus disease. As the viral
particle is airborne, the impact of COVID-19 is exasperated by smog [99]. Even though
there are opposing sentiments on the transmission of SARS-CoV-2, it appears that one
can obtain the disease through the air [16] because of its strength in mist concentrates [97]
and the reality that the pollutant cloud and its payload (microbe bearing droplets) can
travel 7–8 m [100]. In a recent experiment, aerosols containing SARS-CoV-2 were created
using three jet Collison nebulizers to mimic the aerosolized atmosphere. The viral load
remained active for 3 h even though their virulent capacity was reduced [97]. Similarly,
a double hit hypothesis has also been proposed initially in which NO2 and PM2.5 are
considered responsible for coronavirus spread [19]. Particulate matter (PM2.5) stabilizes
the exhaled droplets in the air after fusing with them. The droplet would have evaporated
rapidly in the atmosphere under normal air conditions but in high PM concentration, PM
stabilizes the droplet and reduces its diffusion coefficient making it more transmissible.
Moreover, a study conducted on mice supported the hypothesis that increased exposure to
PM promoted the ACE2 and transmembrane-protease serine2 (TMPRSS2) production in
macrophages and angiotensin-receptor type 2 (AT2) in lung tissues. This increase made
the mice more susceptible to SARS-CoV-2 [101]. The studies conducted here supported the
hypothesis that regions with a high concentration of air pollution are more affected by the
coronavirus. Some of these studies are listed in Table 9.

From the above studies, it can be summarized that pollutants especially NO2 and PM
are strongly responsible for respiratory disorders in humans. Similarly, SARS-CoV-2 is
also associated with respiratory disorders. Therefore, the existence of air pollutants and
coronavirus at a time can prove to be fatal as described in the earlier studies.
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Table 9. Studies correlating high COVID-19 incidences to the high rates of air pollution.

Region Study References

England

This study suggested that people who have been
exposed to chronic levels of air pollution may have a
high instance of contracting severe COVID-19. This may
be attributed to the weakening of immune defense
protocol by air pollution. It has also been suggested that
mortality of COVID-19 may also be associated with
cytokine storm syndrome, a response of the immune
system that ascends to the chain of destructive events in
the body and eventually causes death.

[102]

France

A correlation between air pollution and COVID-19
hospitalization maps has been studied. It was evident
that areas with high requirements of hospitalization due
to COVID-19 have also profound levels of PM2.5.

[103]

Czech Republic In industrialized regions, high air pollution trends
correlate with COVID-19 hospitality. [103]

Poland

Mazowieckie Voivodship, Upper Silesian Voivodship,
and Lower Silesian Voivodship hold a maximum
number of COVID-19 cases. All these regions have
PM2.5 concentrations in the range 19.58–29.84 µg/m3

which is higher than those set by WHO i.e., 25µg/m3.

[104]

United States Just 1 µg/m3 increase in PM2.5 concentration causes a
15% increase in COVID-19 fatality rates.

[105]

United States

The increase of 4.6 ppb in a concentration of NO2
caused an increase in the mortality rate of COVID-19 up
to 16.2%. If this 4.6 ppb concentration could been
reduced it would have prevented 14,000 deaths of
COVID-19 patients.

[106]

United Kingdom Out of the first 44,000 deaths of COVID-19, 6,100 (14%)
deaths could be attributed to air pollution. [107]

Germany Long term exposure to air pollution is involved in 26%
of COVID-19 fatalities. [108]

Lima
A higher concentration of PM2.5 is responsible for the
increase in COVID-19 cases however it does not affect
the rate of COVID-19 fatalities.

[109]

Italy Most COVID-19 affected regions had a high
concentration of PM2.5 and PM10 during February 2020. [110]

8. Impact of Lockdown on Smog

Since the 15th of December 2019, transmission from patients to medical care staff
has happened, which shows that human-to-human transmission has occurred through
close contact [111]. Most nations have forced city lockdown also, quarantine measures to
diminish transmission to manage the epidemic. Public danger correspondence exercises
have been performed to improve public attention to self-insurance [112]. The Chinese
government has step by step executed a severe lockdown on Wuhan and encompassing
urban areas as of 23 January 2020. Not before long, the Government of India also reported
a total cross-country lockdown, from the 24th of March 2020. All industries, entertainment
centers have been temporarily shut down. Domestic as well as all international flights have
been suspended, trains and public transport have been temporarily banned [113].

The lockdowns imposed by governments all around the world have caused economical
and financial instability. However, due to lockdowns 30% reduction in air pollutants have
been evident in COVID-19 epicenters like Brazil, the USA, Spain, Italy, Wuhan according
to reports of the Center for Research on Energy and Clean Air (CREA), European Space
Agency (ESA), and National Aeronautics and Space Administration (NASA). NASA and
ESA have reported a substantial drop of 2.5µ diameter in (PM2.5 and PM10) in Beijing, China
where most of the pollution comes from heating instruments in the winters and heavy
industrialization [24]. During the time of lockdown, air quality and smog conditions would
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be predicted to have improved in favor of life being. Due to traffic and industrial lockdown,
a fall of ~63% in the concentration of NO2 is evident in Wuhan, China. This fall in NO2
concentration resulted in fewer deaths of people in Wuhan (496 deaths prevented), Hubei
(3368 deaths prevented), and in China (10,822 deaths prevented). Similarly, a shortfall
of 20 µg/m3 in PM10 concentration is also observed in Wuhan. However, no reduction
was noticed in SO2 and CO concentration because of the dependence of the country on
coal-based energy plants [114].

Another study conducted over Pakistan stated a decrease of 7.39% in PM2.5 and
4.13–5.78% drop in column aerosol optical thickness (AOT) [115]. Hernandez-Paniagua and
his colleagues concluded that due to the lockdown of motor vehicles, the concentration of
NO2 and PM2.5 decrease significantly in Mexico. However, other pollutants concentration
remains almost undisturbed except for an increase in O3 concentration [116]. In Ontario,
Canada NO and NO2 concentration decreased rapidly while O3 concentration decreased
slowly but PM2.5 remained the same [117]. Madrid, Spain faced a downfall in NO2
concentration by 62% [118]. In Gujarat, India 30–84% reduction in NO2 occurred while O3
increased by 16–58% [119]. The atmosphere of Delhi, India got rid of 55% of PM10, 49%
of PM2.5, 60% of NO2, and 19% of SO2 while Mumbai, India got rid of 44% of PM10, 37%
of PM2.5, 78% of NO2 and 39% of SO2 [120]. Some figures before and after lockdown are
listed in Table 10.

Table 10. Relative percentage difference of pollutants before and during the lockdown in different
regions of the world [115].

Pollutants Region Before
Lockdown

During
Lockdown

Relative
Percentage

Difference (%)

SO2 (µg/m3) Hubei (China) 15.81 13.83 −13.36

SO2 (DU) 1 Malaysia 1.42 0.99 −35.68
Sale (Morocco) 6.6 3.3 −0.49

CO (ppbv) 2

Chennai (India) 44.1 45.2 −2.46
Delhi (India) 1.03 0.72 −30.35

Hubei (China) 1.207 1.02 −16.79
Kolkata (India) 0.6 0.5 −18.18

Malaysia 0.8 0.49 −48.06

PM2.5

Chennai (India) 29.38 27.33 −7.23
Delhi (India}) 80.51 37.75 −53.11
Hubei (China) 81.83 65.81 −21.70

Malaysia 32.3 22.34 −36.46
Sao Paulo

(Brazil) 12.9 12.5 −3.6

Wuhan (China) 65.5 40.11 −48.08
1 DU: Dosbin Unit, ppbv: 2 Parts per billion by volume

After the lockdown of city traffic, workforce stream control turned into the main
perspective. Traffic contamination produces NO, NO2, CO, CO2, hydrocarbons, and tox-
ins that are injurious to health [121]. There was a distinguishable relationship between
traffic-associated air contamination and early mortality, and the danger of respiratory
and cardiovascular diseases enlarged in people living close to elevated traffic polluted
places [122]. Decreasing the outflows from engine vehicles, particularly trucks and trans-
ports, could deliver extensive medical advantages [123]. After lockdown, many surveys
were done in hospitals which showed that after a consecutive lockdown of 14 days there
was seen a major decline in children in hospitals complaining of asthma problems [124]. In
accretion, the decrease in industrial actions after the lockdown also forces definite environ-
mental and health effects. The lockdown has caused financial downfalls in many countries
and cities, but it also has given clean air to residents of some of the world’s most contam-
inated cities. The coronavirus pandemic has led to the decrease in the concentration of
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pollutants like SO2, NO2, CO, PM2.5 that contribute to smog all over the world and to some
extend have enhanced the air quality in most of the polluted cities of the world [125,126].

9. Limitations of the Study

This is a narrative literature review that provides a simple insight into the relation
between air pollution and coronavirus in large representative populations. The key limita-
tion of this review is that the individual-level risk factors like race, age, and smoking status
are not included. Moreover, chances of miscalculation are always there because during the
study we assumed that all people in the region are exposed to equal concentrations of air
pollution. The relation between smog and COVID-19 is based on area-level studies so the
data is useful to develop coping strategies against the situation in a specific area.

10. Conclusions

Human activities like the burning of fossil fuels, coal combustion, and the smoke from
exhausts of automobiles release toxic gases which react in the atmosphere and give rise
to secondary pollutants. All these pollutants collectively contribute to smog. Each year
rise in respiratory disease is related to smog episodes. Moreover, cardiovascular diseases,
neurological disorders, underdevelopment of fetuses, and cancer are the major diseases
that are related to smog pollution. Smog episodes can have deleterious effects amidst the
COVID-19 pandemic. When a person is long exposed to air pollution, the coronavirus
would have an additive effect on the respiratory and cardiovascular systems of the human.
From the studies conducted it seems that particulate matter and nitrogen oxides increase
the activity and production of ACE2 which in turn enhances the chances of uptake of
SARS-CoV-2 and could damage lungs, heart, and blood vessels. However, the relation
between smog and coronavirus isn’t this. They share an ambiguous relation where on the
one hand air pollution may worsen the COVID-19 mortality rate, the lockdown imposed
because of a pandemic may have some positive aspects as well. During the lockdown
periods, a significant decrease in some of the pollutants like NO2, SO2, and PM have
been recorded. For a better future, anthropogenic emissions need to be controlled because
vaccines are effective against pandemics and not against air pollution.
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Abstract: The COVID-19 has caused a serious impact on the global economy, and all countries are in a
predicament of fighting the epidemic and recovering their economies. Aiming to discuss the impact of
the COVID-19 on the economic resilience of urban agglomerations, the economic data of each quarter
from June 2019 to September 2020 of the Beijing–Tianjin–Hebei Urban Agglomeration are selected, and
the economic development index (EDI) is calculated based on the entropy method. Combining the
fundamental conditions of urban agglomerations and industrial policies during the COVID-19, urban
economic resilience is discussed by the changing trend of the economic development index (EDI)
and dividing into resistance and restoration. The results show that: (1) The economic development
level of the urban agglomeration has been affected by the epidemic and has changed significantly.
The change of endogenous power is the main cause of change; (2) During the outbreak of the
COVID-19, the economic resilience of the Beijing–Tianjin–Hebei urban agglomeration shows four
different development types: high resistance and restoration, high resistance but low restoration,
low resistance but high restoration, low resistance and restoration cities; (3) High resistance but low
restoration, low resistance but high restoration, and low resistance and restoration cities influence
each other, but the relationship between cities is mainly dependent; (4) The economic restoration
within the urban agglomeration forms a synergy, which promotes the economic recovery and
development of the urban agglomeration during the recovery period of the COVID-19. Urban
agglomerations should enhance the combined effect of resistance and increase the impact of high
resistance and restoration cities on surrounding cities in the future.

Keywords: COVID-19; economy resilience; economy resistance; economy restoration; China

1. Introduction

As a particularly major public health emergency, the COVID-19 became a global
pandemic, which made a severe impact on global national economic and social devel-
opment [1,2]. In China, due to the outbreak of the COVID-19 on the eve of the Spring
Festival, the large flow of people returned home before the holiday, which has increased
the difficulty of prevention and control of the epidemic [3]. The home quarantine policy
had caused an impact on the tourism, transportation, catering, wholesale, retail, entertain-
ment, and other service industries in various regions. The resumption of work after the
holiday was also greatly delayed, which caused the national economic development to be
obstructed [4]. The urban agglomeration is a unique organizational construction formed
with the new urbanization, which plays an important role in promoting the development
of various cities [5]. Meanwhile, the urban agglomeration has a high level of economic
development, advanced transportation construction, high population density, and close
inter-regional relations [6]. Therefore, economic exchanges and frequent population move-
ments have accelerated the spread of the epidemic. While the global epidemic is still in
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progress [7], analyzing the differences in resilience shown by different cities in responding
to the COVID-19 and studying the economic recovery process of urban agglomerations is
important for balancing and improving the quality of regional economic development [8].

The outbreak of the COVID-19 in 2020 is a major public health emergency with the
fastest spread, the widest range of infections, and the most difficult prevention and control
in the world [9]. It has brought a huge impact on the economic development of the world
and it caused a huge test of urban economic resilience. Foster [10] and Hill. E [11] think
that economic resilience mainly refers to the ability of the economic system to recover
from shocks or destruction. Hassink [12] define economic resilience as an important part
of urban resilience, is mainly reflected in the ability to continuously adjust its industrial
structure and social relations, which can adapt to changes in the external environment and
ensure the smooth operation of the economy. The difference in urban economic resilience
determines whether a city can recover quickly or fall into a long-term stagnation in the face
of a crisis.

2. Literature Review

In recent years, natural and artificial disasters have occurred frequently, and urban
safety needs in various countries have intensified [13]. Many cities at home and abroad
have successively launched resilient city construction. Metropolises in various countries
have successively proposed new development concepts to enhance urban resilience in
urban planning. Resilience includes not only the ability to resist in the face of crises, but
also the restoration to respond to crises. Cellini pointed out that resilience should not only
discuss restoration behaviors [14]. Resilience structure can be explained by the adaptation–
adaptability relationships between competing, Separated and Reciprocal, etc. [15] This also
illustrates the necessity of studying resilience from the perspective of resistance. Research
on urban economic resilience has attracted attention after the global financial crisis in
2008. The outbreak of the COVID-19 in 2020 has caused a huge impact on the world
economy and a test of urban economic resilience [16,17]. Research on urban economic
resilience has received more attention [18]. Di Pietro et al. measured the vulnerability,
resistance and recoverability of regions to discuss the resilience and identify key regional
features [19]. Islam et al. found that severe adverse impact of the pandemic on global
production, employment, and prices [20]. Zhang K. et al. found that the outbreak of the
COVID-19 has the greatest impact on the service industry [21]. Many researchers have
selected indicators to measure economic resilience. Brown et al. found that industry
structures and concentration in particular industries influence economic resilience [22].
Pretorius et al. indicated that economic openness, export market dynamics and sectoral
composition may influence economic resilience [23]. Simmie et al. found that regional
innovation systems policies can contribute to their economic resilience [24]. Tan J. found
that economic development, labor conditions, and the industrial structure had a statistically
significant negative effect on economic resilience [25]. Liu et al. pointed out that there are
significant differences in economic resilience revealed by multi-dimensional indicators [26].
It provides a reference for constructing an index to measure economic resilience.

The current research scale for analyzing urban economic resilience in the context of
the COVID-19 focuses on the world [20], countries [17,21,27], and cities, while there is
relatively little research from the perspective of urban agglomerations. Research dimension
on resilience needs to further rise from the “urban resilience” to “urban agglomeration
resilience” [5]. It is of great significance for improving the emergencies governance level
of urban agglomerations to identify the main characteristics of economic resilience of
different types of cities. Meanwhile, clarifying the economic resilience of different cities
can provide strong support for judgment of the economic situation and urban recovery in
the normalized epidemic prevention and control stage [26].

Based on previous research, we discuss the difference of economic resilience by clas-
sifying cities from two aspects of resistance and restoration by calculating the economic
development index (EDI). The reasons for the differences are analyzed from urban fun-
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damentals, policies and the relationship between urban agglomerations. In addition,
suggestions are made for the future development of urban agglomeration under the nor-
malization of epidemic prevention and control. The remainder of this paper is organized as
follows. The research framework, methods, and data are introduced in Section 3. Section 4
presents and discusses the resilience results and reasons by modeling analysis and spatial
analysis. Based on the analysis results, Sections 5 and 6 discusses and concludes this study.

3. Materials and Methods
3.1. Study Area

The Beijing–Tianjin–Hebei urban agglomeration is one of the regions with the most
dynamic economy, the highest degree of openness, the strongest innovation capabilities,
and the largest population absorption in China [28,29]. It is also the main area of China to
participate in regional cooperation in Northeast Asia, which consists of the municipalities
of Beijing and Tianjin, along with 11 cities in Hebei Province (Shijiazhuang, Langfang,
Qinhuangdao, Hengshui, Chengde, Xingtai, Baoding, Tangshan, Zhangjiakou, Cangzhou,
and Handan) (Figure 1). With the continuous advancement of the Beijing–Tianjin–Hebei
coordinated development strategy in 2014, the Beijing–Tianjin–Hebei urban agglomeration
has achieved industrial agglomeration and in-depth cooperation [30]. Beijing has the
ripe high-end manufacturing, while Tianjin and Hebei have strong industrial bases in
traditional industries such as heavy and chemical industries, logistics and ports. This urban
agglomeration has the national political center, the Chinese–foreign cultural exchange
center, and the economic center in the north. To a large extent, it represents the economic
development level of China’s well-developed urban agglomeration and plays a pivotal
role in China’s economic development.
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As the main economic development center, the Beijing–Tianjin–Hebei urban agglomer-
ation is one of the earliest urban agglomerations established in China. With the implemen-
tation of the regional coordinated development strategy, Beijing, Tianjin, and Hebei have
strengthened their construction of transportation interconnection, comprehensive environ-
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mental improvement, and industrial coordination [31]. Meanwhile, the population density
of the urban agglomeration is high, the economic industry is developed. The outbreak of
the COVID-19 has affected many aspects of the agglomeration such as population flow,
industrial division of labor, and urban development in the urban agglomeration, which in
turn becomes a threat to urban economic resilience.

3.2. Data Sources

The COVID-19 is fast and lasts a long time [32], so this paper selects quarterly economic
data before and after the COVID-19(September 2019 to December 2020). The data used for
calculating the economic indicators were obtained from the Statistical Yearbook of Beijing,
Tianjin and Hebei Province. The local epidemic data come from the real-time updated data
of the official websites of the health commissions of the localities, and the policy data come
from the policy documents of the official websites of the local governments. For individual
missing data, data with the same nature and meaning are used to make up for it.

3.3. Methods
3.3.1. Research Framework

The level of urban economic resilience is reflected in the timely and effective use of
existing resources to respond to emergencies, and to further repair the dynamic process of
economic development in a certain period in the future [12,14,19,33,34]. Research on urban
resilience needs to consider both the city’s resistance and the city’s restoration. Firstly, the
trend of the economic development index (EDI) is the performance of the city’s economic
level under the influence of the epidemic. Therefore, the change in the EDI in the short term
caused by the epidemic can be used as dynamic indicators of the city’s economic resilience
level. Cities can be divided into different development types based on the results of their
resilience. Secondly, economic resilience cannot be measured in a single dimension. A
multi-dimensional examination can clarify the nature of economic resilience [26]. Affected
by economic resource endowment, infrastructure construction, and the degree of perfection
of policies and systems, cities have different performances in adapting to pressures. Due to
this, this paper takes the urban fundamentals and industrial policies during the COVID-19
as the primary cause of the differences in urban economic resilience levels under the
influence of emergencies. Thirdly, due to the high integration of the cities in the urban
agglomeration, the strong economic foundation, and the strong spatial interaction [35], the
role of urban agglomerations needs to be considered when discussing the differences in
resilience of various cities [36]. So, the spatial correlation characteristics of the economic
resilience of various cities is discussed. The research framework of this study is shown
in Figure 2.

Figure 2. The research framework of this study.
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3.3.2. Selection and Calculation of Urban Fundamentals

Urban economic fundamentals reflect the prosperity of the urban economy [37,38],
which are of great significance for measuring economic resilience. What is more, there
are differences in medical facilities in cities of different scales, resulting in cities showing
different economic resilience in response to the COVID-19. The impact of the COVID-19 on
the economy reflects the important role of the city’s economic fundamentals and medical
fundamentals in the city’s response to the crisis. Urban economic fundamentals are the
support to ensure the survival and sustainable development of the city. Urban medical
fundamentals are the most important material bases for the construction of urban. This
paper selects economic and medical fundamentals to measure the urban fundamentals,
and analyzes the causes of the differences in urban economic resilience.

1. Indicator system establishment

Considering the accuracy, rationality, and availability of the indicators, this paper
selects per capita disposable income, regional GDP, and proportion of tertiary industry in
GDP to measure the economic fundamentals of the Beijing–Tianjin–Hebei urban agglomer-
ation [26,39–42]. The allocation indicators of medical facilities are selected to measure the
background of the medical conditions in the urban agglomeration, including the proportion
of the area of hospitals, number of hospital beds and number of doctors. Finally, the weight
ratios of specific indicators are integrated to determine the differences in urban economic
resilience in different urban fundamentals. The specific indicators and their meanings are
shown in Table 1.

Table 1. The indicator system of the urban fundamentals of the Beijing–Tianjin–Hebei urban agglomeration.

Criterion Layer Indicator Layer Indicator Interpretation Data Source

Economic fundamentals

Per capita disposable income Regional economic strength and market
size, the level of consumer spending in
the regional economy and the degree of

economic development of the region

Statistical yearbooks and
statistical bulletins of

Beijing, Tianjin,
and Hebei

Regional GDP
Proportion of tertiary industry

in GDP

Medical fundamentals

Proportion of the area of
hospitals The configuration of medical facilities

in cities of different sizes

Statistical yearbooks and
statistical bulletins of

Beijing, Tianjin,
and Hebei

Number of hospital beds
Number of doctors

2. Calculation of indicators

In order to ensure the accuracy of the conclusions, this paper standardizes the indicators.
Positive indicators:

Xij =
xij − xmin

xmax − xmin
(1)

Negative indicators:

Xij =
xmax − xij

xmax − xmin
(2)

where xij refers to the initial value of indicator i (i = 1, 2, 3, . . . , m) in the j (j = 1, 2, 3, . . . , n)
year, and Xij is the normalized value, Xij ∈ [0, 1].

3.3.3. Establishment of Economic Development Index (EDI)

Urban economic resilience can be characterized by index changes in a certain period
under the influence of emergencies [43,44]. Therefore, the changing trend of the EDI
before and after the COVID-19 can reflect the strength of economic resilience. From the
perspective of quantity, space and structure, the economic level of a city is affected by
the city’s basic industrial structure, geographical location factors, foreign trade as well as
the radiation of the surrounding cities (Figure 3). Therefore, based on the development
background of the Beijing–Tianjin–Hebei urban agglomeration, this paper selects quarterly
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data from the basic driving force, external driving force, and endogenous driving force of
regional economic development to construct the EDI.

Figure 3. The EDI Frame of Beijing–Tianjin–Hebei Urban Agglomeration.

1. Indicator System Establishment

When calculating the EDI, based on the characteristics of the spatial structure of the
Beijing–Tianjin–Hebei urban agglomeration, as well as the connotation of economic basic
power (EBP), outside power (EOP), and endogenous power (EEP) [40,45]. GDP growth
rate and fixed asset investment growth rate are selected as indicators to measure the EBP;
the growth rate of total foreign trade exports and the growth rate of foreign investment
absorbed are selected as indicators to measure the EOP; the output value of the secondary
industry and the growth rate of total retail sales of social consumer goods are selected to
measure the EEP. The specific indicators and their meanings are shown in Table 2.

Table 2. The EDI System of Beijing–Tianjin–Hebei Urban Agglomeration.

Criterion Layer Indicator Layer Indicator Interpretation Data Source

Economic Basic Power
(EBP)

GDP growth rate The economic development
status of a region over a

period of time

Statistical yearbooks and
monthly reports of Beijing,

Tianjin, and Hebei
Per capita investment in fixed

assets growth rate

Economic Outside Power
(EOP)

Growth rate of foreign
investment absorbed The level and trend of

regional foreign economy

Statistical yearbooks and
monthly reports of Beijing,

Tianjin, and HebeiGrowth rate of total foreign
trade export

Economic Endogenous Power
(EEP)

Growth rate of
secondary industry

The economic development
mode of a region and the

vitality of regional
economic development

Statistical yearbooks and
monthly reports of Beijing,

Tianjin, and HebeiGrowth rate of total retail
sales of consumer goods

2. Calculation of Indicator Weight

The entropy evaluation method determines the relative importance of different indica-
tors based on the information entropy implied by the indicator data to calculate indicator
weights [46].

Standardization of indicators (Refer to formulas (1) and (2)).

fij =
Xij

∑n
j=1 Xij

(3)
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Ei = −
1

ln(n) ∑n
j=1 fij ln

(
fij
)

(4)

wi =
1− Ei

m−∑m
i=1 Ei

(5)

EDI = ∑ Xij ×wi (6)

where fij is the rate of the xij in the sum of the standardized values of the indicator, Ei
is the information entropy of xij, and wi is the indicator weight of indicator, wi ∈ [0, 1],
EDI ∈ [0, 1].

3.3.4. The Resilience of Urban Economy

In the part of framework designing, we construct a model named urban economic
resilience model in the crisis through economic resistance and restoration (Figure 4). The
curve simulates the trend of economic development index. The resistance is f (x), which
is the minimum EDI change rate (k1) from before the outbreak of the crisis to the study
period. The restoration is g(x), which is the maximum EDI change rate (k2) from the study
period after the crisis broke out.

f (x) = min(k1) =
EDI1 − EDImin

t1 − tmin
(7)

g(x) = max(k2) =
EDI2 − EDImin

t2 − tmin
(8)

1 
 

 
Figure 4. Conceptual Diagram of Economic Resilience Model.

This paper uses the rate of change of the EDI to measure the economic resilience of
different cities. In order to be comparable, based on the first, middle, and last three time
points of the crisis. The lowest critical point of the EDI, the EDI in December 2019, and
the December index in the same period of 2020 are selected. This paper calculates the
two-point slope of the difference between the data in December 2019 and the critical index
point as the city’s resistance to judge the city’s ability to resist the impact of the epidemic,
and calculates the two-point slope of the difference between the data in December 2020
and the critical index point as the city’s restoration to judge the city’s ability to recover after
the epidemic.

r1 = f (x) =
EDI1 − EDImin

t1 − tmin
(9)

r2 = g(x) =
EDI2 − EDImin

t2 − tmin
(10)
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where r1 is the city’s resistance. r2 is the city’s restoration. EDI1 is the EDI in December
2019 and t1 is December 2019, EDI2 is the EDI in December 2020 and t2 is December 2020,
EDImin is the minimum of the EDI and tmin is the time of the lowest critical point.

4. Results
4.1. Urban Fundamentals

By calculating the economic fundamentals and medical fundamentals of each city
in the Beijing–Tianjin–Hebei urban agglomeration, the results are shown in the Figure 5.
Beijing and Tianjin show the strongest level of economic and medical fundamentals. Other
cities belong to Hebei Province, which economic fundamentals are similar, but the medical
fundamentals are quite different. The urban fundamentals of the Beijing–Tianjin–Hebei
urban agglomeration show great differences, and there is an imbalance in the allocation
of regional resources in the urban agglomeration. Besides, the overall urban medical
fundamentals and economic fundamentals show a relatively significant positive correlation.
Cities with better economic fundamentals have relatively better medical fundamentals.
It shows that as the economic development shifts from high-speed development to high-
quality development, the urban medical basic security system is becoming more excellent,
turning to the overall high-quality development of the city.

Figure 5. Urban fundamentals of the Beijing–Tianjin–Hebei urban agglomeration.

4.2. Economic Performance under the Influence of the COVID-19
4.2.1. Economic Performance of the Beijing–Tianjin–Hebei Urban Agglomeration

By calculating the changes in the indicators, and combining local epidemic data
from the real-time update data of the official websites of the health commissions of the
localities and policies from the policy documents of the official websites of the local
governments, we draw the trend of the economic development index before and after
the COVID-19 (Figure 6). The EDI of the Beijing–Tianjin–Hebei urban agglomeration
has been greatly affected by the COVID-19. With the outbreak stage from December
2019 to March 2020, the EDI showed a significant downward trend. Local governments
have actively taken corresponding measures to respond to the COVID-19, and timely
promulgated epidemic prevention and control policies to prevent the further spread of
the epidemic. The number of newly diagnosed patients began to decline after the peak
in March 2020, and the COVID-19 was brought under control. Due to the lag effect in the
policy response of some cities, the EDI of the Beijing–Tianjin–Hebei urban agglomeration
showed a certain downward trend after March 2020. However, the downward trend has
obviously slowed down, and after June it began to show an upward trend, and the rising
rate has gradually increased.
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Figure 6. The EDI of the Beijing–Tianjin–Hebei urban agglomeration, the trend of confirmed number and industrial policy
before and after the COVID-19.

After the outbreak of the COVID-19, the main influencing factor that led to a significant
downward trend in the EDI was the significant decline in the EEP. Because the impact of
the COVID-19 caused the suspension of work and production, which had a larger impact
on the production and sales of industrial enterprises, and caused a significant decline in
the output value of the secondary industry. Coupled with the suspension of traffic during
the epidemic, many laborers were unable to return to work in time, which also greatly
affected the resumption of work and production. In addition, the spread of the COVID-19
throughout the country during the Spring Festival has led to a reduction in population
flow. Service industries and retail industries such as tourism and catering are also affected
to a certain extent.

4.2.2. Economic Performance of Each City in the Beijing–Tianjin–Hebei Urban Agglomeration

By calculating the changes in the indicators, we draw the trend of the economic
development index before and after the COVID-19 in different cities (Figure 7). The overall
EDI of the cities in the Beijing–Tianjin–Hebei urban agglomeration shows relatively similar
trend, but the magnitudes of change are significantly different. Before the outbreak of
the COVID-19 (December 2019), the EDI of the urban agglomeration showed a relatively
stable upward trend. The coordinated development and cooperation between cities in the
urban agglomeration has been further deepened, and the overall competitiveness of the
urban agglomeration has been further improved. After the outbreak of the COVID-19 in
early 2020, the EDIs of various regions showed downward trends. Until the epidemic was
controlled in the second quarter, the EDIs of some cities began to rise. There are differences
in the basic level of economic development, urban fundamentals, and industrial policies
between cities. Therefore, the impact of the COVID-19 has caused different change ranges
in the EDIs. The difference in the degree of decline and the speed of recovery in the EDI of
each city reflects the difference in economic resilience in the event of a public health crisis.
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Figure 7. Changes in the EDI of each city in the urban agglomeration before and after the COVID-19.

4.3. Economic Resilience of the Beijing–Tianjin–Hebei Urban Agglomeration
4.3.1. Types of Economic Resilience of the Beijing–Tianjin–Hebei Urban Agglomeration

Based on the definition of economic resilience, this paper summarizes it as resistance
and restoration. We divide resilience into four types, including strong cities (SC), turbulent
cities (TC), self-supporting cities (SSC) and fragile cities (FC) (Table 3). Using the economic
resilience model, this paper calculates the resilience and restoration of the cities in the
Beijing–Tianjin–Hebei urban agglomeration (Figure 8).

Table 3. Types of Economic Resilience.

Types of Economic Resilience Resistance Level Restoration Level Resilience Characteristics

Strong Cities (SCs) high high Respond quickly and recover in time

Turbulent Cities (TCs) high low Respond quickly and recover slowly

Self-supporting Cities (SSCs) low high Respond overwhelmingly and recover in time

Fragile Cities (FCs) low low Respond overwhelmingly and recover slowly

Figure 8. The distribution of economic resilience of the Beijing–Tianjin–Hebei urban agglomeration.

1. The Characteristics of Strong Cities (SCs)

SCs can effectively resist the impact of the epidemic, while being able to recover and
adjust in time. It is mainly because of the improvement of the coordinated promotion of
epidemic prevention and control as well as economic and social development basis. After
the outbreak of the COVID-19, those cities took some policies to respond quickly in time,
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which can ensure the stable operation of the economy. Ensuring the supply of materials
during the epidemic, supporting the resumption of work and production of enterprises,
increasing fiscal, taxation and financial support, and supporting the development of key
industries helped the economy recover quickly. Zhangjiakou, Tianjin, Qinhuangdao, and
Hengshui belong to SCs. Tianjin has a strong economic and industrial structure, and
the economic fundamentals are relatively stable. Despite the poor urban fundamentals,
Zhangjiakou, Qinhuangdao, and Hengshui can respond quickly in the face of crisis, which
also reflects the importance of emergency management for urban development.

2. The Characteristics of Turbulent Cities (TCs)

TCs are less affected by the epidemic, and rely on their fundamentals to cope with
the spread of the epidemic in the short term. These cities have certain industrial or eco-
nomic and political advantages, which can withstand a crisis with sufficiently strong
fundamentals. However, the development of urban economy is unstable, the transfor-
mation and upgrading of urban pillar industries and traditional industries are lacking.
The lack of digital technology-supported new industries and new business formats can
timely “supplement” economic development. It is difficult for these cities to recover in
time from economic turmoil when facing the long-term impact of the crisis.The COVID-19
has continuous impacts on the EDI, resulting in low restoration. Shijiazhuang and Xingtai
are TCs.

3. The Characteristics of Self-Supporting Cities (SSCs)

SSCs lacked emergency management capabilities in responding to the epidemic after
the outbreak of the COVID-19, resulting in low resistance. The relatively large number
of confirmed cases of the epidemic has caused a greater impact on their economy. As
time goes by, the strong fundamentals in cities and the implementation of subsequent
epidemic prevention and control mechanisms have enabled the epidemic to be effectively
controlled. Policies on the resumption of work and production of enterprises, support
for small and micro-enterprises, and strengthening of employment security have been
introduced to help the resumption of economy. Including important port city Tangshan,
the urban fundamentals are developed. Chengde’s urban fundamentals are poor, so it is
difficult to fight the epidemic. However, influenced by Tangshan, its economic development
gradually recovered.

4. The Characteristics of Fragile Cities (FCs)

FCs have been severely affected by the COVID-19 for a long time, which has a greater
impact on the city’s economy. During the epidemic, the suspension of work and production
as well as the reduction of population movement caused the economic industry to be
stagnant. The epidemic has caused a continuous impact on the urban economy, leading to
a slower recovery and development of economic industries. Beijing, Baoding, Langfang,
Cangzhou and Handan are FCs. Differences in economic resilience cannot be explained
simply by geographical location and political advantage. Baoding, Langfang, Cangzhou,
and Handan with poor urban fundamentals are greatly affected by the industrial transfer
in Beijing. As the world’s urbanization process, large cities are becoming an important
focus of spreading infectious diseases [13]. Beijing is relatively special, the risk of epidemic
spread is high, and the prevention and control of the epidemic is difficult. As a result,
its EDI declines quickly and rebounds slowly. This also reflects that, compared with the
urban fundamentals, the management ability with an urban emergency response is more
important in the face of major health emergencies.

We visualize cities with different types of economic resilience (Figure 9). SSCs, TCs,
and FCs show significant spatial agglomeration and the centers are Tangshan, Shijiazhuang,
and Beijing, respectively, based on their relatively strong fundamentals. Among them, TCs
are mainly distributed in the north of the Beijing–Tianjin–Hebei urban agglomeration. As a
port city, Tangshan is close to Beijing and Tianjin, with a superior geographical position and
a strong economic foundation, which has a positive effect on the economic development
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of Chengde. SSCs are mainly distributed in the south of the Beijing–Tianjin–Hebei urban
agglomeration. Shijiazhuang, the capital of Hebei Province, is one of the growth poles in the
Beijing–Tianjin–Hebei region. It has strong urban fundamentals, and formed “the certain
spillover effect.” Most of the FCs are located in the central area of the Beijing–Tianjin–Hebei
urban agglomeration. With the evacuation of Beijing’s non-capital functions, Baoding and
Langfang are mainly affected by Beijing’s industrial transfer. Therefore, under the influence
of the epidemic, the resilience of these cities has shown similar characteristics. At present,
the cities relation in the urban agglomeration are mainly dependent on attachment, lack of
cooperation, and reciprocity.

Figure 9. Visualization of economic resilience of Beijing–Tianjin–Hebei urban agglomeration.

4.3.2. Response of Economic Resilience of Beijing–Tianjin–Hebei Urban Agglomeration

As urban agglomerations have close economic exchanges and frequent population
movements, the economic impact of the COVID-19 on the Beijing–Tianjin–Hebei urban
agglomeration is spatially interactive. This paper discusses the spatial correlation character-
istics of economic resilience of Beijing–Tianjin–Hebei urban agglomeration. By calculating
the global Moran’s I of resilience (Figure 10), the global Moran’s I of urban agglomeration
economic resistance is −0.189, and the P-value is 0.32. The significance test is not passed,
indicating that the urban agglomeration resistance has not yet formed a synergistic effect
when faced the COVID-19. A unified “anti-epidemic” response was not reached. The global
Moran’s I of urban agglomeration economic restoration is 0.435, and the P-value is 0.006,
passing the significance test of 0.01. The restoration of the Beijing–Tianjin–Hebei urban
agglomeration has positive correlation characteristics. During the period of economic
recovery, the Beijing–Tianjin–Hebei urban agglomeration established a joint work mecha-
nism for joint prevention and control of the Beijing–Tianjin–Hebei new crown pneumonia
epidemic and achieved positive results.
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Figure 10. The global Moran’s I of resistance and restoration of the Beijing–Tianjin–Hebei urban agglomeration.

5. Discussion
5.1. Main Achievements

From the perspective of economic resilience, this paper provides a case and a new
analysis perspective for urban agglomerations to respond and govern the public health
emergencies in the future. Affected by economic resource endowment, infrastructure
construction, and the degree of perfection of policies and systems, cities have differ-
ent performances in facing crises. This paper discusses the economic resilience of the
Beijing–Tianjin–Hebei urban agglomerations under the impact of the COVID-19 from two
perspectives of resistance and restoration, as well as summarizes the urban agglomerations
into four types. SCs have high urban resilience both resistance and restoration, which can
effectively deal with the impact of the epidemic. TCs have shown strong resistance, but
their restoration is relatively weak. The epidemic is not good for their long-term devel-
opment. SSCs have weak resistance and strong restoration. Due to a lack of emergency
management capabilities, the epidemic is likely to cause fluctuations in these cities in the
short term. FCs have weak resistance and restoration and the epidemic has hit them harder.
This classification method is also consistent with the current common classification of
regional economic resilience [47].

5.2. Limitations and Uncertainties

This paper proposed a method to measure the resilience of urban economy under the
impact of public health emergencies by using short-term economic development index,
which can better reflect the sudden impact of public health emergencies. Because the
outbreak has not yet been fully contained globally, the data currently available cannot
be used to discuss the lasting impact of the outbreak. Urban economic resilience is a
diverse and complex concept, which is affected by multiple factors. After the data are
perfected in the future, indicators can be further added to measure the urban EDI, making
the measurement of urban economic resilience more accurate. Regardless, our study at least
evaluates resilience differences in cities using existing data under the impact of emergencies,
and the research conclusion provides a useful diagnosis and helpful information for urban
agglomeration construction.

When studying the influencing factors of EDI, this paper draws a statistical conclusion
according to the index weight ratio. From a macro perspective, the economic endogenous
power is the main reason for the decline of EDI, and urban agglomeration should focus
on protecting endogenous power when dealing with emergencies. Only macro statistical
laws are shown when showing the internal factors mechanism of the EDI that is a highly
susceptible factor, and lack an analysis of the causal relationship between specific indicators

123



Int. J. Environ. Res. Public Health 2021, 18, 10532

and EDI. In the future, this study will be better supported by statistical conclusions by
constructing an analysis model of influencing factors. For example, the main influencing
factors of urban economic resilience can be analyzed by constructing a regression model.

The current research takes the Beijing–Tianjin–Hebei urban agglomeration as an exam-
ple to analyze the differences in urban economic resilience within the urban agglomeration
under the influence of the COVID-19, and whether the Beijing–Tianjin–Hebei urban agglom-
eration has played a synergistic role in the economic resilience of each city. The comparison
of different urban agglomerations can clarify the differences in the economic resilience
of urban agglomerations, thereby promoting the improvement of urban agglomeration
governance capabilities. In the future, we can compare the Beijing–Tianjin–Hebei urban
agglomerations with other types of urban agglomerations around the world to analyze
the differences in economic resilience under the influence of the COVID-19, especially to
discuss economic development differences under the normalization of the epidemic. It
is conducive to realizing the scientific layout of urban agglomeration functions, space,
transportation, and form, and to deal with the relationship between concentration and
decentralization [5].

5.3. Implications and Applications

The outbreak of the COVID-19 in early 2020 has had a greater impact on the urban
economic development of the Beijing–Tianjin–Hebei urban agglomeration. The COVID-19
epidemic has been brought under control through proactive response measures, and
economic activity is slowly recovering. There are certain differences in the change trends
of the EDI of each city, which reflect the difference in the level of urban resilience. With
the effective control of the COVID-19, the economic level of urban agglomerations will
continue to rise. The upward trend mainly includes two situations, which are recovery to
the pre-recession rate (b) or to a sustained higher (a)/lower (c) growth rate (Figure 11) (Only
simulating the trend of change, the curve will fluctuate with the actual situation). Moreover,
the economic resilience of each city is one of the main influencing factors. Meanwhile, it is
also affected by the extent and duration of the emergency.

Figure 11. Impacts of an emergency shock on a city’s economy: (a) resumption of a unchangeable
rate (pre-recession); (b) resumption of a sustained higher growth rate; (c) resumption of a sustained
lower growth rate.

The lack of synergy in the resilience of the Beijing–Tianjin–Hebei urban agglomera-
tion after the outbreak of the COVID-19 reflects the inadequate emergency management
capacity of the urban agglomeration as an overall economic system. Meanwhile, within
the urban agglomeration, there is a lack of cooperation and reciprocity. The epidemic was
finally controlled thanks to the relevant prevention and control policies issued by the local
government. Urban agglomerations have strong population and economic agglomeration.
Therefore, local government should actively play the joint role of urban agglomerations
when responding to the crisis. In the future, urban agglomeration construction should not
only focus on restoration improvement, but also further strengthen resistance construction.
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On the one hand, urban agglomeration should actively promote medical and health co-
operation, share medical and health resources, build medical and health informatization,
and improve medical service application system. On the other hand, a global crisis such
as the COVID-19 pandemic requires a global response, not only on health but also on
trade, finance, and macroeconomic policies [48]. To cope with the economic construction
under the normal situation of epidemic prevention and control, urban agglomerations
need to build a moderately gradient industrial division structure, and further rely on
industrial clusters to form synergistically supported industrial clusters, which can help the
agglomeration form more cooperative relations.

By classifying cities according to the characteristics of economic resilience, it helps local
governments to better formulate relevant economic policies in the future. Different cities in
the urban agglomeration have their development characteristics, especially facing crisis.
Although SCs have a strong industrial foundation and emergency response capabilities,
which can resist the impact of the epidemic, they have not played a spreading role and
have no positive impact on the surrounding cities. In the future, those cities should
further strengthen their ties with neighboring cities to enhance their joint efforts to cope
with the crisis. SSCs have economic and industrial foundations, while the epidemic
embodies the lack of urban emergency management capacity. Therefore, an effective public
health early warning system should be built in the future, the early warning responsibility
mechanism of all levels of departments should be strengthened and the regional economic
resistance to pressure. Most of TCs are less affected by the epidemic and can resist the
epidemic in the short term. After the epidemic is controlled, TCs are difficult to resume
development promptly and lack certain innovation capabilities. It is necessary to build
pillar industries in the city, vigorously promote the development of new technologies,
promote sustained and stable economic recovery, as well as enhance the development
of foreign trade. FCs are supposed to be the focus of the future construction of urban
agglomerations. It is necessary to promote the development of new technologies, and
promote sustained economic recovery in most of FCs. Besides, those cities should enhance
the city’s emergency management capabilities and improve the early warning system.

6. Conclusions

Taking the Beijing–Tianjin–Hebei urban agglomeration as an example, this paper
combined traditional epidemiological survey data, short-term economic development level
data, and urban development background data to calculate economic development index
(EDI). Based on the differences of resource endowments, development models, policies,
and background conditions of each city, the reasons for differences in urban economic
resilience were discussed.

The urban fundamentals of the Beijing–Tianjin–Hebei urban agglomeration have
significant internal differences, and there is still a certain gap in the background conditions
of Hebei Province with Beijing and Tianjin. In the future, the central city must play a
leading role in the coordinated development of the region to achieve the coordination
of urban fundamentals of the urban agglomeration background. Based on the changing
trend of the economic development index (EDI), we discussed economic resilience in
terms of resistance and restoration, and divided cities into four types, including Strong
Cities (SCs), Turbulent Cities (TCs), Self-supporting Cities (SSCs), Fragile Cities (FCs). It
provides a research idea for studying the economic resilience of different cities in urban
agglomerations, and is conducive to making development suggestions tailored to local
conditions. Additionally, we found that the central cities of FCs, SSCs and TCs affect
surrounding cities and urban agglomeration played a synergistic role in economic recovery
after the epidemic was brought under control. In the future, the urban agglomeration
needs to play a synergistic role after the outbreak of the crisis to improve urban resilience.
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Abstract: This work evaluates the impact of the COVID-19 pandemic on Czech dentistry from March
2020 to March 2021. The assessment was based on questionnaires filled out by 3674 Czech dentists
representing 42.6% of practicing dentists in the country. During March–May, 2020 (the first COVID-19
wave), 90.7% of dental practices remained open; however, only 22.8% of the practices continued
to operate with no changes, 46.5% had fewer patients, 21.4% treated only acute cases, and 3.8%
were closed. During September 2020–May 2021 (the second wave of COVID-19), 96.1% of dental
practices remained open, 60.8% operated with no changes, 34.5% had fewer patients, 0.8% treated
only acute cases, and 0.5% were closed. The reasons leading to the closure of Czech dental practices
during the whole pandemic were a shortage of personal protective equipment (50.5%), a COVID-19
outbreak in the workplace (24.5%), fear of a possible self-infection (24.0%), and quarantine (20.5%).
The time range of Czech dental practices closure during the whole pandemic was: 1–2 weeks (49.9%),
2–4 weeks (21.2%), and >1 month (0.8%). The greatest professional difficulties of Czech dentists
during the pandemic were crisis operating management (55%), health safety and hygiene concerns
(21%), shortage of personal protective equipment (21%), and difficulty working with the protective
equipment (15%). In addition, 47.3% of dentists also observed a declining interest in preventive
dental care, and 16.9% of them observed worse oral care of patients. These results show that despite
the lack of protective equipment, dental care was maintained throughout the pandemic. Additionally,
the pandemic negatively affected the patients’ approach to dental care, indicating a deterioration in
oral health as a possible delayed outcome of the COVID-19 pandemic.

Keywords: COVID-19; dentistry; pandemic; dentist; protective equipment

1. Introduction

Coronavirus disease 2019 (COVID-19) is a contagious disease caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). Symptoms of COVID-19 are variable,
ranging from mild to deadly, including fever, cough, headache, fatigue, loss of smell and
taste, breathing difficulties, respiratory failure, or acute inflammatory response (cytokine
storm) [1–6]. The human-to-human transmission is caused by respiratory droplets, either
by being inhaled or deposited on mucosal surfaces and via direct contact of mucous
membranes, such as oral, nasal, or eye [7]. It was first reported in Wuhan City, Hubei
Province, China, in December 2019 [8]. Since then, COVID-19 has become a worldwide
major health concern, and on 11 March 2020, it was declared a pandemic disease [9].

In the Czech Republic, the first laboratory-confirmed case of COVID-19 was an-
nounced on 1 March 2020. A state of emergency was declared as of 12 March 2020. The
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emergency was later extended until 18 May 2020. From 16 March 2020, free movement
was limited with the exception of travel to and from work, and essential trips, including
grocery shopping, trips to the pharmacy, or aiding elderly members of the family. The key
measures issued by the Czech government are described in Table 1 [10–12]. Due to these
early precautions, the pandemic was mild in the Czech Republic during the spring of 2020,
with a cumulative number of 79 COVID-19 positive cases per 100,000 people at the end
of the first state of emergency [13]. During late May and early June 2020, the obligation
of social distancing and wearing masks was abolished. This period, from March to May
2020, is also called the “first wave” of COVID-19. For the rest of the summer, the number
of new cases was minimal. However, in September, new COVID-19 cases began to rise
again. A state of emergency was declared again on 5 October 2020 and was to remain in
force until 11 April 2021. The pandemic was most severe from September to March and
began to subside in April. At the end of the second emergency, the cumulative number of
cases per 100,000 people was 14,308 [13]. This period from September to March 2020 is also
called the ‘second wave’ of COVID-19.

Table 1. Overview of selected key anti-pandemic measures issued by the Czech government.

Issued on Effective from Description of Key Measures

2020

March 12 March 12 Declaration of the state of emergency in the
Czech Republic

March 13 March 14 Prohibition of selected leisure activities;
prohibition of retail sales and services

March 15 March 16 Prohibition of free movement of persons (with
exceptions, including healthcare consumption)

March 18 March 19 Mandatory covering of mouth and nose indoors
and outdoors

April 30 May 18 End of the emergency

September 30 October 5 Declaration of the state of emergency in the
Czech Republic

September 30 October 5 Prohibition of selected leisure activities
October 12 October 13 Obligation to use face masks indoors

October 19 October 21 Obligation to use face masks indoors
and outdoors

October 21 October 22 Prohibition of free movement of persons (with
exceptions, including healthcare consumption)

October 21 October 22 Prohibition of retail sales and services
2021 February 26 April 11 End of the emergency

Healthcare workers were considered particularly vulnerable to the pandemic all
around the world, especially those whose work is in close contact with mucus and saliva
droplets. Due to their work settings, dentists are one of the most endangered profes-
sional groups. At the beginning of the pandemic, the Czech Republic and most European
countries lacked protective equipment, even for health professionals. Regardless of the
pandemic, according to good medical practice and Czech law, it is the duty of each health
care provider to limit the transmission of infectious diseases as much as possible. The same
has been true during the pandemic with no exception, leaving health care providers in
unprecedented medical and, eventually, legal insecurity. In the case of dentists, the culpable
transmission of the disease was at stake. Such conditions were not unique to the Czech
Republic and were also faced by health care workers in other European countries [14,15].

These multiple factors, combined with the rapid increase in the number of COVID-
19 patients, led to a suspension of non-acute general healthcare in the Czech Republic.
However, thanks to the effort of the Czech Dental Chamber and especially its members,
dental care was provided throughout the whole pandemic, albeit with some restrictions.
As the vast majority of the dental practices in the Czech Republic are private institutions,
the anti-epidemic measures specific to dental practice were issued individually by each
dental health care provider. Only a limited number of restrictions common for all public
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places were based on general government regulations, e.g., a limited number of people per
area and disinfection being provided after entering interiors. Thus, the measures specific
to dental practice were not issued centrally but were given at the individual discretion of
the dentists. Such an individual approach was unusual in Europe and specific to the Czech
Republic. However, to date, there are no statistics on the impact of the COVID-19 pandemic
on dentistry in the Czech Republic. To reflect on it, the Czech Dental Chamber decided to
perform a nationwide survey among its members, the results of which are presented in
this article.

As membership in this professional chamber is mandatory for practicing dentistry in
the Czech Republic, we were able to reach dentists from all around the country. A specific
survey design based on a fast completion of the questionnaire resulted in an extraordinary
response rate, representing, both relatively and absolutely, one of the most extensive sets of
dentists as participants in a COVID-19 survey.

The aim of this work is to evaluate the impact of the COVID-19 pandemic on dental
care in the Czech Republic from March 2020 to March 2021.

2. Materials and Methods
2.1. Design

This ad hoc, cross-sectional, self-administered, online survey was developed by the
Czech Dental Chamber and performed among volunteers who were recruited from cham-
ber members. All participants were informed about the objective of the study and did
not have a patient status. The questionnaire was anonymous; completed questionnaires
did not contain any personal information that could identify the participants and did not
allow any traceability of the person answering. There were no direct benefits provided for
participation. This study was conducted in accordance with the Declaration of Helsinki.

The survey consisted of 7 questions in the Czech native language, of which 6 were
closed-ended, and 1 was open-ended. The questions were identified in cooperation with
experts from the target population to ensure their clarity and appropriateness. The ques-
tionnaire was designed to be completed within 5 min.

The first question (Q1) regarded the impact of the pandemic on dental practices from
March to May 2020. The dentists were asked about the opening hours of their practices, the
number of patients treated, and the type of care provided. It was a closed-ended question
with five single-choice answer options.

The second question (Q2) regarded the impact of the pandemic on dental practices
from 1 September 2020, to 9 May 2021. The design was the same as in the first question.
The first and the second questions followed the same design to reflect changes between
the first and the second waves of COVID-19 in the Czech Republic. It was a closed-ended
question with five single-choice answer options.

The third question (Q3) focused on the reasons for the closure of the dental practices
during the whole pandemic. Respondents whose practices were not closed were asked to
skip this question. It was a closed-ended question, five multiple-choice answer options.

In the fourth question (Q4), the participants were asked to evaluate the time range
during which their dental practices were closed. Respondents whose practices were not
closed were asked to skip this question. Six closed-ended answers option were provided.
It was a closed-ended question with five single-choice answer options.

In the fifth question (Q5), the participants were asked to assess the patients’ interest in
preventive care using the data retrieved from their dental practice management software.
It was a closed-ended question with six single-choice answer options.

In the sixth question (Q6), the participants were asked to evaluate the impact of the
pandemic on the oral health of their patients. It was a closed-ended question with four
single-choice answer options.

The seventh question (Q7) regarded the participants’ greatest professional difficulty
for the last year. It was an open-ended question with no limitations.
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2.2. Sample

Officially registered e-mail addresses of 9922 Czech Dental Chamber members were
addressed with a call for participation in this study focused on the impact of COVID-19
on practicing dentistry in the Czech Republic. Dentists were asked to participate in an
online questionnaire from 24 February to 9 March 2021. As membership in this professional
institution is mandatory for all practicing dentists in the country, the survey population
included all practicing dentists in the Czech Republic. In this study, practicing dentists
are defined as all dentists officially classified as Active members of the Czech Dental
Chamber. According to the Czech Dental Chamber 2020 Annual Report, the chamber had
8624 Active members as of 31 December 2020 [16]. The rest of the 9922 e-mail addresses
include members who are not practicing the dentist profession, including retired persons.
Although these persons were not able to contribute to the survey, they are generally
included in all full chamber correspondence.

2.3. Sample Size Relevancy

Considering the total number of practicing dentists in the Czech Republic, the mini-
mum number of participants required for a relevant study was set to 368. The minimal
sample size needed was calculated by Formula (1) using the online Netquest calculator.
The calculation was performed with a study universe of all practicing dentists in the Czech
Republic (N = 8624), a standard heterogeneity of 50%, a margin of error of 5%, and a
confidence level of 95%. As the final sample size was 3674, the data within this study
provide significantly relevant results.

n =
N·Z2·p·(1− p)

(N − 1)·e2 + Z2·p·(1− p)
(1)

Formula (1). Relevant sample size calculation. Sample size calculated (n), size of the
universe (N), deviation from the mean value (Z), the maximum margin of error tolerated
(e), and the expected proportion (p).

2.4. Data Collection

The participants were contacted via e-mail invitation sent by the Czech Dental Cham-
ber to officially registered the e-mail addresses of chamber members (n = 9922). The
invitation included a link to an electronic questionnaire using a SurveyMonkey Question-
naire (SurveyMonkey, San Mateo, CA, USA). The questionnaire interface was compatible
with a cell phone, desktop computer, or laptop to be accessible by as many respondents
as possible. All replies were submitted fully completed. No exclusion criteria were ap-
plied. The participants’ responses were stored in the SurveyMonkey Questionnaire cloud
database during the survey process and downloaded at its end.

2.5. Statistical Analysis

Results of closed-ended questions (Q1–6) were downloaded from the SurveyMonkey
Questionnaire cloud database. The data representing numbers of responses were analyzed,
and the results are presented as the percentage frequency of individual answers within
all answers provided. Skipping of a question was not counted as an answer and was not
included in the percentage pool.

Each response of Q7 with an open-ended setup was evaluated by the authors individ-
ually and classified into one of the 38 general categories. Answers including more than one
piece of information were subclassified into several categories. Replies that did not occur
repeatedly were included in the “Others” category. Answers that could not be evaluated
because they had no content or the content was incomprehensible were included in the cat-
egory “No reply/do not know/sorting not applicable”. Finally, the related categories were
merged. The results of Q7 were processed as a table of the four most frequent categories
summarizing the greatest professional difficulties among Czech dentists for the last year.
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The data were analyzed using custom Microsoft Office Excel formulas (version 2106 for
Windows, Microsoft Corporation, Redmond, WA, USA) and GraphPad Prism (version 8.0.0
for Windows, GraphPad Software, San Diego, CA, USA).

3. Results
3.1. Response Rate

Data from 3674 respondents were received. Compared to 9922 e-mails addresses
included, the response rate was 37.0%. However, as this survey was addressed to practicing
members (n = 8624), 3674 responses represent a 42.6% response rate within this population.
Illustrated in Figure 1.
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in the Czech Republic.

3.2. Impact of the Pandemic on Dental Practices from March to May 2020

Out of 3674 respondents, a significant majority (3334; 90.7%) stated that their practices
were open in the spring of 2020. However, almost a quarter of them (788; 21.4%) were open
only for urgent and acute cases. At the same time, nearly half of the respondents (1709;
46.5%) reported a decrease in the number of patients. Only a minority of respondents (141;
3.8%) stated that their practices were closed during the pandemic. Other impacts were
stated in 201 (5.5%) replies (Figure 2).

These results show that almost all Czech dentists maintained at least basic care for
patients, and nearly half of them reported a decrease in patients during the first wave of
COVID-19 from March to May of 2020.
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3.3. Impact of the Pandemic on Dental Practices from 1 September 2020, to 9 May 2021

Out of 3674 respondents, nearly all (3532; 96.1%) stated that their practices were open
from 1 September 2020 to 9 May 2021. A few (31; 0.8%) restricted the care only for acute
cases. Approximately one-third (1267; 34.5%) reported a decrease in number of patients.
Almost no respondents (19; 0.5%) stated that their practices were closed (Figure 3).
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These results show that practically all Czech dentists maintained care for patients
during the first wave of COVID-19 from 1 September 2020 to 9 May 2021. A third of them
reported a decrease in patient numbers.

3.4. Reasons Leading to Dental Practices’ Closure during the Whole Pandemic

This question was addressed only to the respondents whose practices were closed at
any time during the pandemic. Respondents whose practices were not closed were asked
to skip this question. Out of 3674 respondents, 1922 respondents replied to this question,
and 1754 respondents skipped it. Multiple answers were allowed.

The 1922 respondents who responded to this question reported 2729 reasons lead-
ing to the closure of the dental practice. The results are presented as the number of
answers, the percentage of respondents choosing this answer, and the frequency of an
answer among all answers, respectively: Shortage of personal protective equipment:
970/50.5%/35.5%; COVID-19 outbreak in the workplace: 471/24.5%/17.3%; Fear of a
possible self-infection: 461/24.0%/16.9%; Quarantine: 394/20.5%/14.4%; Other reasons:
433/22.5%/15.9% (Figure 4).
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Figure 4. Reasons leading to the closure of Czech dental practices during the whole pandemic.

The data show that if the dental practices were closed, it was mainly due to the lack
of personal protective equipment. Out of all reasons, shortage of protective equipment
contributed to the closure of the dental practice in half of the cases, followed by the COVID-
19 outbreak in the workplace and fear of a possible self-infection in a quarter of the cases,
and quarantine in one-fifth of cases.

3.5. Time Range of Dental Practices Closure

This question was addressed only to the respondents whose practices were closed at
any time during the pandemic. Respondents whose practices were not closed were asked
to skip this question. Out of 3674 respondents, 1551 respondents replied to this question,
and 2123 respondents skipped it.

Out of all participants, 1551 (42.2%) responded that their practices were closed during
the pandemic. Half of these respondents (774; 49.9%) stated that the closure of their
practices was in the range of 1–2 weeks. A total of 328 (21.2%) respondents reported the
range of 2–4 weeks, and 152 (9.8%) reported the range longer than 1 month. The other
reasons option was chosen by 297 (19.2%) respondents (Figure 5).

The results show that, during the pandemic, dental practices in the Czech Republic
were mainly closed only for a short time, and closures longer than 1 month were rare.
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3.6. Patients’ Interest in Preventive Care during the Pandemic

Out of 3674 respondents, 1498 (40,8%) stated that the patients’ interest in preventive
care during the pandemic did not decrease at all or decreased by less than 10%, 1155 (31.4%)
observed a 10–25% decrease, 474 (12.9%) observed a 26–50% decrease, 72 (2.0%) observed
a 51–75% decrease, and 20 (0.5%) observed a >76% decrease, and 457 (12.4%) chose “No
reply/do not know” option (Figure 6).
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Most dentists observed no decrease or just a minor decrease in patients’ interest in
preventive care during the pandemic.

3.7. Impact of the Pandemic on the Oral Care of Czech Patients

Out of 3674 respondents, 2852 (77.6%) did not observe any impact of the pandemic on
the oral health of their patients, 621 respondents (16.9%) reported that their patients cared
less about their oral health, and 61 respondents (1.7%) reported that their patients cared
more about their oral health. The “others” option was chosen by 142 (3.9%) of respondents
(Figure 7).

The approach to oral care was affected by the pandemic in less than one-fifth of the
patients. For most of these, the effect was negative.
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Figure 7. Impact of the pandemic on the oral care of Czech patients.

3.8. Dentists’ Greatest Professional Difficulties during the Pandemic

Out of 3674 responses, the most frequent professional difficulties were: difficulties
with administration, reorganization, re-ordering due to illness and quarantine of patients,
and, in general, crisis operating management (55%); concerns about the safety of staff and
patients, difficulties in complying with the strict hygiene measures in the workplace (49%);
shortage of personal protective equipment (21%); difficult to work in protective equipment
(15%) (Figure 8).
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4. Study Limitations

There are three major limitations in this study that could be addressed in future
research. First, the presented study includes subjective reports of respondents. Second, the
number of questions is limited. Third, some outcomes of this work are not comparable
with the pre-pandemic period, as there are no studies or reports containing comparable
data from the previous years. These limitations were not accidentally identified during or
after the survey but were known to the authors before the research began.

This study provides an insight into the daily difficulties of dental professionals during
the pandemic and helps identify the weaknesses of the healthcare system that are usually
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not retrievable via any other sources. On the other hand, some study outcomes, e.g.,
the complex quantification of the patients’ interest in preventive care (Q5) or impact
of the pandemic on oral health (Q6), may be skewed as the quantification is based on
the estimation of dental professionals. Although, naturally, the results of questionnaires
are based on subjective judgments, we consider it important to comment on this issue
and provide future direction for more accurate data acquisition. Q5 was included in the
questionnaire mainly to retrieve qualitative results, i.e., whether the respondents observed
a decrease in the interest in preventive dental care during the pandemic. The quantification
may be considered abundant, the results may be questioned and should be verified by
more objective data when available. More accurately quantified outcomes may be retrieved
from government health institutions’ annual healthcare data reports once released.

Additionally, it is important to discuss the questionnaire extension itself. It may
be argued that the questionnaire lacks some information that is commonly included in
works of similar focus, such as participants’ personal data, dental practice location, or
more questions, including those on COVID-19-related data. We agree that more questions
would contribute to the informativeness of this study, but we intentionally decided to
keep the questionnaire as simple as possible. This study was conducted at the time that
the pandemic was escalating, and there were concerns that the respondents’ participation
would be affected by their different workloads. It was assumed that those who worked
during the pandemic had a reduced opportunity and determination to participate in a
survey that consisted of many questions due to their extreme workload. Conversely, those
who reduced or stopped their work during the pandemic were supposed to have a greater
opportunity and determination to participate. Such an outcome would lead to an unequal
representation of discrete groups of respondents and biased results. To address this issue,
it was necessary to ensure that the survey is as inclusive as possible, i.e., with a time-saving
and straightforward design that could be finished within 5 min. Alternatively, it was
possible to wait with the survey for the time after the pandemic subsided. At this time,
it could be assumed that dentists would have more time to respond. However, such an
approach could notably affect the results, as respondents would be interviewed for events
several months apart. In conclusion, the questionnaire was purposely developed to provide
statistically robust and representative data at the cost of the data extension. This aim was
achieved as 3674 participants represent 37.0% of all e-mails sent and 42.6% of practicing
dentists in the Czech Republic.

As this study is the first of its kind in the Czech Republic, some data cannot be
compared with data from the pre-pandemic period. For instance, the open/closed dental
practices during the pandemic cannot be compared to the previous years. However, data
of this study can be compared to the results of the studies carried out in the coming years.

5. Discussion

This study was carried out during the second wave of COVID-19 in the Czech Republic.
The second wave was the most severe pandemic period regarding the number of new cases
and deaths [17]. As there were no official data on the impact of the pandemic on Czech
dentistry, the Czech Dental Chamber needed to obtain this information to adequately
reflect on the needs of its members. Thus, the chamber decided to address dentists from all
over the country with an online survey. As described in the previous chapter, the survey
had to be specifically designed to address the broadest possible range of respondents. This
unique approach focusing on a limited number of carefully selected questions led to a high
participation rate, which accounted for 42.6% of practicing dentists in the Czech Republic.
This outcome makes this study one of the largest in terms of the number of participating
dentists and especially in terms of the percentage of participating dentists within one
country. Furthermore, this is the first study on the COVID-19 impact on dentistry in the
Czech Republic. However, although the minimum number of participants required for this
study was significantly exceeded, it should be taken into account that the data presented
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in this study do not represent 100% of Czech dentists, but only those who participated in
this study.

Q1 focused on the impact of COVID-19 on dental practices during the first wave of
the pandemic (March–May 2020). The results revealed that although dental professionals
were considered one of the most vulnerable frontline workers, more than 90% of dental
practices were open [18]. Half of them registered fewer patients, about a fifth reduced the
care provided only for acute cases, and about a fifth did not report any changes compared
to before the COVID-19 outbreak. The number of closed dental practices was minimal.
From these results, it is possible to conclude that during the first wave of the pandemic in
the spring of 2020 in the Czech Republic:

• 22.8% of dental practices were fully operational with no limitations compared to
before the pandemic. The main operating limitation of dental practices (46.5%) was
the lower number of patients.

• Acute dental care was provided almost without any restriction.
• Only 3.8% of dental practices were closed.

Q2 focused on the impact of COVID-19 on dental practices during the second pan-
demic wave (September 2020–May 2021). The percentage of open dental practices did
not change significantly (from 90.7% during the first wave to 96.1% during the second
wave). However, the results show an increase in dentists who worked without any changes
compared to the period before the COVID-19 outbreak (from 22.8% during the first wave
to 60.8% during the second wave). Fewer patients were reported by 34.5% of respondents,
and only less than 1% of dentists treated only acute cases or closed their practice. It could
be hypothesized that this change is probably due to the better availability of protective
equipment, which has been identified as a major closure reason (see Q3), as well as a
reduction in patients’ fear of infection. In summary, during the first wave of the pandemic
in the spring of 2020 in the Czech Republic:

• Over 60% of dental practices were fully operational compared to before the pandemic;
fewer patients were reported by 34.5%.

• Acute dental care was provided almost without any restriction.
• Only 0.5% of dental practices were closed.

Although these data suggest that access to dental care has not been notably limited,
the real impact of a pandemic on oral health may be significant. As shown in the work of
Nioi et al., some patients may have delayed treatment due to fear of infection, which could
lead to worsening delays [19]. To assess these consequences, it is appropriate to choose a
research tool other than a questionnaire, such as analyzing population oral health before,
during, and after the pandemic.

In Q3, the dentists who closed their practices anytime during the pandemic were
asked about the reasons for closure. The main reason was a shortage of personal protective
equipment followed by a COVID-19 outbreak in the workplace, fear of infection, or quaran-
tine. These reasons can be considered interlinked as the shortage of protective equipment
may lead to infection, fear of infection, and quarantine. Indeed, most of the multiple
answers included a shortage of protective equipment. This finding is in accordance with
other studies reporting on the lack of protective equipment as one of the main issues of
healthcare providers worldwide during the pandemic [20–24].

Of responders, 42.2% admitted that their practices were closed for some time during
the pandemic. Out of these, 49.9% were closed for less than 2 weeks, 21.2% for less than
4 weeks, and 9.8% for more than 1 month (for any reason). These results show that, despite
the pandemic, less than 10% of dental practices were closed for more than 1 month between
March 2020 and March 2021. As the Czech Republic sets a minimum holiday of 4 weeks by
law, Q4 results can be interpreted as showing that the pandemic did not notably extend the
total time that dentists were out of work compared to the pre-pandemic years.

In Q5, respondents were asked about the decline in interest in preventive dental
care they observed among Czech patients during the pandemic. The results show that
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47.3% of dentists observed a decline greater than 10% compared to before the pandemic.
As described in the Section 4, Q5 outcomes should be understood as a qualitative indicator
of the interest in preventive dental care during the pandemic, and the quantification should
be further verified. For accurate quantification, this issue can be addressed by studies
covering healthcare data reports for years 2020 and 2021 once available and comparing
them with previous years. Another interesting research direction could be the impact of
lower interest in preventive dental care on the subsequent deterioration of oral health in
the coming years. Additionally, in Q6, dentists were also asked whether they observed
any impact of the pandemic on their patients’ oral care. More than three-quarters did
not observe any impact, and poorer oral care of their patients was reported by 16.9% of
dentists, and only 1.9% reported better oral care. Although almost 80% of dentists did not
observe a deterioration in their patients’ oral care, almost a fifth did the opposite. Such
an outcome can significantly contribute to the decline in overall oral health in the Czech
Republic. Results of questions Q5 and Q6 indicate a worsening approach of Czech patients
to oral health during the pandemic and may affect their oral health in the coming years.
These outcomes may indicate the deterioration of oral health as an indirect outcome of the
COVID-19 pandemic and serve as an incentive for government health institutions and the
Czech Dental Chamber to introduce policies reversing this impact and promoting the oral
health of the Czech population.

As revealed in Q7, the greatest professional difficulties of Czech dentists’ during
May 2020–May 2021 were associated with the COVID-19 pandemic. Crisis operating
management was the most significant inconvenience followed by the health concerns, lack
of protective equipment, and problems resulting from working in the protective equipment.
It is no surprise that all the abovementioned is linked to the pandemic as the dentists had to
face this unprecedented situation from the frontline. These findings may indicate that the
incidence of COVID-19 among dentists may be higher than in the general population. The
notable impact of COVID-19 on the health of the healthcare workers was also reported by
other authors; however, thus far, there are no such studies focused on Czech dentists [25].
This topic remains an opportunity for further investigation.

Additional studies with a similar focus reveal that the COVID-19 pandemic has
severely affected dentistry globally. A work of Izzeti et al. reporting on dental activity
during the pandemic in Italy shows that during the spring of 2020, 99.7% of surveyed
dentists reduced their professional activity to urgent treatments or totally stopped work-
ing [26]. Another survey focusing on the COVID-19 impact on dental practices in Central
Italy during the spring of 2020 reported on very similar trends [27]. In this study, 38.4% of
respondents reported that they performed both dental emergencies and urgent care, 26.6%
performed only urgent dental care, and 26.4% provided no dental care. In summary, 91.4%
of respondents reduced their professional activities to urgent or emergent treatments or
totally stopped working. This is in contrast to the reports of Czech dentists. In our survey,
22.8% of respondents admitted that their practices operated with no limitations, only 21.4%
reported their practices remained open providing treatment only to acute cases, and 3.8%
closed their practices during the spring of 2020. This disparity may be due to a different
impact of the pandemic on Italy and the Czech Republic during these months. Italy was
one of the most severely affected countries in the whole world; on the other hand, the
Czech Republic was affected very mildly [28,29]. An additional study, performed by Miśta
et al., focused on professional aspects of dentists in Poland during April 2020 [30]. A total
of 71.2% of dentists responded that they decided to suspend their clinical practice. As in
our study, the main reasons leading Polish dentists to practice closure were insufficient
equipment (63.4%) and fear for their own and their family members’ health and life (51.2%,
57.6%, respectively). In June 2020, Ahmadi et al. performed a study among Iranian dentists
assessing the pandemic impact on their practices [31]. Seventy percent of the participants
admitted they did not perform non-emergency procedures during the pandemic, and 87%
had problems finding and providing personal protective equipment. A study by Faccini
et al. performed in May 2020 reports that in Brazil, 64.6% of the dentists performed only
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urgency/emergency dental care, 26.1% maintained routine appointments, and 9.3% closed
their dental offices. These results are similar to those of our study. Although there are some
methodological differences, our data show that, in comparison to surveys conducted in
other countries, Czech dentistry remained more operative during the pandemic and Czech
dentists faced similar fears and problems as their colleagues from other countries.

6. Conclusions

This survey conducted among 3674 dentists in the Czech Republic reveals that more
than 90% of them worked during the COVID-19 pandemic from March 2020 to March 2021.
Out of those who closed their practices, only 9.8% was for more than 1 month. The main
reasons leading to the closure were a shortage of protective equipment, COVID-19 infection,
fear of infection, or quarantine. The leading professional difficulties of Czech dentists were
crisis operating management, a lack of protective equipment, and health safety concerns.
Additionally, the respondents observed a declining interest in preventive dental care in
47.3% of patients and worse oral care in 16.9% of patients indicating a deterioration in oral
health as a possible delayed outcome of the pandemic.
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Abstract: Introduction: Responding to the coronavirus pandemic, Greece implemented the largest
quarantine in its history. No data exist regarding its impact on PM2.5 pollution. We aimed to
assess PM2.5 levels before, during, and after lockdown (7 March 2020–16 May 2020) in Volos, one of
Greece’s most polluted industrialized cities, and compare PM2.5 levels with those obtained during
the same period last year. Meteorological conditions were examined as confounders. Methods: The
study period was discriminated into three phases (pre-lockdown: 7 March–9 March, lockdown:
10 March–4 May, and post-lockdown period: 5 May–16 May). A wireless sensors network was used
to collect PM2.5, temperature, relative humidity, rainfall, and wind speed data every 2 s. Results: The
lockdown resulted in a significant drop of PM2.5 by 37.4% in 2020, compared to 2019 levels. The mean
daily concentrations of PM2.5 exceeded the WHO’s guideline value for 24-h mean levels of PM2.5 35%
of the study period. During the strictest lockdown (23 March to 4 May), the mean daily PM2.5 levels
exceeded the standard 41% of the time. The transition from the pre-lockdown period into lockdown
or post-lockdown periods was associated with lower PM2.5 concentrations. Conclusions: A reduction
in the mean daily PM2.5 concentration was found compared to 2019. Lockdown was not enough to
avoid severe exceedances of air pollution in Volos.

Keywords: air pollution; coronavirus disease 2019; Greece; GreenYourAir; fine particulate matter

1. Introduction

The Mediterranean city of Volos is located in Central Greece and situated midway
on the Greek mainland. It is the sixth-largest city with the third-largest industrial area.
The Volos port is the third-largest port in Greece. Volos is an excellent paradigm of a
medium-size city where population shifts and high industrialization in the last decades
have resulted in the degradation of the air quality [1]. It is considered among the most
polluted cities in Greece, primarily due to domestic heating, traffic, container terminal
operations, mineral facilities, and installations for cement and lime production [2].

Air pollutants include gaseous pollutants and particle matters (PM). The pathogenicity
of PM is determined by their size, origin, composition, solubility, and ability to produce
reactive oxygen species. It has been reported that smog is generally caused by high
concentrations of aerosols or fine particles sized less than or equal to 2.5 micrometers,
referred to as inhalable fine particulate matter (PM2.5) [3–6]. The toxic effects of PMs
are mainly attributed to PM2.5 [3]. PM2.5 pollution is mainly related to anthropogenic
emissions from industries, traffic transportation, power plants, and biomass burning [4].
Vehicular traffic constitutes the most important source of particulate pollution in the area
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under study [1]. More specifically, tourist traffic passing through the city towards the
local attractions and the seaport for passengers and commercial use are two factors that
aggravate traffic. Among many other sectors, transport is the most hard-hit sector due to
lockdown. Road and air transport came to a halt as people were not allowed or hesitate
to travel.

The increased industrialization in the city of Volos is strongly related to PM2.5 pollution.
Cement, steel, and mineral mining industries are making a source of atmospheric pollution
in Volos [1,2]. Additionally, there are two relatively small industrial areas to the west and a
big cement industry to the east of the study area. Other sources of PM pollutants are the
burning of fossil fuels in vehicles and power plants [1,2].

Factors affecting PM2.5 mass concentration apart from domestic pollutant emission
and external sources [7,8] include the meteorological parameters (relative humidity, wind
speed, temperature). These parameters affect pollution concentration, as well as the
removal, transportation, and dispersion of airborne particles [9–13]. The climate of Volos
is of Mediterranean type with mild, wet winters and hot, dry summers. The average
daily temperature for the spring is 15 ◦C (March, April, May) [1]. The average daily
relative humidity varies between 58% in July and 74% in November [14–16]. During
7 March–23 May is a period free from significant activity of residential heating equipment
in the city. Also, this period is characterized by the absence of abrupt weather changes
and the absence of precipitation which would clean the air, so the local wind system and
micro-climate are clearly observable [3].

Saharan dust advection days have been shown to contribute to particulate matter
exceeding the daily WHO-recommended limits in the city [17–22]. The cyclones are
generated by the thermal contrast between cold Atlantic air and warm continental air
that cross North Africa during spring and summer [17–20]. Furthermore, the presence of
circumferential, mountainous terrain creates local air turbulences, making air exchange
problematic and air polluted with PM2.5 may circulate over the region—a condition known
as the long-range transport of air pollution. Sea salt emissions (whose growth rate depends
on relative humidity) are also a source of PMs and contribute up to 80% of particle levels
in the air in the coastal area of Volos [5]. Sea salt contributed by 12.4%, as expected for the
maritime location of Volos [6].

The PM2.5 air pollution has been associated with an increased risk of acute or chronic
respiratory disease and susceptibility to exacerbations given that prolonged exposure to
air pollution leads to a chronic inflammatory stimulus, even in young and healthy sub-
jects [23–31]. Particle air pollution has been associated with more medical visits and excess
hospitalizations [29–31]. Furthermore, people living in areas with high levels of particular
air pollutants are vulnerable to developing respiratory infections [31]. Namely, recent
evidence supports that the high pollution level of Northern Italy should be considered an
additional co-factor of the high level of COVID-19 death rates recorded in that area [32,33].
Emerging data supporting air pollution exposure is linked to COVID-19 severity, higher
morbidity, and mortality [32–34]. Utilizing health information in air pollution health
research will result in the achievement of environmental health protection goals.

Globally, interventions to contain the coronavirus disease 2019 (COVID-19) outbreak
led to improvements in air quality [35]. The coronavirus pandemic and lockdown slowed
business activities, restricted traffic and transportation, and revealed a huge drop in
air pollution in affected countries [32]. Responding to the ongoing novel coronavirus
outbreak, Greece implemented the largest quarantine in the country’s history during the
first pandemic wave. A three-phase approach was adopted. On the 10th of March, the
operation of educational institutions of all levels was suspended nationwide, and then,
on the 13th of March, all commercial stores and entertainment centers were closed down.
The Greek authorities announced stringent traffic, transport, and industry restrictions,
starting from 6 AM on the 23rd of March. Starting from the 4th of May, after a 42-day
lockdown, Greece gradually lifted restrictions on movement and restarted business activity.
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The measures put in place in Greece were among the strictest in Europe [32,35]. As Greece
went into lockdown, the industrial activities shut down in Volos.

No data exist regarding the impact of the lockdown caused by the COVID-19 pan-
demic on PM2.5 air quality in Greece. The aims of this study were to assess the PM2.5
concentrations obtained by a wireless sensors network located at twelve different measure-
ment points in Volos, Greece, before (7 March–9 March), during (10 March–4 May), and
after the implementation of lockdown (5 May–16 May), examine to what extent government
restrictions affected PM2.5 concentrations, and compare PM2.5 levels with those obtained
from the identical locations during the same period in 2019. Meteorological conditions
were also examined as confounders.

2. Materials and Methods
2.1. Network Implementation and Data Collection

The daily 24-h PM2.5 air pollution data were collected from twelve fully automated
air quality monitoring stations located in the center and the greater area of Volos for the
period from 7 March 2020 until 16 May 2020. The selected study period is characterized by
the absence of abrupt weather changes and the absence of precipitation which would clean
the air, so, the local wind system and micro-climate are clearly observable. Furthermore,
this is a period free from significant activity of residential heating equipment in the city [3].
The values of the twelve monitoring devices have been used to calculate the daily mean
PM2.5 concentration in Volos. The fully automated air quality monitoring network was
established by the GreenYourAir research team. The 24-h temperature, relative humidity,
rainfall, and wind speed values were also recorded every 2 s along with each PM2.5 mea-
surement by the network, for the same period. The higher safe limits for particulates in
the air defined as a daily average of 25 µg/m3 for PM2.5, according to the World Health
Organization (WHO) air quality guidelines [36]. More specifically, the GreenYourAir moni-
toring network consisted of twelve measuring devices (GreenYourAir device 1178/PM2.5)
(Figure 1) designed and developed by the GreenYourAir research team. The network was
developed based on the outcomes of previous EU projects and tests implemented by the
team. GreenYourAir projects focus on monitoring the air quality at the city of Volos and
especially PM2.5, on identifying correlations between medical incidents and levels of PM2.5,
on quantifying the origins of air pollution in the monitored area, and on suggesting to
public authorities and private entities solutions to improve air quality by decreasing the
level of PM2.5 [37]. The network works 24 h a day and seven days a week since 1 March
2019. Hence, the 2019 data were collected from the same network (GreenYouAir) and de-
vices (GreenYourAir/1178 device) were placed at the same locations. To make day-to-day
comparisons between 2019 and 2020 air quality data, we used the means calculated by
averaging daily PM levels from all the twelve locations over the sampling duration.
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For the data collection, the light-scattering method was utilized. The amount of light
scattered by the particles was detected by a photodiode, which translated the signal into
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electrical pulses. Then, the microprocessor analyzed these signals and calculated the mass
concentration based on the amplitude of pulses. The light-scattering method has been
widely used in research projects and the development of smart cities. The main parts of
the device are: a sensor that provided data for the concertation of PM2.5, temperature, and
relative humidity, a zero-one integer (I/O) expansion shield, and an Arduino YUN rev. 2.
The programming language of the device was C++. The devices were collecting data per
second and they were working 24-h per day. In addition, a 3D printed box was designed to
install the devices and create the network [20].

The GreenYourAir research team developed a mathematical formula and an optimiza-
tion model to determine the optimal locations of the twelve sensors and create the sensor
network. A mathematical formula was used to divide the city into sub-areas with spe-
cific characteristics and determine the number of sensors in each area. An environmental
nuisance of 50 squares was calculated based on the source of emissions. In the end, 12
locations with different environmental nuisance were selected in order to represent well the
region under study. The data that were introduced as inputs in the mathematical formula
were: the five main functional zones of the city, the traffic zones of the city, the existence
of bus, train, and boat stations, the presence of schools, parks, the heat sources, and the
geomorphological characteristics of the city. In every smaller area created by the formula, a
score was assigned regarding the proper number of sensors that should be placed based on
its main characteristics.

More specifically, the city of Volos was divided into five functional zones (commercial
and recreational zone, high-density residential zone, medium density residential zone,
low-density residential zone, and industrial zone) (Figure 2A). The traffic flow of the city
was divided into three types according to the density of traffic (high, medium, and low
traffic jams), as shown in Figure 2B.
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The city was divided into smaller areas and determined the number of sensors of each
area as shown in Figure 3. The 1st industrial zone of Volos is located outside the city to
the western suburbs, about 6 km from the center. The Lafarge Cement Volos Plant and the
ELINOIL Petroleum company are located outside the city to the eastern suburbs, about
3.5 km from the center of the city. The city’s primary sources of heating are oil, natural gas,
and fireplaces. The geographical location and the geomorphological features specific to the
city were also analyzed.
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Figure 3. The sub-areas of the city of Volos selected for the placement of the sensors.

The required number of sensors at each sub-area was selected by analyzing the
existence of parks, main roads, sports facilities, schools, and universities, the sources of
heating, the traffic jam, and the zone within the city. Sensor positioning was the following:
one sensor was placed at area A, two sensors at area B, three sensors were placed separately
at areas C, E, and F.

The sensor placement locations were strategically placed after an optimization model
was developed. The research team formalized the problem by means of a mathematical
optimization model guided by the following main parameters: the number of sensors
that were placed at each sub-area, the distance between the sensors of the same sub-area,
the distance between the sensors of different sub-areas, the specific characteristics of each
area and the coverage characteristics among different sub-areas (Figure 4A). The detailed
optimization model guided the optimal sensor placement (Figure 4B).
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Figure 4. The optimal sensor placement according to the mathematical model (twelve sensors) (A) and the actual placement
of sensors (twelve sensors) (B).

GreenYourAir devices 1178/PM2.5 had advantages and disadvantages when com-
pared to the dust samplers. The main advantages of the sensors were the simplicity of
real-time measurements, the low cost, and the assessment of board geospatial coverage
for the area. The main disadvantage of the sensors, in some cases, could be the accuracy
of the measurements. To solve that issue, the GreenYourAir research team developed a
calibration methodology.
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During the development period, the sensing measurements were tested under laboratory
conditions. Their performance was compared to reference instruments. The real-time mea-
surements were compared with the reference instruments to increase accuracy. To this end,
real-time air monitoring data is now viewable on the website: http://greenyourair.org/
(accessed on 1 June 2021).

2.2. Statistical Analyses

Spearman’s correlation was used for correlation analysis between mean daily con-
centrations of PM2.5 and meteorological variables. Multiple linear analysis and Spearman
analysis were used to analyze the correlation between mean daily PM2.5 concentrations,
meteorological variables, and the three phases of the study. To identify differences between
two independent groups, an unpaired t-test was used. Parametric data comparing three
or more groups were analyzed with one-way ANOVA and Tukey’s multiple comparisons
test, while non-parametric data were analyzed with the Kruskal–Wallis test and Dunn’s
multiple comparison test. A result was considered statistically significant when the p-value
was <0.05. Data were analyzed and visualized using SPSS Statistics v.23 (Armonk, NY,
USA: IBM Corp.) and Tableau (Tableau Software LLC, Seattle, WA, USA), respectively.

3. Results
3.1. Comparison between the Ambient PM2.5 Levels in 2020 and 2019 (7 March 2020 to
16 May 2020)

Daily PM2.5 concentrations used in Figure 5 and throughout this study were obtained
by averaging 24-h PM2.5 measurements monitored at 12 locations in 2019 and 2020. In Volos
over the entire sampling period, the mean concentration of PM2.5 declined significantly
compared with the same 11-week period in 2019 (34.8 ± 11.9 vs. 21.8 ± 9.2, p < 0.001), as
presented in Figure 5. There was a 37.4% reduction in mean daily PM2.5 levels during the
COVID-19 period in Volos.

The percentage of days with a mean daily concentration of PM2.5 above the safe limit
was 80% in 2019, i.e., almost the entire study period except for the last week of April and
the first days of May. The PM2.5 levels were 30% to 100% higher than the 24-h threshold of
25 µg/m3 set by the WHO air quality guidelines. In 2020, the mean daily concentrations of
PM2.5 exceeded the safe limit of 35% of the study period.

In both years, a significant downward trend of PM2.5 concentrations after the 26th
of April was observed. In both years, PM2.5 level reductions were significant during
consecutive phases. In 2019, PM2.5 levels significantly decreased from phase 1 to phase 3
(43.65 ± 7.72 vs. 19.24 ± 6.68, p = 0.001) and from phase 2 to phase 3 (36.6 ± 9.72 vs.
19.24 ± 6.68, p < 0.001). Similarly, in 2020, PM2.5 levels significantly decreased from phase
1 to phase 3 (29.67 ± 10.71 vs. 12.57 ± 3.87, p < 0.001), from phase 2 to phase 3 (21.98 ± 7.07
vs. 12.57 ± 3.87, p = 0.001) as well as from phase 1 to phase 2 (29.67 ± 10.71 vs. 21.98 ± 7.07,
p = 0.015).

During the strictest period amid phase 2 (23 March to 4 May 2020), when stringent traf-
fic, transport, and industry restrictions were implemented, the mean daily concentrations
of PM2.5 exceeded the safe limits in 41% of the days.
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3.2. Correlations between Meteorological Variables and PM2.5 Air Pollution

We found that PM2.5 concentration was negatively correlated with temperature and
positively correlated with humidity. No correlation was found between PM2.5 concentration
and rainfall or wind speed (Figure 6).
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3.3. The Impact of Meteorological Variables and Three-Phase Lockdown Approach on PM2.5
Air Pollution

A multiple linear regression analysis was conducted with numerical and categorical
variables turned into dummy variables. The mean daily temperature, humidity, rainfall,
and wind speed, and phase 2 and phase 3 of the study period were used as the independent
variables in the prediction of PM2.5 air pollution (Table 1). Phase 2 and phase 3 were
compared with phase 1, which was used as a reference group. The predictor variables of
phase 2 and phase 3 explained 43.5% of the total variance in this regression model. The
transition from phase 1 into phase 2 reduced PM2.5 levels by 7.694 µg/m3 and from phase
1 into phase 3 by 14.453 µg/m3. There was no multicollinearity between the explanatory
variables.

Table 1. Multiple linear regression analysis for PM2.5 air pollution over the three-phase approach to lifting COVID-19
restrictions in 2020.

Model

Unstandardized
Coefficients

Standardized
Coefficients t Sig.

Collinearity Statistics

B Std. Error Beta Tolerance VIF

(Constant) 21.343 11.088 1.925 0.061
Mean daily temperature (◦C) −0.058 0.451 −0.025 −0.128 0.899 0.364 2.749

Mean daily humidity (%) 0.158 0.151 0.187 1.052 0.299 0.438 2.281
Mean daily rainfall (inches) 0.251 0.314 0.132 0.799 0.429 0.506 1.975

Phase 2 −7.694 2.966 −0.415 −2.594 0.013 0.539 1.857
Phase 3 −14.453 4.780 −0.625 −3.024 0.004 0.323 3.100

Dependent variable: mean daily PM2.5 concentration, R = 65.9%, R2 = 43.5%, R2 (adjusted) = 36.6%.

4. Discussion

In this study, for the first time, we assessed the PM2.5 concentration before, during,
and after lockdown in one of the most polluted cities in Greece, Volos, compared to the
same period in 2019. The relationship between PM2.5 mass concentration and meteorolog-
ical conditions was also determined. Our results showed that PM2.5 pollution dropped
significantly, by 37.4%, during the COVID-19 three-phase period, compared to 2019. The
mean daily concentrations of PM2.5 exceeded the safe standards of 35% of the study period
in 2020, compared to the PM2.5 concentration exceeding the limit values over almost the
entire study period (80%) in 2019. However, we found that strict lockdown (23 March
to 4 May) was not enough to avoid severe exceedances of air pollution in Volos as the
mean daily concentrations of PM2.5 exceeded the safe limits 41% of the time. In both years,
reduction in the PM2.5 levels was significant from phase 1 to phase 2, and from phase 1
to phase 3. In both years, a significant downward trend of PM2.5 concentrations after the
26th of April was observed. The transition from the pre-lockdown period (phase 1) to
the lockdown period (phase 2) and from the pre-lockdown to the post-lockdown period
(phase 3) in 2020, contributed to lower PM2.5 concentrations, independently of the existing
meteorological conditions.

We found that PM2.5 concentrations exceeded the limit values over almost the entire
study period (80%) in 2019. Our data accorded with earlier observations supporting that
average daily PM2.5 concentrations exceeded established standard values in the city [1,38].
Previous reports supported a correlation between the number of days exceeding the daily
threshold concentration and the annual hospital admission rates for respiratory diseases [1].

However, a significant reduction of 37.4% in mean daily PM2.5 concentration during
the 2020 three-phase COVID-19 period in Volos, compared to 2019 was recorded. According
to data from the Department of Mechanical Engineering of the University of Thessaly,
55 GPS devices installed in city buses demonstrated that, on average, traffic was decreased
by 50% on the main roads of Volos during the lockdown in the study period [39]. Similarly,
in the two largest cities in Greece, Athens and Thessaloniki, there was 21% and 27% less
traffic in 2020 than in 2019, mainly attributed to restriction measures, respectively [40].
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While lockdowns have caused the decline of air pollution, this did not seem to
be enough to avoid PM2.5 air pollution events in Volos due to an extensive network of
stationary (industry, central heating) and mobile air pollutant sources. Although stringent
traffic, transport, and industry restrictions were implemented during the lockdown period,
the mean daily concentrations of PM2.5 exceeded the safe limits 41% of the recording
days during the strictest period of the lockdown (23 March to 4 May). The long-range
dust incidences and sea salt emissions during spring could be partly attributed to this
observation [5,6].

Moreover, in both years, a significant parallel downward trend of PM2.5 concentration
was observed over the spring period in Volos. In both years, PM2.5 level reductions were
significant from phase 1 to phase 2 and from phase 2 to phase 3. This finding is consistent
with previous studies that showed a good overall agreement in PM2.5 concentration trend
lines during spring and summer [41]. Previous reports well-defined mean seasonal vari-
ation of air pollutants concentrations after examining large periods in Volos [42,43]. The
spring-summer minimum is due to the reduced domestic heating emissions and private
car traffic during vacations and the intense flow of the “Etesian” winds [42,43].

In our study, PM2.5 concentration was negatively correlated with temperature and
positively correlated with humidity, consistent with previous reports of our team [7,8,33].
Supportive evidence shows that PM2.5 emissions increased exponentially as temperature
decreased, suggesting a negative correlation between temperature and PM2.5. A possible
explanation for this finding is that when the temperature is higher, the air convection at the
lower surface is stronger, which benefits the upward transport of PM2.5 [33]. An increase in
relative humidity could aggravate PM2.5 pollution through physical and chemical processes,
affecting the gas-to-particle conversion rate and wet or dry deposition [33]. No correlation
was found between PM2.5 concentration and wind speed in the present study.

The COVID-19 pandemic constitutes a multifactorial problem requiring multifactorial
responses. Our study provides first-time data regarding one of the most polluted indus-
trialized cities in Greece. However, it has some limitations that need to be acknowledged.
Firstly, our analysis did not include all Greek cities. Secondly, this study did not examine
the effect of other air pollutants such as carbon monoxide, nitrogen dioxide, and sulfur
dioxide, which may increase the risk of respiratory tract infections. Moreover, the com-
parisons of air quality between different city points would be an important line of study
designed to be subject for future study. Our study was designed to focus specifically on
to what extent government restrictions affected PM2.5 concentrations in one of the most
polluted cities in Greece, Volos.

5. Conclusions

Mediterranean urban agglomerates are characterized by relatively high atmospheric
pollution due to anthropogenic (urban, industrial) and natural sources (desert dust, biomass
burning) and the prevailing atmospheric conditions that favor photochemical production
of secondary pollutants. A spring sampling campaign verified a high concentration of
PM2.5 in the ambient air of the city of Volos in 2019, with a reduction of 37.4% in mean daily
PM2.5 concentration; without avoiding severe exceedances during the 2020 COVID-19
period. Long-term monitoring of atmospheric pollution should be carried out in Volos
and Mediterranean cities of similar characteristics. Continued epidemiological and ex-
perimental studies are needed to evaluate the role of atmospheric pollution in specific
populations and provide more critical information for better preparedness policies in cases
of pandemics.

Author Contributions: Conceptualization, K.I.G. and G.K.D.S.; methodology, G.K.D.S. and G.K.;
software, G.K.D.S. and G.K.; validation, G.K.D.S. and G.K.; formal analysis, O.S.K.; investigation,
O.S.K., G.K.D.S. and G.K.; resources, G.K.D.S. and G.K.; software, G.K.D.S. and G.K.; writing—
original draft preparation, O.S.K.; writing—review and editing, O.S.K., E.C.F., G.K.D.S. and G.K.;
visualization, O.S.K.; supervision, K.I.G.; project administration, K.I.G. All authors have read and
agreed to the published version of the manuscript.

151



Int. J. Environ. Res. Public Health 2021, 18, 6748

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted according to the guidelines of
the Declaration of Helsinki and approved by the Ethics Committee of the University of Thessaly
(No2800-1 November 2021). The study was conducted according to the guidelines of the Declaration
of Helsinki and approved.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets used and/or analyzed during the current study are
available from the corresponding author on reasonable request.

Acknowledgments: We thank Vaios S. Kotsios who have helped in data visualization and Thomas
Zidros who have helped in carrying out the research.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Moustris, K.P.; Proias, G.T.; Larissi, I.K.; Nastos, P.T.; Koukouletsos, K.V.; Paliatsos, A.G. Health impacts due to particulate air

pollution in Volos City, Greece. J. Environ. Sci. Health A Tox. Hazard. Subst. Environ. Eng. 2016, 51, 15–20. [CrossRef] [PubMed]
2. The Guardian. Where’s the Worst Air Pollution in Europe and How Much Does It Cost Us? 2016. Available online: https:

//www.theguardian.com/news/datablog/2011/nov/24/cost-of-environmental-pollution (accessed on 10 June 2021).
3. Xing, Y.F.; Xu, Y.-H.; Shi, M.H.; Lian, Y.X. The impact of PM2.5 on the human respiratory system. J. Thorac. Dis. 2016, 8, E69–E74.
4. Katsouyanni, K. Ambient air pollution and health. Br. Med. Bull. 2003, 68, 143–156. [CrossRef]
5. Lewis, E.R.; Schwartz, S.E. Sea Salt Aerosol Production: Mechanisms, Methods, Measurements, and Models: A Critical Review; American

Geophysical Union: Washington, DC, USA, 2004.
6. Emmanouil, C.; Drositi, E.; Vasilatou, V.; Diapouli, E.; Krikonis, K.; Eleftheriadis, K.; Kungolos, A. Study on particulate matter air

pollution, source origin, and human health risk based of PM10 metal content in Volos City, Greece. Toxicol. Environ. Chem. 2017,
99, 691–709. [CrossRef]

7. Rahman, A.; Luo, C.; Khan, M.J.R.; Ke, J.; Thilakanayaka, V.; Kumar, S. Influence of atmospheric PM2.5, PM10, O3, CO, NO2, SO2,
and meteorological factors on the concentration of airborne pollen in Guangzhou, China. Atmos. Environ. 2019, 212, 290–304.
[CrossRef]

8. Wang, J.; LI, J.; Peng, Y.; Zhang, M.; Che, H.; Zhang, X. The impacts of the meteorology features on PM2.5 levels during a severe
haze episode in central-east China. Atmos. Environ. 2019, 197, 177–189. [CrossRef]

9. Nam, E.; Kishan, S.; Baldauf, R.W.; Fulper, C.R.; Sabisch, M.; Warila, J. Temperature effects on particulate matter emissions from
light-duty, gasoline-powered motor vehicles. Environ. Sci. Technol. 2010, 44, 4672–4677. [CrossRef]

10. Kong, L.; Tan, Q.; Feng, M.; Qu, Y.; An, J.; Liu, X.; Cheng, N.; Deng, Y.; Zhai, R.; Wang, Z. Investigating the characteristics and
source analyses of PM2.5 seasonal variations in Chengdu, Southwest China. Chemosphere 2020, 243, 125267. [CrossRef]

11. Wu, J.; Xu, C.; Wang, Q.Z.; Cheng, W. Potential Sources and Formations of the PM2.5 Pollution in Urban Hangzhou. Atmosphere
2016, 7, 100. [CrossRef]

12. Xu, J.; Yan, F.; Xie, Y.; Wang, F.; Wu, J.; Fu, Q. Impact of meteorological conditions on a nine-day particulate matter pollution
event observed in December 2013, Shanghai, China. Particuology 2015, 20, 69–79. [CrossRef]

13. Ouyang, W.; Guo, B.; Cai, G.; Li, Q.; Han, S.; Liu, B.; Liu, X. The washing effect of precipitation on particulate matter and the
pollution dynamics of rainwater in downtown Beijing. Sci. Total Environ. 2015, 505, 306–314. [CrossRef]

14. Papaioannou, A.B.; Viras, L.G.; Nastos, P.T.; Paliatsos, A.G. An analysis of selected air pollutants in the city of Volos, Greece.
Environ. Monit. Assess. 2010, 161, 485–494. [CrossRef] [PubMed]

15. Papanastasiou, D.; Melas, D. Statistical characteristics of ozone and PM10 levels in a medium sized Mediterranean city. Int. J.
Environ. Pollut. 2009, 36, 127138. [CrossRef]

16. Papanastasiou, D.K.; Melas, D. Climatology and impact on air quality of sea breeze in an urban coastal environment. Int. J.
Climatol. 2009, 29, 305315. [CrossRef]

17. Antoine, D.; Nobileau, D. Recent increase of Saharan dust transport over the Mediterranean Sea, as revealed from ocean color
satellite (SeaWiFS) observations. JGR 2006, 111, 19. [CrossRef]

18. Barkan, J.; Alpert, P.; Kutiel, H.; Kishcha, P. Synoptics of dust transportation days from Africa toward Italy and central Europe.
JGR 2005, 110, 1–14. [CrossRef]

19. Meloni, D.; di Sarra, A.; Biavati, G.; DeLuisi, J.J.; Monteleone, F.; Pace, G.; Piacentino, S.; Sferlazzo, D.M. Seasonal behavior of
Saharan dust events at the Mediterranean island of Lampedusa in the period 1999–2005. Atmos. Environ. 2007, 41, 3041–3056.
[CrossRef]

20. Rodriguez, S.; Querol, X.; Alastuey, A.; Kallos, G.; Kakaliagou, O. Saharan dust contributions to PM10 and TSP levels in Southern
and Eastern Spain. Atmos. Environ. 2001, 35, 2433–2447. [CrossRef]

21. Alessandrini, E.R.; Stafoggia, M.; Faustini, A.; Gobbi, G.P.; Forastiere, F. Saharan Dust and the Association between Particulate
Matter and Daily Hospitalisations in Rome, Italy. Occup. Environ. Med. 2013, 70, 432–434. [CrossRef]

152



Int. J. Environ. Res. Public Health 2021, 18, 6748

22. Matassoni, L.; Pratesi, G.; Centioli, D.; Cadoni, F.; Malesani, P.; Caricchia, A.M.; di Bucchianico, A.D. Saharan dust episodes in
Italy: Influence on PM10 daily limit value (DLV) exceedances and the related synoptic. J. Environ. Monit. 2009, 11, 1586–1594.
[CrossRef]

23. Losacco, C.; Perillo, A. Particulate matter air pollution and respiratory impact on humans and animals. Environ. Sci. Pollut. Res.
Int. 2018, 25, 33901–33910. [CrossRef]

24. Pope, C.A., 3rd; Bhatnagar, A.; McCracken, J.P.; Abplanalp, W.; Conklin, D.J.; O’Toole, T. Exposure to fine particulate air pollution
is associated with endothelial injury and systemic inflammation. Circ. Res. 2016, 119, 1204–1214. [CrossRef] [PubMed]

25. Qin, C.; Zhou, L.; Hu, Z.; Zhang, S.; Yang, S.; Tao, Y.; Xie, C.; Ma, K.; Shang, K.; Wang, W.; et al. Dysregulation of immune
response in patients with COVID-19 in Wuhan, China. Clin. Infect Dis. 2020, 71, 762–768. [CrossRef] [PubMed]

26. Radan, M.; Dianat, M.; Badavi, M.; Mard, S.A.; Bayati, V.; Goudarzi, G. Gallic acid protects particulate matter (PM10) triggers
cardiac oxidative stress and inflammation causing heart adverse events in rats. Environ. Sci. Pollut. Res. 2019, 26, 18200–18207.
[CrossRef]

27. Tsai, D.H.; Riediker, M.; Berchet, A.; Paccaud, F.; Waeber, G.; Vollenweider, P.; Bochud, M. Effects of short- and long-term
exposures to particulate matter on inflammatory marker levels in the general population. Environ. Sci. Pollut. Res. Int. 2019, 26,
19697–19704. [CrossRef] [PubMed]

28. Yang, J.; Chen, Y.; Yu, Z.; Ding, H.; Ma, Z. The influence of PM2.5 on lung injury and cytokines in mice. Exp. Ther. Med. 2019, 18,
2503–2511. [CrossRef]

29. Berend, N. Contribution of air pollution to COPD and small airway dysfunction. Respirology 2016, 21, 237–244. [CrossRef]
30. Croft, D.P.; Zhang, W.; Lin, S.; Thurston, S.W.; Hopke, P.K.; Masiol, M.; Squizzato, S.; van Wijngaarden, E.; Utell, M.J.; Rich, D.Q.

The Association between Respiratory Infection and Air Pollution in the Setting of Air Quality Policy and Economic Change. Ann.
Am. Thorac. Soc. 2019, 16, 321–330. [CrossRef]

31. Horne, B.D.; Joy, E.A.; Hofmann, M.G.; Gesteland, P.H.; Cannon, J.B.; Lefler, J.S.; Blagev, D.P.; Korgenski, E.K.; Torosyan, N.;
Hansen, G.I.; et al. Short-term elevation of fine particulate matter air pollution and acute lower respiratory infection. Am. J. Respir.
Crit. Care Med. 2018, 198, 759–766. [CrossRef]

32. Conticini, E.; Frediani, B.; Caro, D. Can atmospheric pollution be considered a co-factor in extremely high level of SARS-CoV-2
lethality in Northern Italy? Environ. Pollut. 2020, 261, 114465. [CrossRef]

33. Kotsiou, O.S.; Kotsios, V.; Lampropoulos, I.; Zidros, T.; Zarogiannis, S.G.; Gourgoulianis, K.I. PM2.5 pollution strongly predicted
COVID-19 incidence in four high-polluted urbanized Italian cities during the pre-lockdown and lockdown periods. Int. J. Environ.
Res. Public Health 2021, 18, 5088. [CrossRef]

34. Brandt, E.B.; Beck, A.F.; Mersha, T.B. Air pollution, racial disparities, and COVID-19 mortality. J. Allergy Clin. Immunol. 2020, 146,
61–63. [CrossRef]

35. Chen, K.; Wang, M.; Huang, C.; Kinney, P.L.; Anastas, P.T. Air pollution reduction and mortality benefit during the COVID-19
outbreak in China. Lancet Planet. Health 2020, 4, e210–e212. [CrossRef]

36. World Health Organization. Ambient (Outdoor) Air Pollution. 2018. Available online: https://www.who.int/news-room/fact-
sheets/detail/ambient-(outdoor)-air-quality-and-health (accessed on 7 May 2021).

37. Saharidis, G.; Kalantzis, G. Monitoring Network for PM2.5. In Proceedings of the 6th International Conference on “Energy,
Sustainability and Climate Change”, ESCC 2019, Chania, Greece, 3–7 June 2019; University of Thessaly: Volos, Greece, 2019; p. 11.

38. Antoniadis, V.; Golia, E.E.; Liu, Y.T.; Wang, S.L.; Shaheen, S.M.; Rinklebe, J. Soil and maize contamination by trace elements and
associated health risk assessment in the industrial area of Volos, Greece. Environ. Int. 2019, 124, 79–88. [CrossRef] [PubMed]

39. Taxydromos Newspaper Reporter. 21 May 2021. Available online: https://www.taxydromos.gr/Topika/403457-meiwsh-80-ths-
epivatikhs-kinhshs-sto-astiko-ktel-voloy.html?fbclid=IwAR1dUJIRAqVtSogIA0p8gS3caT4FENUZgy3V3wEY-oyHuvMR8N9
MRs51ozw (accessed on 2 June 2021). (In Greek).

40. TomTom Traffic Index. Greece Traffic. Available online: https://www.tomtom.com/en_gb/traffic-index/greece-country-traffic/
(accessed on 2 June 2021).

41. Papaioannou, A.B.; Viras, L.G.; Nastos, P.T.; Paliatsos, A.G. Temporal evolution of sulfur dioxide and nitrogen oxides in the city
of Volos, Greece. Environ. Monit. Assess. 2010, 161, 485–494. [CrossRef] [PubMed]

42. Karandinos-Riga, A.N.; Saitanis, C.; Arapis, G. Study of the weekday–weekend variation of air pollutants in a typical Mediter-
ranean coastal town. Int. J. Environ. Pollut. 2006, 27, 300–312. [CrossRef]

43. Papamanolis, N. On the seasonal dependence of the air pollution in the city of Volos, Greece. Fresenius Environ. Bull. 2001, 10,
749–754.

153





International  Journal  of

Environmental Research

and Public Health

Article

The Economic Burden of Influenza-Like Illness among
Children, Chronic Disease Patients, and the Elderly in China:
A National Cross-Sectional Survey

Xiaozhen Lai 1,2 , Hongguo Rong 2,3, Xiaochen Ma 2, Zhiyuan Hou 4 , Shunping Li 5,6 , Rize Jing 1,2,
Haijun Zhang 1,2, Yun Lyu 1,2, Jiahao Wang 1,2 , Huangyufei Feng 1,2, Zhibin Peng 7, Luzhao Feng 8,*
and Hai Fang 2,9,10,*

Citation: Lai, X.; Rong, H.; Ma, X.;

Hou, Z.; Li, S.; Jing, R.; Zhang, H.;

Lyu, Y.; Wang, J.; Feng, H.; et al. The

Economic Burden of Influenza-Like

Illness among Children, Chronic

Disease Patients, and the Elderly in

China: A National Cross-Sectional

Survey. Int. J. Environ. Res. Public

Health 2021, 18, 6277. https://

doi.org/10.3390/ijerph18126277

Academic Editor: Matthew Taylor

Received: 17 May 2021

Accepted: 7 June 2021

Published: 10 June 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 School of Public Health, Peking University, Beijing 100083, China; laixiaozhen@pku.edu.cn (X.L.);
rzjing2015@hsc.pku.edu.cn (R.J.); zhanghj966@bjmu.edu.cn (H.Z.); lydialu1217@hotmail.com (Y.L.);
1510306210@pku.edu.cn (J.W.); yffenghuang@pku.edu.cn (H.F.)

2 China Center for Health Development Studies, Peking University, Beijing 100083, China;
hgrong@hsc.pku.edu.cn (H.R.); xma@hsc.pku.edu.cn (X.M.)

3 Institute for Excellence in Evidence-Based Chinese Medicine, Beijing University of Chinese Medicine,
Beijing 100029, China

4 School of Public Health, Fudan University, Shanghai 200032, China; zyhou@fudan.edu.cn
5 School of Health Care Management, Cheeloo College of Medicine, Shandong University, Jinan 250012, China;

lishunping@sdu.edu.cn
6 NHC Key Laboratory of Health Economics and Policy Research (Shandong University), Jinan 250012, China
7 Division of Infectious Diseases, Chinese Center for Disease Control and Prevention, Beijing 102206, China;

pengzb@chinacdc.cn
8 School of Population Medicine and Public Health, Chinese Academy of Medical Sciences & Peking Union

Medical College, Beijing 100730, China
9 Peking University Health Science Center—Chinese Center for Disease Control and Prevention Joint Center

for Vaccine Economics, Peking University, Beijing 100083, China
10 Key Laboratory of Reproductive Health, National Health Commission of the People’s Republic of China,

Beijing 100083, China
* Correspondence: fengluzhao@cams.cn (L.F.); hfang@hsc.pku.edu.cn (H.F.);

Tel.: +86-10-6525-6093 (L.F.); +86-10-8280-5702 (H.F.)

Abstract: Background: The disease burden of seasonal influenza is substantial in China, while there is
still a lack of nationwide economic burden estimates. This study aims to examine influenza-like illness
(ILI) prevalence, healthcare-seeking behaviors, economic impact of ILI, and its influencing factors
among three priority groups during the 2018–19 influenza season. Methods: From August to October
2019, 6668 children’s caregivers, 1735 chronic disease patients, and 3849 elderly people were recruited
from 10 provinces in China to participate in an on-site survey. The economic burden of ILI consisted
of direct (medical or non-medical) and indirect burdens, and a two-part model was adopted to predict
the influencing factors of total economic burden. Results: There were 45.73% children, 16.77% chronic
disease patients, and 12.70% elderly people reporting ILI, and most participants chose outpatient
service or over-the-counter (OTC) medication after ILI. The average economic burden was CNY 1647
(USD 237.2) for children, CNY 951 (USD 136.9) for chronic disease patients, and CNY 1796 (USD 258.6)
for the elderly. Two-part regression showed that age, gender, whether the only child in the family,
region, and household income were important predictors of ILI economic burden among children,
while age, region, place of residence, basic health insurance, and household income were significant
predictors of ILI economic burden among chronic disease patients and the elderly. Conclusions: A
large economic burden of ILI was highlighted, especially among the elderly with less income and
larger medical burdens, as well as children, with higher prevalence and higher self-payment ratio. It is
important to adopt targeted interventions for high-risk groups, and this study can help national-level
decision-making on the introduction of influenza vaccination as a public health project.

Keywords: economic burden; influenza-like illness; healthcare-seeking behaviors; China
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1. Introduction

Annual influenza epidemics result in substantial morbidity and mortality across
the globe, with a large share of the total disease burden occurring in low- and middle-
income countries (LMICs) [1]. As estimated by the World Health Organization (WHO)
in 2018, the annual epidemics of seasonal influenza caused 3–5 million severe cases and
290,000–650,000 deaths [2]. The disease burden of seasonal influenza is also substantial in
mainland China, with about 88,000 excess deaths occurring annually [3]. Illness severity
and mortality are the greatest in high-risk groups, and so are the associated healthcare
costs and productivity losses.

Immunization has been proven to be one of the most cost-effective health invest-
ments to prevent and control influenza, with strong positive externalities [4–6], so public
intervention is expected to drive vaccine coverage to a socially optimal level [7]. The
WHO and Chinese Center for Disease Control and Prevention recommended that children,
chronic diseases patients, and the elderly be among the priority groups for influenza vacci-
nation [8,9]. However, influenza vaccination has not been included in China’s National
Immunization Program (NIP), and the expenses are paid out of pocket on most occasions,
even for priority groups. The coverage rate of influenza vaccination in China has been
extremely low in the past 15 years, with only 2% of the entire population being immunized,
and small-scale policy interventions have failed to increase national uptake of influenza
vaccinations [10].

As the WHO reported, as of the end of 2019, 119 out of 194 member states had included
influenza vaccination in their NIPs [11], and the economic burden could decrease to a large
extent after the introduction of vaccines in NIP. In the United States, a study published early
in 2007 estimated the medical and indirect costs attributable to annual influenza epidemics,
and found that the total economic burden amounted to USD 87.1 billion annually [12].
More recently, in 2018, researchers provided an updated estimate for the United States after
vaccination efforts, and found a substantially lower (approximately half) total cost than
previously estimated [13]. By comparison, China has not introduced influenza vaccination
into its NIP, so it is even more important to estimate the economic burden of influenza in
China to promote decision-making.

Access, affordability, and equity are three basic goals of a well-operated health sys-
tem [14], so evidence of the economic burden of influenza can help raise awareness in
the public and clinical communities of the burden and consequences of this important
disease. Additionally, estimating the economic burden of influenza is crucial to support
national-level decision-making, while sufficient data to precisely estimate the economic
burden of influenza are scarce and incomplete in LMICs [15]. In China, most previous
studies were conducted in developed southern areas at the hospital or provincial level, and
the economic burden was not evaluated in an all-sided way. Besides, little research was
done among different priority groups to make horizontal comparisons, and there also was
a lack of national-level community-based estimates of influenza-like illness (ILI) prevalence
and healthcare-seeking behaviors.

To address these gaps, the present study collected individual data in 10 provinces
in China to examine ILI prevalence in communities, influenza-related healthcare-seeking
behaviors, the economic impact of ILI, and its influencing factors among children, chronic
disease patients and the elderly during the 2018–2019 influenza season. Among the objec-
tives, the primary goal was to calculate the economic impact of ILI for three priority groups
in a national-level community-based survey. We hypothesized that the ILI prevalence,
healthcare-seeking behaviors, ILI economic burden, and its composition would vary across
different priority groups, and that many sociodemographic factors would have an influence
on the economic burden of ILI, such as age, gender, and income. We also paid attention to
regional and rural–urban differences in ILI economic burdens, and we hypothesized that
patients living in less-developed areas (rural and western) would have a lower economic
burden, given the lower lost productivity and direct expenditures [16].
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The present study is organized as follows. The first part provides the background
information and objectives of the study; the second part presents a literature review on
the economic burden of influenza in China; the third part elaborates on the materials and
methods adopted in the present study; the fourth part displays the statistical description
and study results; the fifth part discusses the results, gives some policy implications,
and puts forward the limitations of this study; and the sixth part briefly summarizes the
present study.

2. Literature Review

Influenza can impose a substantial socioeconomic burden on families and society.
Table 1 summarizes the studies conducted in China that explored the economic burden
of influenza, but most of them were done at the hospital or provincial level, and direct
non-medical costs or indirect costs were often missed [16–20]. In 2007, a household survey
conducted in Guangdong Province found that the cost for an ILI episode was about one-
fifth of monthly per capita income, but the study did not ask for the direct non-medical
costs of respondents [16]. Similarly, a prospective study conducted in Zhuhai City during
2008–2009 found that direct medical costs of influenza created a substantial economic
burden in the outpatient setting, but it did not examine the direct non-medical costs and
family labor losses [17]. In Shanghai, a study estimated only the direct medical costs of
influenza among the elderly aged over 60 years, and found that the average outpatient and
inpatient direct costs were USD 47 and USD 1601, respectively [18]. In Suzhou, two studies
were performed to explore the economic burden of influenza in outpatient and inpatient
settings, respectively, and both of them focused on children aged less than 5 years [19,20].
The former reported the healthcare-seeking behaviors of outpatients, and collected non-
medical or indirect costs via telephone surveys. It found that influenza would impose
a heavy economic burden on children’s families [19]. The latter collected medical costs
and hospital length of stay for pneumonia and influenza inpatients, but did not access
non-medical or indirect costs [20].

Besides those at the hospital or provincial level, there were two cross-province studies
on the economic burden of influenza [21,22]. One examined the direct medical cost of
influenza-related hospitalizations in three provinces, in which non-medical or indirect
costs were not examined [21]. The other was a telephone survey in 10 provinces to collect
costs in an all-sided way, but it was conducted among the general population [22]. Overall,
there were some studies concerning the economic burden of ILI or influenza in China,
and they could help in developing influenza control policies. However, most of them
were conducted in developed southern China, and did not report the healthcare-seeking
behaviors, non-medical costs, indirect costs, or over-the-counter (OTC) medication costs of
targeted high-risk groups. In this case, we conducted this survey, trying to fill these gaps.
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3. Materials and Methods
3.1. Study Population and Sampling

In August to October 2019, a total of 12,252 participants in 148 community health
centers from 10 provinces in China were approached to join the national survey on
the economic burden of seasonal influenza, including 6668 children aged 6–59 months,
1735 chronic disease patients aged 18–59 years, and 3849 elderly people aged above 60 years
(Financing Strategies of Influenza Vaccination in China, NCT04038333) [23]. For children
aged 6–59 months, we asked their parents or grandparents who accompanied them to
health centers to finish the compulsory immunization procedure [9]. For chronic disease
patients and the elderly, we asked them in health centers or gathered them in neighborhood
committees. This study was ethically reviewed and approved by the Peking University In-
stitutional Review Board (IRB00001052-19076), and written informed consent was obtained
from individual or guardian participants.

The survey adopted a multistage sampling method. First, 10 provinces/municipalities
were selected based on China’s Division of Central and Local Financial Governance and Expen-
diture Responsibilities in the Healthcare Sector, which stratifies the 31 provinces/municipalities
into five layers [24]. In terms of location, socioeconomic development, and accessibility,
10 provinces/municipalities (3, 3, 1, 1, and 2 in each layer) were chosen, with their lo-
cation and 2018 per capita GDP rank (e.g., 1/31) recorded in Figure 1. Second, in each
province/municipality, a capital city or well-developed district and a non-capital city or
less-developed district were selected. Third, two subdistricts/counties were chosen in
each city or district, in which three or more immunization centers and the corresponding
neighborhood committees were approached. The sample size was calculated under ILI
prevalence assumptions, with an allowable error of 5% and disqualification rate of 10%.
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Figure 1. Ten provinces/municipalities selected for survey on the economic burden of influenza-like
illness in China. In the survey, 10 provinces/municipalities (3, 3, 1, 1, and 2 in each layer) were chosen,
including Beijing, Shanghai, Jilin, Yunnan, Shandong, Guangdong, Jiangxi, Gansu, Chongqing, and
Henan. Their location and 2018 per capita GDP rank (e.g., 1/31) are marked in the figure.

3.2. Measures

The on-site survey was conducted by trained interviewers using a specially designed
online questionnaire system on a portable Android device (PAD). The questionnaire was
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stored in advance in the PAD system, and interviewees would fill in the online ques-
tionnaire according to the answers of each respondent. Automatic logical proofreading
was adopted in the online questionnaire to reduce input errors and missing values, and
interview recordings were uploaded and spot-checked by quality-control personnel to find
and correct problems in time. The structured online questionnaire collected: (1) sociode-
mographics; (2) whether the respondent had ILI in the past season; (3) healthcare-seeking
behaviors after ILI; and (4) economic burden of the latest ILI in terms of direct (medical
and non-medical) costs and indirect costs [25].

According to the WHO, body temperature ≥38 ◦C with either cough or sore throat
was used in the present study to distinguish influenza from other respiratory illnesses [26].
For each interviewee (or their child aged 6–59 months) who reported ILI in the past season,
direct medical costs were queried in terms of service type (outpatient service, inpatient
service, and OTC medication) and co-payment in each service type; direct non-medical
costs were inquired regarding aspects of transportation, nutrition/food, accommodation,
and nursing-worker hiring; and indirect burden was obtained by multiplying the lost labor
days of the respondents and their families and daily per capita household income of the
respondents [25]. The reported direct medical and non-medical costs were adjusted for the
provincial healthcare price index and consumer price index, respectively, according to the
China Statistical Yearbook 2019 [27]. Total economic burden was calculated by summing
up the adjusted values of direct medical cost, direct non-medical cost, and indirect cost for
each respondent.

3.3. Statistical Analysis

We produced summary statistics of all respondents using frequencies and proportions
for categorical variables, and means and standard deviations for continuous variables. The
chi-square and Mann–Whitney tests were used to assess differences in sample character-
istics. The economic burden values of ILI was displayed as means and 95% confidence
intervals (CI) for those who reported ILI in the last influenza season.

In predicting the influencing factors of total economic burden, a two-part model
was adopted because there were a large number of zeros in terms of total economic
burden [28,29], and results are shown as coefficients and 95% CIs. The two-part model has
been widely used in health-economics research [30,31]. In the first part of the regression, Y
is a binary discrete dependent variable to estimate the probability of reporting ILI economic
burden (if respondents report any economic burden of ILI, Z′ = 1; otherwise, Z′ = 0).
We adopted the Probit model for regression and the maximum likelihood method for
estimation, and the marginal effects of Part 1 are shown in Appendix A. The second part
includes whether respondents truly received medical treatments and paid for them using
ordinary least squares regression (If Z′ = 1, respondents will be included in the second
part of regression). We also took the log form of total economic burden, which obeyed the
skewed distribution to capture the nonlinear property of the association.

The indicators of the two-part model were chosen in the light of previous litera-
ture [32–34]. We took age (different age groups for the three priority populations), gender
(male and female), whether the only child in the family (only for the children group),
household monthly per capita income (CNY 1000; CNY 1 = USD 0.144 on 13 August
2020), place of residence (urban and rural), region (western, central, and eastern) and basic
medical insurance type (medical insurance for urban and rural residents, urban employee
medical insurance, and without basic medical insurance) as possible influencing factors.
We also controlled self-reported health status (good, fair, or poor), but we did not display
the results because they are not easily observable for policy-makers.

We further used multivariate Tobit regression concentrating on boundary value 0 for
all respondents to predict the influencing factors of total economic burden (in log form),
and the results are shown in Appendix B. A two-sided p-value below 0.05 was considered
statistically significant in the present study. All data were analyzed using Stata version 14.0
(Stata Corp., College Station, TX, USA).
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4. Results
4.1. Study Sample Characteristics

A total of 12,252 valid questionnaires (6668 for children, 1735 for patients with chronic
diseases, and 3849 for the elderly) were received, with an effective response rate of 99.80%.
Table 2 shows the general characteristics of participants. Overall, 45.73% of children, 16.77%
of chronic disease patients, and 12.70% of elderly people reported to have ILI in the past
season. Among children, older children aged 3–5 years had a higher possibility of catching
ILI than younger children (p < 0.01), while the only child in the family (p < 0.01) and
children living in western areas (p < 0.01) were less likely to have ILI than those living in
families with more than one child and those living in central or eastern China. Among
chronic disease patients, those with a younger age were more likely to catch ILI than older
adults (p < 0.01). Among the elderly, respondents with higher household monthly per
capita income (p < 0.05), living in urban areas (p < 0.01), living in eastern areas (p < 0.01), or
having urban employee medical insurance (p < 0.01) had a lower possibility of having ILI.
In the three groups, respondents with fair or poor self-reported health status had higher
risk of catching ILI than those with good self-reported health status (p < 0.01). We further
compared the distribution of gender and age among the three groups with that recorded in
the China Population and Employment Statistics Yearbook 2019 [35], and found similar
results, indicating the national representativeness of the population collected in this study.

Table 2. Characteristics of 12,252 participants included in the analysis.

Children Aged 6–59 Months Chronic Disease Patients Aged
18–59 Years Elderly Aged above 60 Years

n ILI Cases,
n (%) p-Value n ILI Cases,

n (%) p-Value n ILI Cases,
n (%) p-Value

Total 6668 3049 (45.73) 1735 291 (16.77) 3849 489 (12.70)
Age (years) <0.01 <0.01 0.40

<2 3727 610 (16.37) – – – –
3–5 2941 725 (24.65) – – – –

18–39 – – 72 24 (33.33) – –
40–49 – – 313 58 (18.53) – –
50–59 – – 1350 209 (15.48) – –
60–69 – – – – 2045 273 (13.35)
70–79 – – – – 1491 181 (12.14)
≥80 – – – – 313 35 (11.18)

Gender 0.06 0.69 0.12
Female 3171 1412 (44.53) 1139 194 (17.03) 2334 281 (12.04)
Male 3497 1637 (46.81) 596 97 (16.28) 1515 208 (13.73)

The only child in the family <0.01 – –
Yes 3038 1320 (43.45) – – – –
No 3630 1729 (47.63) – – – –

Household monthly per capita
income (CNY 1000) a 0.62 0.24 <0.05

Mean (SD) 2.66
(2.76) 2.68 (2.69) 1.84

(2.41) 1.99 (2.31) 1.70
(1.61) 1.56 (1.86)

Place of residence 0.33 0.94 <0.01
Rural 2814 1267 (45.02) 831 140 (16.85) 1742 255 (14.64)
Urban 3854 1782 (46.24) 904 151 (16.7) 2107 234 (11.11)
Region <0.01 0.44 <0.01
Western 2219 793 (35.74) 602 99 (16.45) 1461 216 (14.78)
Central 1932 1022 (52.90) 497 92 (18.51) 1035 136 (13.14)
Eastern 2517 1234 (49.03) 636 100 (15.72) 1353 137 (10.13)

Basic medical insurance type b 0.15 0.20 <0.01
Medical insurance for urban and

rural residents 4081 1842 (45.14) 1212 193 (15.92) 2551 356 (13.96)

Urban employee medical
insurance 2380 1121 (47.10) 492 90 (18.29) 1189 118 (9.92)

Without basic medical insurance 207 86 (41.55) 31 8 (25.81) 109 15 (13.76)
Self-reported health status <0.01 <0.01 <0.01

Good 5812 2536 (43.63) 596 74 (12.42) 1578 141 (8.94)
Fair or poor 856 513 (59.93) 1139 217 (19.05) 2271 348 (15.32)

a CNY 1 = USD 0.144 on 13 August 2020. b Basic medical insurance type in column refers to adult respondents.
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4.2. Healthcare-Seeking Behaviors

Table 3 shows the distribution of healthcare-seeking behaviors among 3829 partici-
pants after the latest ILI by calculating the number of ILI cases leading to outpatient visits,
hospitalization, and OTC medication. As the table indicates, most participants chose “Out-
patient service only”, “OTC medication only”, or “Outpatient + OTC” after ILI, accounting
for 84.29% of children, 84.53% of chronic disease patients, and 73.42% of elderly people.

Table 3. Healthcare-seeking behaviors of 3829 participants after influenza-like illness.

Children Aged 6–59 Months Chronic Disease Patients
Aged 18–59 Years Elderly Aged above 60 Years

n % n % n %

Total 3049 100 291 100 489 100
Healthcare-seeking behaviors

Outpatient service only 1162 38.11 100 34.36 159 32.52
Inpatient service only 46 1.51 4 1.37 26 5.32

OTC medication only a 316 10.36 69 23.71 123 25.15
Outpatient + Inpatient 172 5.64 10 3.44 40 8.18

Outpatient + OTC 1092 35.82 77 26.46 77 15.75
Inpatient + OTC 25 0.82 1 0.34 14 2.86

Outpatient + Inpatient + OTC 134 4.39 10 3.44 18 3.68
No treatment 102 3.35 20 6.87 32 6.54
Service types

Outpatient service 2560 83.96 197 67.70 294 60.12
Inpatient service 377 12.36 25 8.59 98 20.04
OTC medication 1567 51.39 157 53.95 232 47.44

a OTC, over-the-counter.

More specifically, when ILI occurred in children, 38.11% of them only sought out-
patient service, and 35.82% accepted a combination of outpatient treatment and OTC
medication. There were also 102 children (3.35%) not receiving any medical services after
ILI. In terms of service type, 83.96% of children received outpatient service after ILI, 12.36%
had inpatient service, and 51.39% received OTC medication. As for chronic disease patients,
34.36% only sought outpatient service, and 26.46% received outpatient treatment and OTC
medication. There were 20 chronic disease patients (6.87%) not receiving any medical
services after ILI. In terms of service type, 67.70%, 8.59%, and 53.95% of chronic disease
patients received outpatient service, inpatient service, and OTC medication, respectively.
For the elderly, 32.52% of them only sought outpatient service, and 25.15% only received
OTC medication. There were 32 elderly people (6.54%) not receiving any medical services.
In terms of service type, 60.12%, 20.04%, and 47.44% of elderly people received outpatient
service, inpatient service, and OTC medication, respectively.

4.3. Economic Burden of Influenza-Like Illness

Table 4 shows the economic burden of the three priority groups for the latest ILI
episode during the 2018–2019 influenza season. As the results indicated, the economic
burden of ILI for children was about CNY 1647, including reimbursed medical expenses of
CNY 272, self-paid medical expenses of CNY 997, direct non-medical expenses of CNY 212,
and indirect cost of CNY 166. The average economic burden for chronic disease patients
was about CNY 951, including reimbursed medical expenses of CNY 335, self-paid medical
expenses of CNY 386, direct non-medical expenses of CNY 102, and indirect cost of CNY
92. The elderly had a much higher average economic burden of about CNY 1796, including
reimbursed medical expenses of CNY 766, self-paid medical expenses of CNY 778, direct
non-medical expenses of CNY 162, and indirect cost of CNY 90. For children and chronic
disease patients, outpatient and inpatient costs accounted for the vast majority of direct
medical expenses, and nutrition/food and transportation costs accounted for most direct
non-medical expenses. For the elderly, only inpatient costs accounted for the vast majority
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of direct medical expenses, and nutrition/food and accommodation costs accounted for
most direct non-medical expenses.

Table 4. The economic burden of influenza-like illness for 3829 participants.

Children Aged
6–59 Months

Chronic Disease Patients
Aged 18–59 Years

Elderly Aged above
60 Years

Mean 95% CI a Mean 95% CI Mean 95% CI

Total direct medical cost (CNY) b,e 1269 (1168, 1370) 721 (512, 930) 1544 (1200, 1888)
Outpatient service 644 (595, 694) 239 (184, 293) 384 (281, 488)
Inpatient service 523 (454, 593) 394 (192, 595) 1053 (763, 1343)

OTC medication f 102 (93, 110) 89 (64, 113) 106 (75, 138)
Reimbursed direct medical cost (CNY) b 272 (234, 310) 335 (194, 477) 766 (568, 963)

Outpatient service 88 (67, 108) 85 (54, 116) 153 (95, 210)
Inpatient service 179 (151, 206) 239 (102, 375) 605 (426, 784)
OTC medication 6 (4, 8) 11 (6, 17) 8 (5, 12)

Self-paid direct medical cost (CNY) b 997 (919, 1074) 386 (295, 477) 778 (595, 961)
Outpatient service 556 (515, 597) 154 (114, 193) 232 (167, 296)
Inpatient service 345 (295, 395) 155 (75, 235) 448 (302, 595)
OTC medication 96 (88, 103) 77 (54, 101) 98 (67, 130)

Direct non-medical cost (CNY) c 212 (186, 238) 102 (31, 172) 162 (68, 256)
Transportation 79 (70, 87) 50 (−8, 109) 21 (8, 34)
Nutrition/food 107 (93, 121) 34 (18, 49) 96 (12, 180)

Accommodation 19 (12, 27) 18 (−2, 38) 40 (3, 76)
Nursing-worker hiring 8 (−5, 21) 0 (0, 0) 5 (−2, 12)

Indirect cost d 166 (152, 179) 92 (60, 125) 90 (57, 124)
Lost labor days of respondents’ families 2 (1.9, 2.1) 0.7 (0.4, 1.0) 2 (1.5, 2.6)

Lost labor days of the respondents – – 1.1 (0.8, 1.5) 0.9 (0.5, 1.3)
Total economic costs 1647 (1527, 1768) 951 (671, 1159) 1796 (1413, 2179)

a CI, confidence interval. b Direct medical cost was adjusted for the provincial healthcare price index in the China Statistical Yearbook 2019.
c Direct non-medical cost was adjusted for the provincial consumer price index in the China Statistical Yearbook 2019. d Indirect cost was
calculated based on the per capita GDP of each province in the China Statistical Yearbook 2019. e CNY 1 = USD 0.144 on 13 August 2020.
f OTC, over-the-counter.

4.4. Influencing Factors of Total Economic Burden

Table 5 shows the two-part model results to predict the influencing factors of total
economic burden (in log form), including age, gender, whether the only child in the
family (only for children), household income, place of residence, region, and basic medical
insurance type (see Appendix A for marginal effects of Part 1, and see Appendix B for the
results of the multivariate Tobit regression).

In the first part of the regression, we found that among children, the probability
of an economic burden of ILI occurring was higher for older children aged 3–5 years
(Coef. = 0.37, 95% CI 0.31–0.43, p < 0.05), boys (Coef. = 0.06, 95% CI 0.00–0.12, p < 0.05), and
those living in central (Coef. = 0.50, 95% CI 0.42–0.58, p < 0.05) and eastern (Coef. = 0.40,
95% CI 0.32–0.48, p < 0.05) areas compared with younger children, girls, or those living
in western China. Among chronic disease patients, those with older age tended to have
a lower probability of having an ILI economic burden (p < 0.05) compared with younger
respondents who developed chronic diseases at an earlier age. Among the elderly, those
living in eastern areas (Coef. = −0.25, 95% CI −0.38 – −0.12, p < 0.05) and those with urban
employee medical insurance (Coef. = −0.21, 95% CI −0.36 – −0.07, p < 0.05) were less
likely to have an economic burden for ILI than those living in western China or those with
medical insurance for urban and rural residents.

In the second part, patients with higher household monthly per capita income reported
a larger economic burden for ILI than those with lower income in the three groups (p < 0.05).
Among children, the economic burden of ILI was smaller for older children aged 3–5 years
(Coef. = −0.16, 95% CI −0.26 – −0.07, p < 0.05) compared with younger children, but larger
for boys (Coef. = 0.15, 95% CI 0.05–0.25, p < 0.05), the only child in the family (Coef. = 0.26,
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95% CI 0.16–0.36, p < 0.05), those living in central areas (Coef. = 0.15, 95% CI 0.02–0.28,
p < 0.05), and those with uninsured caregivers (Coef. = 0.35, 95% CI 0.05–0.65, p < 0.05).
Among chronic disease patients and the elderly, those living in urban areas and central areas
tended to suffer from a lower economic burden for ILI (p < 0.05) compared with rural and
western residents, and those with urban employee medical insurance had a higher economic
burden for ILI than others covered by medical insurance for urban and rural residents.

Table 5. Two-part regression of total economic burden (in log form) for the three groups.

Factors a

Children Chronic Disease Patients Elderly
Part 1
Coef.

(95% CI b)

Part 2
Coef.

(95% CI)

Part 1
Coef.

(95% CI)

Part 2
Coef.

(95% CI)

Part 1
Coef.

(95% CI)

Part 2
Coef.

(95% CI)

Age (years)
<2 Ref. Ref. – – – –

3–5 0.37 *
(0.31, 0.43)

−0.16 *
(−0.26, −0.07) – – – –

18–39 – – Ref. Ref. – –

40–49 – – −0.47 *
(−0.82, −0.12)

−0.55
(−1.29, 0.18) – –

50–59 – – −0.59 *
(−0.91, −0.28)

−0.53
(−1.19, 0.14) – –

60–69 – – – – Ref. Ref.

70–79 – – – – −0.07
(−0.18, 0.05)

0.05
(−0.33, 0.43)

≥80 – – – – −0.14
(−0.35, 0.06)

0.26
(−0.49, 1.01)

Gender
Female Ref. Ref. Ref. Ref. Ref. Ref.

Male 0.06 *
(0.00, 0.12)

0.15 *
(0.05, 0.25)

−0.02
(−0.18, 0.13)

−0.22
(−0.59, 0.16)

0.10
(−0.01, 0.21)

−0.37
(−0.74, 0.00)

The only child in the family −0.05
(−0.11, 0.02)

0.26 *
(0.16, 0.36) – – – –

Household monthly per capita
income (CNY 1000) c

−0.01
(−0.02, 0.01)

0.02 *
(0.00, 0.04)

0.02
(−0.02, 0.05)

0.12 *
(0.03, 0.20)

0.02
(−0.02, 0.06)

0.14 *
(0.01, 0.26)

Place of residence
Rural Ref. Ref. Ref. Ref. Ref. Ref.

Urban −0.01
(−0.08, 0.06)

0.08
(−0.02, 0.19)

−0.05
(−0.21, 0.11)

−0.45 *
(−0.85, −0.06)

−0.11
(−0.23, 0.00)

−0.65 *
(−1.07, −0.23)

Region
Western Ref. Ref. Ref. Ref. Ref. Ref.

Central 0.50 *
(0.42, 0.58)

0.15 *
(0.02, 0.28)

0.07
(−0.11, 0.25)

−0.52 *
(−0.95, −0.08)

−0.12
(−0.25, 0.01)

−0.57 *
(−1.00, −0.13)

Eastern 0.40 *
(0.32, 0.48)

0.07
(−0.06, 0.20)

−0.06
(−0.24, 0.12)

−0.15
(−0.60, 0.29)

−0.25 *
(−0.38, −0.12)

−0.19
(−0.66, 0.28)

Basic medical insurance type d

Medical insurance for urban
and rural residents Ref. Ref. Ref. Ref. Ref. Ref.

Urban employee medical
insurance

0.04
(−0.03, 0.11)

0.06
(−0.05, 0.17)

0.05
(−0.13, 0.24)

0.60 *
(0.14, 1.07)

−0.21 *
(−0.36, −0.07)

0.56 *
(0.05, 1.07)

Without basic medical
insurance

−0.16
(−0.34, 0.02)

0.35 *
(0.05, 0.65)

0.28
(−0.22, 0.78)

−1.07
(−2.19, 0.06)

−0.15
(−0.48, 0.18)

0.86
(−0.33, 2.04)

* Significant at the 5% level. a The results were controlled for self-reported health status. b CI, confidence interval. c CNY 1 = USD 0.144 on
13 August 2020. d Basic medical insurance type in column refers to adult respondents.

5. Discussion

To the best of our knowledge, this is the first study using a nationally representative
sample from 10 provinces in China to investigate the economic burden of ILI among chil-
dren, patients with chronic diseases, and the elderly. This study estimated the prevalence of
self-reported ILI, ILI-related healthcare-seeking behaviors, the economic burden of ILI, and
its influencing factors among children, chronic disease patients, and the elderly in China.

A high prevalence of ILI (45.73% of children, 16.77% of chronic disease patients, and
12.70% of elderly people) was found among high-risk groups, especially among children. The
results were similar to those reported in previous studies [16,17]. As for the healthcare-seeking
behaviors, “Outpatient service only”, “OTC medication only”, and “Outpatient + OTC” were
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most frequently chosen, consistent with a previous study in which 86% influenza patients
aged 60 years and above received ambulatory care only [18]. The elderly were more likely to
receive inpatient services, indicating that older ILI patients were at higher risk of becoming
severe cases [3]. In addition, a larger portion of chronic disease patients and the elderly did
not receive any medical services after ILI, reflecting the problem that adult high-risk groups
did not attach much importance to their health conditions after ILI, and a previous study also
revealed that financial protection was the most important cause of not seeking care [36]. In
this case, adequate public education on influenza disease, especially during the influenza
season, may help raise people’s awareness of disease severity [37], and strengthened financial
protection of health insurance can also help increase healthcare utilization, such as widened
coverage of medical services and higher reimbursement rates [38].

After the occurrence of ILI, the economic burden of the elderly was the highest (CNY
1796), followed by children (CNY 1647) and chronic disease patients (CNY 951). It was found
that outpatient service and OTC medication were most frequently chosen after ILI for the
three groups, but the results of medical expenses demonstrated that once inpatient service
was utilized in severe cases or patients with other complications, the medical burden of ILI
would greatly increase in terms of both reimbursed expenses and self-paid expenses. Our
estimates of ILI-related costs were higher than earlier estimates in China [16,17], similar to
more recent estimates [22], but much lower than those reported in the United States, especially
the lost productivity [13]. In the United States, studies found that indirect costs, including lost
productivity from missed work days and lost lives, comprised a larger amount of influenza
economic burden than hospitalization costs [12,13]. In the present study, direct medical and
non-medical costs comprised a larger amount of economic burden of ILI, perhaps due to
the fact that we only included lost productivity from missed work days in the indirect cost,
and there are large gaps in labor costs between the two countries. Results derived from the
present study on ILI economic burdens can help raise public awareness on the burdens and
consequences of this important disease. Moreover, economic considerations are essential
to effectively guide policy-making for influenza vaccination [39], so the direct and indirect
economic costs of influenza at the national level are crucial to support national-level decision-
making on the introduction of influenza vaccination as a public health project, complementary
vaccination strategies, and/or expanding vaccination target groups [40].

There were several studies examining the incidence and economic burden of influenza
at the hospital or provincial level in China. A population-based household survey con-
ducted in 2007 in Guangdong Province found annual ILI incidence of 49.87% among
children aged 1–4 years and 2.99% among the elderly aged >60 years, and the mean medi-
cal cost of one episode was CNY 172.5 for residents of all age groups [16]. A prospective
study conducted in the 2011–2012 season among children <5 years in Suzhou reported that
the mean direct and indirect costs per episode of influenza were CNY 777.4 for outpatient
clinics and CNY 848.0 for emergency departments [19]. These results were similar to the
ILI incidence and economic costs reported in the present study. As a rough estimate, the
overall annual economic burden of ILI was about CNY 61.9 billion for children, CNY 25.0
billion for chronic disease patients, and CNY 38.0 billion for the elderly, based on the
population size recorded in statistical yearbooks [27,35,41].

As for the co-payment of medical costs, the self-payment ratio and self-paid expenses
were higher among children than chronic disease patients and the elderly due to the design
of insurance schemes [42]. Moreover, compared with children and chronic disease patients,
the elderly had a lower probability of catching ILI, but a higher economic burden after
catching ILI. A previous study also found that young children and the elderly accounted
for over 70% of the economic burden of influenza-associated hospitalizations in Jingzhou,
China [22], indicating the importance of targeted interventions such as financed or re-
imbursed influenza vaccination programs [13], early treatment of ILI [43], and a higher
reimbursement rate for high-risk groups [38], especially elderly people with less income
and a larger economic burden after ILI, as well as children with higher prevalence of ILI
and a higher self-payment ratio for medical expenses.
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For children, the two-part model indicated that older children had a higher probability
of ILI economic burden occurring, but smaller economic burden after ILI, revealing that
older children had higher incidence of ILI, while younger children may have had more
severe conditions after occurring ILI. In addition, boys had a higher probability of an ILI
economic burden occurring and a larger economic burden after ILI, which may be related
to boys’ lifestyles and potential son preference [44]. The economic burden after ILI was also
larger for the only child in the family, as parents may switch investment from exclusively
one child to others if they have more than one child [45]. As for adults, it was found that
younger respondents who developed chronic diseases at an earlier age tended to have a
higher probability of having an ILI economic burden compared with other chronic disease
patients aged less than 60 years. Patients with a higher household income and adults with
urban employee insurance reported larger economic costs after ILI in the three groups, but
no significant difference was observed in the probability analysis (Part 1).

Regional or rural–urban differences were highlighted in the two-part analysis. For
children, those living in central and eastern areas had higher probability of an ILI economic
burden occurring, and those in central areas also had a higher economic burden after ILI.
This was in line with previous findings on the economic burden of children with asthma
(another respiratory disease) in China [46], which indicated that patients aged 0–14 years
in central China had the highest use rate of medications, antibiotics, hematological tests,
and chest X-rays. Reducing the unnecessary use of antibiotics and tests may help reduce
young patients’ ILI economic burden in western areas [46]. In comparison, chronic disease
patients and the elderly living in western or rural areas tended to suffer from a higher
economic burden after ILI. Given the lower lost productivity and direct expenditures
in less-developed areas, it was expected that rural and western residents might have
smaller economic burdens for ILI than urban or eastern residents [16]. However, a higher
economic burden was observed among rural and western adult residents in this population-
based survey, and this might be due to the higher hospitalization rate in rural (23.04%
for rural and 8.25% for urban) and western (23.03% for western, 14.85% for central, and
6.75% for eastern) patients in this study. This revealed the substantial regional and rural–
urban gaps in Chinese adult patients concerning ILI economic burden, especially the
hospitalization burden, and joint efforts are needed to reduce the gap and strengthen the
financial protection for rural and western residents.

The present study also had a few limitations. First, the economic burden was collected
from ILI cases instead of confirmed influenza cases. As recommended by the WHO, ILI
sentinel surveillance data can be used to estimate the disease burden of influenza for specific
risk groups [47–49], which is less specific but sensitive and rapid than laboratory surveil-
lance [50]. Therefore, ILI cases were used, given that nationwide laboratory surveillance
was not available, and a population-based study could offer higher population representa-
tiveness. Second, part of the elderly surveyed in this study were recruited from community
health centers, which may have resulted in selection bias. Nevertheless, given the high
prevalence of chronic diseases among Chinese elderly [51], and the fact that community
centers mainly provide primary care, the bias could be reduced. Third, self-reported re-
sponses may be subject to recalling bias, and self-reported data may be affected by the
severity of flu. To minimize the bias, we conducted a face-to-face on-site survey so that
interviewees were more cautious about their answers, trained interviewers would help them
recall expenditures if they had any difficulty, and we asked for respondents’ most recent in-
fluenza episode to minimize its effect. Fourth, in this cross-sectional survey, regression was
performed only to show statistical correlations rather than inherent causal relations, which
may have been subject to reverse causality. Fifth, in the regression, only a small number
of respondents did not have any basic health insurance, making its coefficient not reliable
enough, and future studies should be conducted to further detect the relationship between
ILI economic burden and basic health insurance coverage. Despite these limitations, the
nationally representative sample was large, with a diverse sociodemographic population,
thus offering good generalizability for the three high-risk groups in China.
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6. Conclusions

In conclusion, the prevalence of ILI was fairly high among the three priority groups
in China, and outpatient service and/or OTC medication were most frequently chosen
after ILI. The results highlighted the large economic burden of ILI, especially among two
priority groups, including the elderly with less income and a larger economic burden
after ILI, and children with a higher prevalence of ILI and a higher self-payment ratio
for medical expenses. The financial burden of ILI on households can be viewed as an
important healthcare issue, and it is time to adopt targeted interventions for children and
the elderly, such as vaccinations and early treatment. At the same time, we should not
ignore the regional and rural–urban differences of ILI economic burden in different priority
groups. More importantly, this study can help decision-making on the introduction of
influenza vaccination as a public health project in China for these high-risk groups by
estimating the economic burden of influenza at the national level.
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Appendix A

Table A1. Two-part regression of total economic burden (in log form) for the three groups (reporting marginal effects of Part 1).

Factors a Children Chronic Disease Patients Elderly
Coef. (95% CI b) Coef. (95% CI) Coef. (95% CI)

Age (years)
<2 Ref. – –
3–5 0.14 * (0.12, 0.16) – –

18–39 – Ref. –
40–49 – −0.14 * (−0.26, −0.03) –
50–59 – −0.17 * (−0.28, −0.06) –
60–69 – – Ref.
70–79 – – −0.01 (−0.03, 0.01)
≥80 – – −0.03 (−0.06, 0.01)

Gender
Female Ref. Ref. Ref.
Male 0.02 * (0.00, 0.05) −0.01 (−0.04, 0.03) 0.02 (0.00, 0.04)
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Table A1. Cont.

Factors a Children Chronic Disease Patients Elderly
Coef. (95% CI b) Coef. (95% CI) Coef. (95% CI)

The only child in the family −0.02 (−0.04, 0.01) – –
Household monthly per capita income

(CNY 1000) c 0.00 (−0.01, 0.00) 0.00 (0.00, 0.01) 0.00 (0.00, 0.01)

Place of residence
Rural Ref. Ref. Ref.
Urban 0.00 (−0.03, 0.02) −0.01 (−0.05, 0.03) −0.02 (−0.04, 0.00)
Region
Western Ref. Ref. Ref.
Central 0.19 * (0.16, 0.22) 0.02 (−0.03, 0.06) −0.03 (−0.05, 0.00)
Eastern 0.15 * (0.12, 0.18) =0.01 (−0.06, 0.03) −0.05 * (−0.07, −0.02)

Basic medical insurance type d

Medical insurance for urban and
rural residents Ref. Ref. Ref.

Urban employee medical insurance 0.02 (−0.01, 0.04) 0.01 (−0.03, 0.06) −0.04 * (−0.07, −0.01)
Without basic medical insurance −0.06 (−0.13, 0.01) 0.07 (−0.05, 0.19) −0.03 (−0.09, 0.04)

* Significant at the 5% level. a The results were controlled for self-reported health status. b CI, confidence interval. c CNY 1 = USD 0.144 on
13 August 2020. d Basic medical insurance type in column refers to adult respondents.

Appendix B

Table A2. Tobit regression of total economic burden (in log form) for the three groups.

Factors a Children Chronic Disease Patients Elderly
Coef. 95% CI b Coef. 95% CI Coef. 95% CI

Age (years)
<2 Ref. – – – –
3–5 1.95 * (1.60, 2.31) – – – –

18–39 – – Ref. – –

40–49 – – −4.17 * (−7.12,
−1.23) – –

50–59 – – −5.28 * (−7.99,
−2.57) – –

60–69 – – – – Ref.
70–79 – – – – −0.64 (−1.72, 0.44)
≥80 – – – – −1.31 (−3.32, 0.70)

Gender
Female Ref. Ref. Ref.
Male 0.44 * (0.09, 0.79) −0.25 (−1.57, 1.07) 0.88 (−0.17, 1.94)

The only child in the family −0.12 (−0.48, 0.24) – – – –
Household monthly per capita

income (CNY 1000) c −0.03 (−0.10, 0.04) 0.15 (−0.11, 0.42) 0.23 (−0.16, 0.61)

Place of residence
Rural Ref. Ref. Ref.
Urban 0.00 (−0.37, 0.38) −0.57 (−1.95, 0.81) −1.25 * (−2.38, −0.11)
Region
Western Ref. Ref. Ref.
Central 2.88 * (2.42, 3.33) 0.44 (−1.11, 1.99) −1.35 * (−2.61, −0.09)
Eastern 2.31 * (1.86, 2.75) −0.60 (−2.15, 0.95) −2.47 * (−3.75, −1.19)

Basic medical insurance type d

Medical insurance for urban and
rural residents Ref. Ref. Ref.

Urban employee medical insurance 0.25 (−0.15, 0.64) 0.64 (−0.95, 2.23) −1.91 * (−3.32, −0.50)
Without basic medical insurance −0.73 (−1.77, 0.30) 1.88 (−2.50, 6.26) −1.25 (−4.46, 1.96)

* Significant at the 5% level. a The results were controlled for self-reported health status. b CI, confidence interval. c CNY 1 = USD 0.144 on
13 August 2020. d Basic medical insurance type in column refers to adult respondents.
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Abstract: As a novel infection with relatively high contagiousness, the coronavirus disease emerged
as the most pertinent threat to the global community in the twenty-first century. Due to Covid-19’s
severe economic impacts, the establishment of reliable determining factors can help to alleviate future
pandemics. While a population density is often cited as a major determinant of infectious cases
and mortality rates, there are both proponents and opponents to this claim. In this framework, the
study seeks to assess the role of population density as a predictor of Covid-19 cases and deaths in
Saudi Arabia and China during the Covid-19 pandemic. With high infectivity and mortality being
a definitive characteristic of overpopulated regions, the authors propose that Henry Kissinger’s
population reduction theory can be applied as a control measure to control future pandemics and
alleviate social concerns. If high-density Chinese regions are more susceptible to Covid-19 than
low-density Saudi cities, the authors argue that Neo-Malthusian models can be used as a basis for
reducing the impacts of the coronavirus disease on the economic growth in countries with low popu-
lation density. However, the performed correlation analysis and simple linear regression produced
controversial results with no clear connection between the three studied variables. By assessing pop-
ulation density as a determinant of health crises associated with multiple socio-economic threats and
epidemiological concerns, the authors seek to reinvigorate the scholarly interest in Neo-Malthusian
models as a long-term solution intended to mitigate future disasters. The authors recommend that
future studies should explore additional confounding factors influencing the course and severity of
infectious diseases in states with different population densities.

Keywords: Covid-19; population density; Covid-19 mortality; economic recovery; population reduc-
tion; China; Saudi Arabia; Henry Kissinger

1. Introduction

A novel infection with high contagiousness, the coronavirus disease (Covid-19)
emerged as the most pertinent threat to the global community in the twenty-first cen-
tury. With a variety of transmission routes underlying the initial spread of the virus,
globalization proved to be one of the key factors responsible for the unprecedented rise
of infection cases across the world. The lack of evidence-based practice and empirical
knowledge on the topic contributed to the ineffectiveness of certain preventive measures
and delayed response in most states. As the Covid-19 pandemic paralyzed health systems
and impaired national economies, most scholars focused on the short-term prospects of
the encountered epidemiological crisis [1]. Seeking to mitigate anticipated economic con-
sequences and ensure recovery of numerous industries, both governments and experts
prioritized immediate solutions such as economic stimuli and mass vaccination. However,
the importance of overpopulation, with high population density being one of its key func-
tions, as a confounding factor of the pandemic’s severity was largely overlooked. In this
framework, the current research aims to evaluate the significance of population density as
a determinant for high infection rates and mortality leading to the consequent economic
slowdown in overpopulated countries. Furthermore, the authors analyze the validity of
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Neo-Malthusian models informed by Henry Kissinger’s population control theory under
the outlined circumstances by comparing the development of the Covid-19 situation in
Saudi Arabia and China.

Emerging in late 2019, the novel coronavirus infection affected the entirety of the
world’s population to a different degree. For the purposes of convenience and simplicity,
both the infectious disease and the associated viral pathogen are addressed with the
acronym Covid-19. With the first cases of Covid-19 being recorded in China’s Hubei
province, the severity of the acute respiratory syndrome caused by the SARS-CoV-2 strain
of coronaviruses was not immediately apparent [2]. Recognizing the alarming incidence
of new outbreaks outside of China, WHO promptly classified the evolving epidemiologic
situation as a pandemic. Throughout spring and summer 2020, Covid-19 engulfed most
sovereign states without distinction by their development rates, economic prosperity, or
population size [3]. By July, the pandemic’s epicenter shifted from its place of origin in
China to countries located in Europe and the Americas. While several observers reported
more than 14 million global cases and 607,746 deaths due to Covid-19 on 18 July, total
Covid-19 cases exceeded 53 million and deaths reached 1.3 million by mid-November
2020 [4]. At the date of the research, the states with the highest recorded numbers of
confirmed Covid-19 cases and deaths are the US, Brazil, and India. As the global number
of cases exceeds 85 million, the number of fatal outcomes caused by the disease approaches
1.8 million.

Considering that countries at different stages of economic development have been
reporting hundreds of thousands of Covid-19 cases and thousands of fatal outcomes on a
daily basis, the situation is unlikely to be completely resolved in the upcoming months and
years. By the time medical professionals started to identify instances of human-to-human
transmission outside of China, the spread of Covid-19 was already out of control [5]. The
collective outcome of the pandemic is not limited to immediate health concerns and deaths
due to the fact that coronavirus’s impacts encompass numerous spheres of life. Specifically,
the implementation of social distancing and other measures aimed to reduce infection rates
resulted in social disruptions and economic disturbances on a global scale [6]. The former
became especially evident in regions with high population density as local authorities
mandated shutdowns of entire industries while severely limiting citizens’ ability to travel,
work, and communicate [7]. Unsurprisingly, border closures and lockdowns amounted
to a near-complete cessation of commercial and industrial activities in many regions. The
resulting economic downturn can be adequately gauged by sharp declines in GDP growth
rates as well as the shrinkage of previously robust markets [8].

As evident from the presented overview, the severity of detrimental impacts associ-
ated with Covid-19 necessitates the development of comprehensive long-term solutions
that would help in mitigating socio-economic consequences of future epidemiologic crises.
To this end, we performed a comparative analysis of Saudi Arabia and China, two non-
democratic countries that successfully curtailed the spread of the coronavirus disease
thanks to strict lockdown measures. The choice is further justified by the contrast in their
respective population densities—the average for Saudi Arabia is 15.6 inhabitants per sq.
km, and for China it is 148 inhabitants per sq. km. Although population density is an estab-
lished demographic parameter, we approached the investigation from the socio-economic
standpoint by assessing the predictive value of population density for a country’s ability
to cope with the pandemic [1,4]. Being intrinsically connected with urbanization rates
and the economic growth, density levels could have a substantial impact on the country’s
capacity for economic recovery. The understanding of socio-economic and epidemiological
consequences of overpopulation is integral for determining a long-term solution informed
by population reduction models [8]. Accordingly, the study’s contribution to the academia
emerges from the assessment of population density as a determinant of the severity of
health crises such as the Covid-19 pandemic. While overpopulation is associated with
multiple socio-economic threats and epidemiological concerns, we seek to reinvigorate the
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scholarly interest in Neo-Malthusian models as a long-term solution intended to mitigate
future disasters and health crises.

The current study begins with a literature review focusing on the development of the
Covid-19 pandemic in Saudi Arabia and China which includes a detailed overview of the
epidemiological, political, and economic circumstances in both countries. The subsequent
subsection provides a background for using population density as a determinant of the
epidemiological situations that can further inform the adoption of a Neo-Malthusian model
to address further pandemics. Following the Methodology section that delineates the used
quantitative techniques as well as the conceptual framework for qualitative analysis, the
research continues with the Results and Discussion section. In the Conclusion section,
the authors briefly outline the key findings of the study by reiterating the findings and
commenting on the significance of the results in the context of the posed research question.

2. Literature Review
2.1. The Course of the Covid-19 Pandemic in Saudi Arabia

Centered on the Arabian Peninsula, The Kingdom of Saudi Arabia is one of the largest
and most economically prosperous Middle Eastern states. The population of more than
34 million is unevenly spread across the vast area of 2,149,690 square kilometers resulting
in a relatively low population density of 15 inhabitants per sq. km. The Kingdom boasts a
robust economy with the highest GDP figures among other Middle Eastern nations. The
development of the Covid-19 crisis in Saudi Arabia began with the official report of the
first confirmed case on 2 March by the Kingdom’s Ministry of Health [9]. In less than two
months, the country experienced a substantial rise in Covid-19 cases with official reports
indicating that 10,484 had been infected by 20 April 2020 [9]. As the country was engulfed
by the pandemic, Saudi authorities prioritized awareness programs while seeking to
contain the spread of Covid-19 with the help of curfews and social distancing measures [10].
To curtail the uncontrolled spread of Covid-19 among the population, the Saudi government
introduced strict limitations on social gatherings, cultural activities, and other forms of close
contact. The Muslim state resorted to completely closing mosques to minimize potential
human-to-human transmissions [11]. The effectiveness of Saudi Arabia’s anti-Covid-19
efforts is evidenced by the rapid decline in new cases and deaths by early summer 2020 [3].
By July, the Middle Eastern country started to revert harsh restrictions allowing citizens to
engage in usual activities and even providing an opportunity for pilgrims to visit the city
of Mecca.

There were no indications grounded on concrete evidence that would have suggested
that statistics presented by the Saudi government are inaccurate or misleading. Although
the reports on Covid-related infection rates and mortality rates are unlikely to be fabricated,
it does not mean that the data provide an accurate representation of the pandemic’s
development. The key concern pertains to the fact that official reports account only for
confirmed cases with the latter being closely correlated with the total number of performed
PCR tests [12]. By the end of summer 2020, the Saudi data on Covid-19 was obtained by
performing nearly 3.3 million tests which returned a 10% positive rate [13]. As the country’s
positive rate is within the boundaries set by the WHO, the confirmed cases and confirmed
deaths could be reliably used by researchers. The total number of reported deaths does
not raise questions as it is even higher than the global average. Another identified issue
emerges as a result of the low population density and the complexity of performing testing
in remote areas of Saudi Arabia, such as off-the-grid towns and communities in the Eastern
Province [14]. The presence of closed-off communities with limited coverage of healthcare
services is expected to skew the relationship between population density and Covid-19
statistics [9]. Importantly, the described problem is not localized within the MENA region as
the logistical challenges of performing PCR tests on a global scale make it nearly impossible
to assess the actual dynamics of the disease in any remote region of the world [6].

From the economic perspective, the Covid-19 pandemic both directly and indirectly
disrupted a variety of Saudi Arabia’s industries and sectors. While the nine-billion-dollar
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budget deficit in Q1 2020 was partially tied to disturbances in the global market for
petroleum products, a sizable role was attributed to the coronavirus crisis [3]. Struggling
to mitigate the disastrous effects of quarantine measures, Saudi Arabia’s government
stimulated the national economy by reducing spending and raising VAT. With the number
of total confirmed cases and deaths approaching 360,000 and 6000, respectively, by the
end of the year, Saudi Arabia incurred a budget deficit of $79 billion or nearly 300 billion
SAR [14]. Considering that Covid-19 directly affects local businesses and indirectly influ-
ences global prices for crude oil, Saudi Arabia expects to reduce government expenses
in 2021 to $263 billion to accommodate for the recession observed in the four quarters of
2020 [14,15].

2.2. The Course of the Covid-19 Pandemic in China

A country occupying the fourth largest landmass on the globe, PRC features a con-
siderable population of 1.4 billion dispersed across sparsely populated rural regions and
megacities such as Chongqing, Shanghai, and Beijing. The world’s most populated state is
subdivided into twenty-eight administrative regions as well as four centrally-controlled
metropolitan areas. Although the total population density is 145 citizens per sq. km,
the density of urban centers such as Shanghai and Beijing is considerably higher and
approaches 4200 and 1300 per sq. km, respectively. Due to the fact that the Republic of
China and regions such as Hong Kong followed distinctly different approaches towards
registering Covid-related incidents and mitigating economic consequences, the research fo-
cuses on PRC, with both PRC and China being used interchangeably throughout the paper.
While China has been at the forefront of numerous major epidemics throughout the past
millennia, the most recent incidents include the 1968 Hong Kong flu, the 1997 bird flu, and
the 2003 SARS epidemic [4]. The emergence of Covid-19 is deeply tied with PRC’s Hubei
province and, specifically, the city of Wuhan which is widely accepted as the location of the
first outbreak. Notably, the government’s hesitance to immediately recognize the epidemic
resulted in the rapid spread of Covid-19 across all Chinese territories by 29 January 2020.
As the severity of the novel coronavirus infection became evident, the authorities mandated
the highest response level to curb the growing number of new Covid-19 cases. With the
majority of early cases being restricted to Hubei, China reported nearly 25,000 cases and
700 deaths by early February 2020 [16]. The highest peak of the pandemic coincided with
the Spring Festival which led scholars to believe that population migration and population
aggregation patterns played an important role in the Covid-19 spread [17,18]. Moreover,
Jiang et al. noted that the distance from the epicenter in the Wuhan province emerged as
one of the key determinants for the epidemiological situation in Chinese provinces [19]. In
the wake of the Covid-19 pandemic, PRC introduced increasingly strict social distancing
measures as China’s government enforced a strict quarantine in all provinces. Thanks to
city-wide lockdowns and movement restrictions, China successfully contained the pan-
demic on its territories by March 2020 [4]. At the time of the study, the total number of
confirmed cases and deaths was estimated at 86,000 and 4600, respectively.

However, the veracity of data and accuracy of reports presented by China’s Commu-
nist Party had been the subject of critique for the entire duration of the pandemic. Scholars
and governments questioned not only China’s methods of containing the pandemic but
also the validity of information on Covid-related morbidity and mortality [20,21]. The
non-democratic country has been accused of publishing imprecise and even fabricated
statistical data to preserve its image on domestic and international scenes. Despite the
access to a robust economic base and nearly absolute control over media resources and
industries, PRC was unable to conceal the existence of the problem. If not being completely
truthful, the statistical records published by the government are expected to be somewhat
accurate in depicting the proportional distribution of cases and deaths across regions [21].
Furthermore, the unfortunate incidents of suppressing whistleblowers in the healthcare
system and authoritarian policies could have become the reason for data manipulations
at the sub-national level [22]. As these manipulative reports by local governments consis-
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tently appeared in early 2020, PRC’s Premier of the State Council Li Keqiang indirectly
confirmed suspicions of the international community [20]. Despite the apparent lack of
integrity and insufficient accuracy of Chinese official statistics on Covid-19, the problem is
not limited to this Asian country. In fact, evidence of manipulation with official reports on
Covid-19 morbidity and mortality can be found in most democratic countries such as the
US and Germany [23]. Although there is a clear indication that global statistics regarding
the spread and severity of the coronavirus pandemic is not entirely accurate at best and
misleading at worst, the current scholarly consensus is to continue with caution when
relying on governmental reports due to the possibility of manipulations [24].

Although PRC’s anticipated economic growth in 2020 was estimated to be at 5.9%,
Covid-19 had profound effects on all sectors including the transportation industry, tourism,
banking, and others [1]. For example, the efforts to limit interprovincial movement led to
the reduction of total train trips by 73% as compared to previous years and a considerable
drop in sales of motor vehicles. During the period of harshest quarantine measures, China
mandated the closure of businesses, industries, restaurants, and educational institutions [2].
Similar to Saudi Arabia’s response to Covid-19, PRC mandated a near-complete shutdown
of the tourism industry and curtailed all commercial flights in the country. Among the
most controversial yet notable events was the extensive ban on the wildlife trade sector
which reportedly amounted to more than $74 billion [25]. The singular focus on wildlife
trade has both negative and positive economic connotations but most scholars recognize
this decision as an effective response to the global pandemic [26,27]. In this context,
international observers had estimated that PRC’s economic growth would shrink to less
than 2.3% in 2020 [28]. The timely implementation of anti-pandemic measures helped to
alleviate the economic downturn in China as the expected growth for 2021 is likely to reach
8.4% [28].

2.3. Population Density and Covid-19

Considering the decisive role of human-to-human transmission for spreading the
coronavirus disease, population density emerges as one of the most apparent factors
influencing infection rates. From this perspective, numerous experts emphasize that people
living in densely populated areas are more susceptible to being infected as opposed to
the inhabitants of low-density rural regions [29,30]. The proponents of this theoretical
approach indicate that countries with high population density, such as India and China,
are likely to experience surges in Covid-19 cases and deaths. Several empirical inquiries
have been made in Italy and Brazil regarding the potential feasibility of using population
density as a determinant for Covid-19 spreading in different regions [31,32]. Although the
opposing viewpoint on the issue will be discussed below, population density emerges as
a crucial anthropogenic factor because the increasing frequency of interactions between
people naturally contributes to high infection rates. Several authors provided plausible
evidence pointing to the positive causative relationship between population density and
the incidence of infectious diseases such as Covid-19 [33]. With people being more likely to
engage in direct contact with others in crowded areas, the evidence further suggests that
overpopulated cities and districts are prone to comparatively high infection rates [17,19].
Most authors agree that high-density cities provide conditions for crowding which offers
an additional venue for viral transmission.

Despite the extensive empirical evidence indicating the significance of population
density as a determinant of Covid-19 spread, the findings vary from country to country and
from region to region. The pandemic lasted for less than 12 months by the time of this study
but a comprehensive body of knowledge started to form with regard to the interrelation of
socio-demographic factors and lockdown policies [34]. From this perspective, countries
that implemented strict lockdown policies were expected to report lower infection rates
and mortality rates in highly populated regions. As strict lockdown policies are especially
effective in densely populated areas with expansive state control over the population,
non-democratic nations showed the weakest causal relationships between the parameters
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investigates within the scope of the present research [35]. The described assumption
does not deviate from the aforementioned claims because population density can still be
used as a predicting factor during the early stages of an infectious outbreak as had been
outlined in past studies. Moreover, countries with comparatively weak state control and
disobedience among citizenry are those associated with the strongest positive correlation
between population density and Covid-19 spread [32]. The strengths of causal relationships
further vary across different cities and townships in the same country with the majority of
reports confirming that low population density is tied to low infection rates [36]. There is
no conclusive data on the relationship between population density and Covid-19 morbidity
in sparsely populated regions.

Distinctly from the theory outlined above, certain researchers revealed that the Covid-
19 pandemic does not always follow the expected pattern of high infection rates in densely
populated regions. For example, Hamidi et al. [5] performed a meticulous analysis of
Covid-19 cases and deaths in American counties with different population densities. While
the authors concluded that density has no meaningful relationship with Covid-19 infection
rates, high-density areas are considerably more likely to be associated with lower mortality
rates. Several other authors confirm the described observation by explaining that people
living in urbanized regions are better informed regarding social distancing measures
and have access to superior health care than their rural-dwelling counterparts [37,38].
Additionally, skeptics note that metropolitan size and transportation links emerge as
more significant determinants of Covid-19 infection rates and deaths than population
density [39]. The skepticism is shared by scholars who accounted for lockdown policies
because population density does not appear to be a significant determinant of Covid-19
incidence in some of the most densely populated countries of the world [33]. While multiple
studies focusing on China provided inconclusive results, the authors recommended further
investigation of the issue [35,40]. No such studies seeking to connect population density
and Covid-19 mortality and morbidity were performed in Saudi Arabia to this day. The
disagreement among scholars on the role played by population density in the development
of pandemics is one of the principal motivators for the current research. Due to the
inconclusive empirical data on the topic, it is crucial to investigate the practical significance
of population density as a causative factor for newly emerging infectious diseases such
as Covid-19 [41]. Previous studies emphasized the need of uncovering to what extent
population density correlates with epidemiological variables such as infectivity rates and
mortality rates in countries with strict lockdown policies. In this framework, the study
seeks to assess the role of population density as a predictor of Covid-19 cases and deaths in
Saudi Arabia and China after the peak of the Covid-19 pandemic in these two countries.

2.4. Kissinger’s Malthusian Theory and Future Pandemics

Declassified in the 1990s, Henry Kissinger’s 1974 report touched on the problem of
worldwide population growth as a possible threat to the national interests of the US. The
key idea of the document was that unchecked population growth in underdeveloped
nations puts a strain on the global supply of food, minerals, and other resources. Whether
due to possible civil disturbances or overconsumption of resources, the report recom-
mended preemptively addressing the uncontrollable population growth by implementing
population reduction strategies focused on promoting abortion, contraception, and family
planning [42]. After being declassified, Kissinger’s Malthusian theory was met with mixed
responses from scholars who either proposed new Neo-Malthusian models or discarded
the theory as unethical. With the recent addition of the global pandemic, the growing
importance of social issues, famine, and environmental concerns revitalized the interest in
population reduction as a viable long-term solution [43]. The recent examples of applying
disincentives and coercion techniques informed by Neo-Malthusian models were reported
in China and India. In line with China’s one-child and two-child policies, there are multiple
reports of coerced abortions, coerced sterilization, and country-wide propaganda efforts
intended to control population growth [44]. While there are no such policies in India,
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authorities consistently pushed population reduction measures by indirectly penalizing
families with more than two children [45]. Such methods were not widely used or consid-
ered for use in Saudi Arabia. Overall, the viability of Neo-Malthusian models to alleviate
future pandemics remains understudied with nearly no data being available in regard
to Covid-19.

The ongoing pandemic exacerbated socio-economic challenges encountered by the
populations of rapidly developing non-democratic countries such as China and Saudi
Arabia. As both China and Saudi Arabia enacted strict lockdown measures, less affluent cit-
izens lost access to critical services and products which contributed to the already-existing
lack of food security. Unable to survive without stable income, foreign workers and poor
citizens experienced the devastating social impacts of an epidemiological emergency first-
hand [46,47]. In this context, the Covid-19 pandemic showcased the need for robust private
and public policies aimed at achieving food security and food sustainability. Although the
governments of China and Saudi Arabia sought to prioritize health security, the lockdown
measures were implemented at the expense of the least protected groups living in densely-
populated regions. The absence of effective strategies for ensuring food provisioning and
food security during health crises emerges as the critical concern for all nations who need to
develop resilient systems for supplying and procuring food to the affected population [48].
In this framework, Neo-Malthusian models could provide a solution by informing compre-
hensive policies that would help to reduce population density and mitigate future medical
disasters. Taking into account that the continuous population growth in Chinese territories
is likely to be unsustainable from the long-term perspective, population density should
be approached as one of the indicators guiding the gradual introduction of population
reduction policies and initiatives [49]. Finally, the Covid-19 crisis highlighted the need for
public programs that would not only address overpopulation but also tackle associated
social concerns such as food security and sustainability [50].

With high infectivity and mortality being arguably a definitive characteristic of over-
populated regions, the authors propose that a Neo-Malthusian model informed by Henry
Kissinger’s population reduction theory can be applied as a control measure to control
future pandemics [51]. In this framework, sparsely populated countries and regions can
also benefit from policies informed by different population reduction frameworks. As
the world’s population will inevitably increase in the upcoming decades, the majority of
regions that are currently sparsely populated are likely to be densely populated by the end
of the twenty-first century [42]. Expected to surpass density levels at which pandemics
can be effectively managed with lenient lockdown policies, many countries would have
to either resort to strict lockdown policies, such as China’s, or adopt a Neo-Malthusian
model [21]. However, the viability of Neo-Malthusian models depends on a government’s
ability to manage its citizenry and implement potentially non-democratic policies. If the
investigation uncovers that high-density Chinese regions are more susceptible to Covid-19
than low-density Saudi cities, Kissinger’s Malthusian theory and Neo-Malthusian models
can be used as a basis for reducing the impacts of future pandemics on the economic growth
in the two countries. On the other hand, the absence of a causal relationship between
population density and Covid-related morbidity and mortality in the studied countries
would not invalidate the assumption that population reduction can be a viable solution for
epidemiological, environmental, and social concerns. Within the scope of the described
theoretical tenets, the study starts by assessing the role of population density as a predictor
of Covid-19 cases and deaths in Saudi Arabia and China during the Covid-19 pandemic.
Consequently, the investigation shifts towards the possibility of addressing the current
and future epidemiological crises with the help of Neo-Malthusian theories. As a result,
the current empirical study is informed by the following research question: What are the
merits of using Neo-Malthusian models for reducing the impacts of pandemics on the
economic growth in countries with low population density?
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3. Methodology

Under the scope of the current study, the principal goal is to investigate the possibility
of a correlational relationship between population density in Chinese and Saudi Arabian
regions and Covid-related cases of infections and deaths. If the authors confirm the exis-
tence of correlation as was theorized, the consequent stages would pertain to modeling
the linear relationship between population density and Covid-related deaths and cases as
an independent variable and dependent variables, respectively. With infection rates and
mortality being perceived as a possible function of population density, the authors consider
the latter’s significance for economic growth in the selected countries. Furthermore, the
economic significance of the pandemic is analyzed through the lens of Kissinger’s Malthu-
sian theory. At this stage, there is no cohesive theoretical framework for describing the
spread of highly infectious viral diseases in areas with different population densities and
their impact on economic growth. Moreover, conflicting views on the topic necessitate
additional research presenting a comparative analysis of high-density Chinese regions and
low-density Saudi regions.

3.1. Data Used

Considering dependent variables for the study, the authors collected data for both
infection cases and deaths caused by Covid-19 per 100,000 people for both countries with
regions being selected as a unit of analysis. Furthermore, the research relies on the up-
to-date dataset containing cumulative confirmed cases and mortalities for each province
until 4 January 2021. Although the pandemic started and reached its peak at different
timeframes in the two countries, the researchers are interested in comparing the results
after the pandemic has been contained to a reasonable degree which justifies the choice of
cumulative records for daily infection rates/mortality rates. Different reference dates would
have no impact on the results because the study is focused on static data accumulated
throughout a prolonged period as opposed to dynamic records. In the case of China, the
dataset for 30 provinces, municipal areas, and territories was extracted from the JHU Covid-
19 Resource Center [52]. To ensure normality, reports concerning Hubei were excluded
due to the disproportionately high rates of infectivity and mortality as compared to other
administrative units of PRC. On the other hand, the dataset for 13 provinces of Saudi
Arabia was collected from the Covid-19 Dashboard operated by Saudi Arabia’s MOH [53].
Both datasets contained full and up-to-date information pertaining to Covid-related deaths
and Covid-19 cases in China and Saudi Arabia.

As the population density was chosen as the independent variable for the study, the
authors calculated the demographic characteristic for each province by dividing the total
number of residents by the land area of the respective province. With the province being
the unit of analysis for the research, the population density represented with the number of
citizens per sq. km was identified for China’s 30 provinces and Saudi Arabia’s 13 provinces.
Specifically, the authors extracted the information regarding the total population for Chi-
nese regions from the National Bureau of Statistics of China’s database, with figures being
the estimates for 2017 based on national sample surveys [54]. From the General Authority
for Statistics’ Demographic Survey, the authors obtained population figures for all Saudi
provinces in 2016 [55]. The information from all databases for both countries was extracted
and labeled for the consequent use with the R statistical software for correlation analysis
and linear regression.

The author’s primary goal is to identify a possible correlation between population
density and Covid-related infection cases as well as mortality in administrative units of
China and Saudi Arabia. After evaluating the existence and strength of correlation between
variables, the following step includes modeling of simple linear regression data plots
visualizing the linear relationship between the following variables: population density and
Covid-19 cases in China; population density and Covid-19 mortality in China; population
density and Covid-19 cases in Saudi Arabia, and; population density and Covid-19 mor-
tality in Saudi Arabia. The obtained results are further reviewed and discussed through
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the lens of Kissinger’s Malthusianism theory and its importance for economic growth in
low-density and high-density regions.

3.2. Hierarchical Cluster Method

We employed the hierarchical cluster method to facilitate the comparison of Saudi
and Chinese provinces based on the infection rates and population density. The average-
linkage approach to the hierarchical agglomerative cluster analysis was deemed suitable for
grouping distinct administrative regions for each of the investigated countries. The chosen
technique helps to identify the groups of provinces with highest and lowest infection rates
with regard to their respective population density figures [56]. The two-step clustering
process pertained to the consecutive grouping of provinces based on the two dependent
variables; consequently, we created clusters that would further incorporate the data on
population density.

3.3. Pearson’s Correlation

The authors calculate Pearson’s two-tailed coefficient and R Square to establish nature
as well as the strength of linear relationships between the two dependent variables and the
independent variable. The computation is performed with the help of the standard formula
for the product-moment correlation coefficient by separately using the datasets for China
and Saudi Arabia. Furthermore, the null hypothesis test allows confirming the existence
of a linear relationship in regard to the selected variables. After comparing the variance
of variables with the help of Fisher’s transformation and establishing the standard error,
it is also possible to calculate the p-value for each pair of variables [57]. For the purposes
of the study, p < 0.05 is the threshold of statistical significance. The formula used for the
correlation equation is presented below.

r = ∑(x − mx)(y − my)÷
√

∑(x − mx)2 ∑(y − my)2. (1)

Apart from the main data set including all provinces and administrative regions of
China and Saudi Arabia, correlation coefficients were additionally calculated for a separate
model based on the average population density within both countries. In Saudi Arabia,
population density is higher than the country-wide average of 15.6 people per sq. km in
the following territories: Al Bahah, Al Qaseem, Jazan, Aseer, Ar Riyad, and Makkah al
Mukarramah. The remaining geographic regions correspond to the vast swaths of sparsely
inhabited land such as the Rub’ al-Khali dessert. The median density for the group of
densely populated territories is 38.4 per sq. km, and for the group of sparsely populated it
is 6.2 per sq. km. As for PRC, the Heihe-Tengchong Line was employed as an accepted
approach for demarcating highly-populated and sparsely-populated provinces in China.
To ensure consistency, we also included Yunnan and Jilin to the following list of regions
with population density being below the country average of 148 people per sq. km: Tibet,
Qinghai, Xinjiang, Inner Mongolia, Gansu, Heilongjiang, and Ningxia. The median density
for the group of sparsely populated territories to the West of the Heihe-Tengchong Line is
57.41 per sq. km, and for the group of densely populated it is 373.2 per sq. km.

3.4. Simple Linear Regression

Simple linear regression is performed to understand the underlying relationships
between the chosen sets of variables for both countries. With the help of the regression
line based on the standard formula for the method of least squares, the authors seek to
illustrate the significance of population density as a determinant of Covid-19 cases and
mortality over the observed period. The following mathematical equation underlies the
process of modeling simple linear regression:

y = a + bx, with b = ∑(x − x)(y − y)÷ ∑(x − x)2. (2)
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Moreover, the simple linear regression provides an opportunity to model the aforemen-
tioned relationship with the intention of better understanding the role of the independent
variable. To preserve the integrity of results, the authors ensure the following characteris-
tics: normality, linearity, homoscedasticity, and independence of observations [57]. For the
purposes of data analysis and computations, the R statistics software has been employed
by the authors to process the extracted datasets for China and Saudi Arabia.

3.5. Conceptual Framework

The authors rely on empirical analysis of primary and secondary data to explore the
possibility of applying Neo-Malthusian models to alleviate the detrimental impacts of
future pandemics. Due to the absence of scholarly consensus on the role of population den-
sity as a determinant of Covid-19 morbidity and mortality, the present research performs a
comparative analysis focusing on China and Saudi Arabia, two non-democratic states that
have implemented strict lockdown policies to curb the pandemic. In this study, pragmatism
was the chosen philosophical paradigm that helped to structure the scholarly inquiry in
regard to the data collection and analysis for the purposes of answering the posed research
question. The grounded theory underlies the comparative analysis by considering both pri-
mary and secondary data to investigate the studied problem and reach a plausible solution.
The authors performed a comparative analysis of Saudi Arabia and China while using the
resulting findings as a basis for exploring the possibility of applying Neo-Malthusian mod-
els for addressing future pandemics. With Saudi Arabia being sparsely populated and not
engaged in population reduction programs, China emerges as a densely populated country
that continuously relies on policies informed by Neo-Malthusianism. Throughout the
1970s, numerous scholars revisited the ideas proposed by Malthus in his 1798 essay [58,59].
Culminating with Kissinger’s report, these studies concluded that current growth rates are
unsustainable from the perspectives of food supply, environmental stress, and the avail-
ability of natural resources [45]. In this framework, a model informed by Neo-Malthusian
principles could be used for the purposes of long-term population control in countries
susceptible to these issues. Drawing from the aforementioned theories, the authors seek to
analyze the viability of Neo-Malthusian models for minimizing the detrimental impacts of
pandemics such as the Covid-19 pandemic.

4. Results and Discussion

By the time of the research, Saudi MOH reported the following cumulative figures
from the pandemic’s onset: 363,259 Covid-19 cases and 6265 deaths. In contrast, PRC
confirmed 97,028 cumulative cases of Covid-19 infection and 4792 deaths by the same
date. As China’s population at 1.3 billion in 2017 is substantially larger than that of Saudi
Arabia with 31.8 million inhabitants, the Covid-related figures were converted to represent
incidence rates per 100,000 people. In the case of Saudi Arabia, 13 emirates substantially
differ in population density as well as the number of reported cases and deaths, with Jazan
being the most densely populated region of the country. On the other hand, among China’s
thirty administrative units selected for the research, the following cities feature the highest
density: Shanghai, Tianjin, and Beijing.

By employing the hierarchical agglomerative cluster method based on the average-
linkage approach, we initially classified the regions of Saudi Arabia and China based
on the infection rates. The division into groups facilitated the consequent clustering
process based on the population density in each of the aforementioned regions. The study
population of 30 administrative regions in China was divided into groups as displayed
on the dendrogram (see Figure 1). The first group includes Shanghai with estimated
population density of 3814 inhabitants per sq. km and Covid-19 cases of 6.32 per 100,000.
Tianjin and Beijing comprise the second group while the remaining regions form several
smaller clusters corresponding to their estimated population density and Covid-19 cases.
In the case of Saudi Arabia, 13 emirates were divided into multiple groups that included
Eastern Province and Al Madinah Al Munawwarah, Ha’il and Najran, and others (see
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Figure 2). The hierarchical clustering did not reveal any significant insights after classifying
the emirates by the population density and Covi-19 cases.

Figure 1. Cluster analysis of population density and Covid-19 cases for China’s administrative regions.

Figure 2. Cluster analysis of population density and Covid-19 cases for Saudi Arabia’s administra-
tive regions.

The preliminary analysis of data strongly suggests that Covid-19 infections in predomi-
nantly sparsely populated Saudi Arabia are not representative of population density figures.
When excluding Hubei from the analysis, the opposite is evident in the case of China with
high density being closely tied to the rise in Covid infections as seen in Figure 3. Notably, the
mortality rate from Covid-19 appears to be higher in high-density areas of Saudi Arabia as
compared to the lack of a meaningful connection in Chinese regions as depicted in Figure 4.
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Figure 3. Simple linear regression with population density as an independent variable and Covid-19
cases as a dependent variable for China’s administrative divisions.

Figure 4. Simple linear regression with population density as an independent variable and Covid-19
deaths as a dependent variable for China’s administrative divisions.

The following correlation coefficients are computed for independent and dependent
variables for China’s administrative regions: 0.73 for Covid-19 cases indicating a moderate
positive correlation and 0.14 for Covid-19 deaths indicating a weak positive correlation.
Furthermore, the coefficients for Saudi Arabia are as follows: −0.15 for Covid-19 cases
indicating a weak negative correlation and 0.63 for Covid-19 deaths indicating a moderate
positive correlation which is depicted in Figure 5. In the course of the significance test,
the authors calculated p-values for China’s Covid-19 infection rates and Saudi Arabia’s
mortality rates to be smaller than 0.05 at the chosen significance level, allowing us to reject
the null hypothesis. As the p-value for China’s mortality rates is 0.44 and the p-value for
Saudi Arabia’s infection rates is 0.64, the null hypothesis cannot be rejected and results
should be considered not significant as p is larger than 0.05. As evident in Figure 6, the
linear regression model for Saudi Arabia presents counter-intuitive results with a slight
indication that higher population density could be a minor determinant for mortality rates
as a result of Covid-19. The number of Covid-related deaths per 100,000 people in Saudi
Arabia is not homogenous across all the regions. The empirical analysis shows that it is
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consistently higher in densely populated emirates as compared to sparsely populated ones.
The latter is evidenced by Covid-19 mortality rates in the most overpopulated regions
of the country—Jazan and Makkah Al Mukarramah. Interestingly, sparsely populated
Eastern Province and Northern Borders reported unusually high mortality rates which can
be explained by inconsistent diagnostic approaches in Saudi medical centers. While we do
not have information on how Covid-related deaths were recorded in these emirates, the
number of medical institutions could have been another determinant. Only in the case of
China’s infectivity rates, the obtained results align with a presumption that highly-dense
areas are more prone to the spread of infectious diseases.

Figure 5. Simple linear regression with population density as an independent variable and Covid-19
cases as a dependent variable for Saudi Arabia’s administrative divisions.

Figure 6. Simple linear regression with population density as an independent variable and Covid-19
deaths as a dependent variable for Saudi Arabia’s administrative divisions.

At the R Square values of 0.54 (for China’s infection rates) and 0.4 (for Saudi Arabia’s
mortality rates), the results indicate that the independent variable can partially explain the
incidence of Covid-19 cases in China and the mortality rates in Saudi Arabia, respectively
(Table 1). Low R Square values for China’s infection rates (0.02) and Saudi Arabia’s
mortality rates (0.02) signify that the independent variable is not responsible for the
majority of variations of the studied dependent variables. The lack of definitive and
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strong relationships between studied variables can be explained by the fact that population
density is one of the many factors influencing the course of infectious diseases in different
regions. Furthermore, the higher number of recorded Covid-19 deaths in Mecca and Jazan
is possibly tied to superior diagnostic methods available in the metropolitan areas of the
two regions. While Covid-related mortality rates in all Chinese regions are extremely low,
the regression model for population density and infection cases aligns with the theory that
the former can act as one of the determining factors for the latter. After separately assessing
the data for densely-populated and sparsely-populated territories in both countries, the
results proved to be largely not significant at p < 0.05. The sole exception pertained to Covid-
19 cases in Chinese provinces to the east of the Heihe-Tengchong Line which indicated a
relatively strong positive correlation with significant results at p < 0.05. The assessment of
R Square values does not show considerable differences after separately analyzing the data
for regions with different population density averages.

Table 1. Coefficients of determination and p-values.

Saudi Arabia China

Cases Deaths Cases Death

All territories
R Square 0.02 0.4 0.54 0.02
p-value 0.62 0.01 <0.00001 0.44

Densely populated
regions

R Square
p-value

0.41
0.16

0.6
0.06

0.74
<0.00001

0.05
0.32

Sparsely populated
regions

R Square
p-value

0.53
0.06

0.07
0.55

0.04
0.58

0.01
0.73

As evidenced by the results, the chosen methodology and data are prone to certain
limitations that include the rapid development of the Covid-19 situation in different
countries, the lack of conclusive data, and a non-uniform approach to recording and
reporting Covid-related events. In this framework, a longitude time-series research would
be uniquely suited to further explore the topic and provide robust evidence regarding
the role of population density as a determinant of Covid-19 infection and mortality rates.
Moreover, as the pandemic peaked at different periods in Saudi Arabia and China, the
two countries relied on dramatically different approaches for reporting new cases, treating
Covid-19 patients, and implementing anti-pandemic measures. From this perspective,
future studies should account for distinctions in health systems as well as for numerous
confounding factors such as pre-existing medical conditions.

The data analysis indicated that population density has no significant causal relation-
ship with Covid-19 morbidity and mortality which suggests that other factors play a more
significant role concerning the Covid-19 spread. The effectiveness of lockdown policies
implemented by Saudi Arabia and China, two non-democratic regimes, may obscure the
actual connection between the studied variables. In this framework, the existing evidence
is not sufficient to conclude whether Covid-19 is a Malthusian event or not. Neverthe-
less, the concepts developed by Malthus and further explored in Kissinger’s report may
inform the solution to the ongoing environmental, social, and epidemiological crises. As
the population growth puts a strain on the global supply of resources, this includes the
ability of countries to provide healthcare services to the ever-increasing population. By
considering various population reduction strategies, governments would be able to align
with the requirement of sustainable development. Despite the fact that Neo-Malthusianism
remains a highly controversial theory, its implementation can indirectly contribute to the
resolution of pertinent problems such as food shortages and epidemics [60]. The latter is
evident in the case of China which has been arguably effective in addressing the Covid-19
outbreak while also practicing several population control measures [16,17,21]. Finally, the
authoritarian qualities of both governments presented an opportunity to maintain strict
lockdown policies which suggest the potential for adopting a form of Neo-Malthusianism
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to preserve China’s and Saudi Arabia’s economic growth in the aftermath of the pandemic.
Population density can be considered as one of the numerous determinants associated with
health crises such as the Covid-19 pandemic. Taking into account socio-economic threats
and epidemiological concerns arising as a result of overpopulation, a combined work of
scholars and professionals is necessary to propose effective Neo-Malthusian models that
would act as a long-term solution for future disasters and health crises.

Considering that the research did not provide uniform evidence that population
density has a strong positive relationship with Covid-19 cases and deaths, population
control informed by Neo-Malthusian models is likely to be rather ineffective as a direct
Covid control measure. As seen in the example of densely populated regions of China, the
ensuing economic recovery was primarily tied to centrally-planned policies and effective
quarantine measures implemented by the government. From another perspective, Covid-19
events in low-density regions of Saudi Arabia are preeminently tied to other confounding
factors that should be further explored in future studies. Furthermore, both global prices
for crude oil and Covid-19 are responsible for Saudi Arabia’s economic decline in 2020.
As China and Saudi Arabia managed to achieve meaningful economic recovery after
containing the coronavirus, Kissinger’s Malthusian theory of population reduction is
likely to be ineffective as a control measure for future pandemics. Population reduction
approaches should be further explored after identifying other major determinants for
Covid-19 infection and mortality along with population density.

5. Conclusions

The Covid-19 pandemic emerged as the most significant crisis of the twenty-first
century that continues challenging health experts and economists across the world to find
suitable solutions to the ever-increasing number of epidemiological, social, and environ-
mental concerns. Due to the infection’s rapid spread across the globe, the existing evidence
and knowledge base are constrained by the lack of data. In this context, the pandemic’s
economic impact remains largely understudied as many potential determinants of Covid-
19 infection and mortality rates remain hidden. The role of population density as a factor
contributing to the course of an emerging infectious disease is somewhat controversial
with several authors presenting contrasting viewpoints on the topic. The current study
did not uncover a meaningful and conclusive causal relationship between the studied
variables suggesting that population density does not explain variations in Covid-related
mortality and infection rates. Although Covid-19 does not appear to be a Malthusian event,
the possibility of using Neo-Malthusian models to address future pandemics should be
explored further. Furthermore, the findings indicate that the role of population density
could be obscured by other factors such as statistical inaccuracies and lockdown policies.
There is a need for additional studies on the importance of strict lockdown policies in
non-democratic nations as an effective anti-pandemic measure. In the case of population
control, Neo-Malthusianism remains a viable solution to the problems posed by the un-
controlled population growth that should be further investigated. Although a moderate
positive correlation was observed between the independent variable and China’s infection
rates and Saudi Arabia’s mortality rates, the results are inconclusive due to the potential
impact of other factors. In the case of China and Saudi Arabia, the analysis of Covid-19
cases and deaths in comparison to the population density of different regions did not reveal
any conclusive evidence that population control can be used as a Covid control measure.
However, the analysis indicates that Neo-Malthusian models could be considered by non-
democratic governments to implement long-term policies that would facilitate economic
recovery in the post-pandemic period. The research reveals that the severity of health crises
such as the Covid-19 pandemic is closely tied to an array of social and economic problems.
To ensure food security and sustainability consistently threatened by overpopulation, the
authors recommend to prioritize scholarly investigations of Neo-Malthusian models as
possible solutions intended to mitigate future disasters and health crises. Future research
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is necessary to investigate population control policies as a possible approach to alleviating
the economic impact of global pandemics.
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Abstract: Infinite factors can influence the spread of COVID-19. Evaluating factors related to the
spread of the disease is essential to point out measures that take effect. In this study, the influence of
14 variables was assessed together by Artificial Neural Networks (ANN) of the type Self-Organizing
Maps (SOM), to verify the relationship between numbers of cases and deaths from COVID-19 in
Brazilian states for 110 days. The SOM analysis showed that the variables that presented a more
significant relationship with the numbers of cases and deaths by COVID-19 were influenza vaccine
applied, Intensive Care Unit (ICU), ventilators, physicians, nurses, and the Human Development
Index (HDI). In general, Brazilian states with the highest rates of influenza vaccine applied, ICU beds,
ventilators, physicians, and nurses, per 100,000 inhabitants, had the lowest number of cases and
deaths from COVID-19, while the states with the lowest rates were most affected by the disease.
According to the SOM analysis, other variables such as Personal Protective Equipment (PPE), tests,
drugs, and Federal funds, did not have as significant effect as expected.

Keywords: coronavirus disease; artificial neural networks; SARS-CoV-2; ventilator; index
development index; developing country

1. Introduction

In December 2019, cases of acute pneumonia in the city of Wuhan, China, called attention due
to the speed of contagion [1]. The virus that caused this pneumonia in affected individuals is the
SARS-CoV-2, the causative agent of the novel coronavirus (COVID-19). The number of cases quickly
evolved into a pandemic, decreed by the World Health Organization (WHO) on 11 March 2020.
Currently, a few months after the first cases, this disease has been plaguing the world [2].

At the moment, the pandemic epicenter is in Latin America, with Brazil, Argentina, Colombia,
Peru, Mexico, and Chile being the most representative countries, concentrating more than 10 million
cases. Brazil already has more than 5 million cases and 150,000 deaths, ranking third in the world in
the number of cases and deaths by COVID-19, behind only to the United States and India [3].
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Intense efforts by the scientific community are focused on finding drugs to treat [4] and develop
a vaccine for the disease [5]. Other research tries to understand how the disease has spread around the
world. Some factors can influence the spread of the virus, including the disregard of preventive measures
adopted by the government by population [6], climatic [7–9], comorbidities [10,11], hospital structure,
prepared professionals, personal protective equipment, and financial resources [4].

In order to monitor the pandemic, it is necessary to collect information on the most significant
possible number of factors that can influence the disease’s dissemination behavior and, with this,
establish a relationship that allows to affirm which measures delay the spread of COVID-19.
Statistical tools have been used to study the behavior of epidemics for years; this area treats, analyzes,
and obtains information from large datasets that cannot be analyzed by traditional systems [12].

Artificial Neural Networks (ANNs) are tools that have been gaining scientific relevance to perform
pattern recognition, classification, or prediction tasks. ANN is a non-linear computational model
attempting to simulate human brain structure and decision-making [13]. Its architecture is inspired by
biological neural networks and consists of simple processing units that store empirical knowledge
through a learning process [14].

Among the most common types of neural networks are the Feed-Forward Neural Network (FFNN),
the Convolutional Neural Network (CNN), and the Recursive Neural Network (RNN). FFNNs are
the most common type of ANN in practical applications, consisting of one or more hidden layers
of perceptrons (neurons) that require supervised training. The input data of the desired sample
datasets and the output results are sent to the network several times until the error in the output is
minimized [13].

Traditionally, several types of neural networks exist with various techniques such as Autoregression
(AR) [15,16], Moving Average (MA) [17,18], Exponential Smoothing (ES) [19], Hybrid Methods
(HM) [20–22], and Autoregressive Integrated Moving Average (ARIMA) [23]. They have been used to
predict the dependent variable in a time series [15–23]. Among these techniques, unsupervised neural
networks of the type Self-Organizing Maps model has mostly outperformed others in precision and
accuracy [14].

Self-Organizing Maps (SOM) or Kohonen Map is a method for the analysis of multivariate data
used for pattern recognition and classification, which may be taken as a non-linear generalization
of principal component analysis [24]. The SOM algorithm consists of input nodes and a grid of
computational connected nodes (neurons), which compete among themselves for activation as the one
that most closely resembles the input vector. If the input data exhibit some similarity across the input
classes, the neurons will organize themselves, showing similarity patterns in a grid [13,25].

SOM has already been used successfully for data mining in several areas of knowledge [24,26–30],
like food science [26,28,29], fuels [27], monitoring chemical reactions [24,30], and other
applications [25,31,32]. Recently, SOM was used to verify the spatial relationship of the COVID-19
spread in countries and states in Mexico [31]. Most published papers have the main theme of the
modelling or prediction of the spread of COVID-19 [2,9,33–36]. In our literature searches, we did not
evidence reports that simultaneously consider the historical data on the number of cases/deaths from
COVID-19 with possible external factors that affect the spread of the virus through a spatial analysis by
pattern recognition.

In a previous study, we demonstrated that the spread of COVID-19 varies according to Brazilian
regions, states, and cities. However, it was not possible to allege the reason for this behavior.
In this study, 14 possible factors that can affect the spread of COVID-19 were analyzed jointly by SOM.
This analysis will verify which variables may be essential and will point out possible variables that
had the most significant effect on each Brazilian state.

2. Theoretical Foundations

The Kohonen algorithm was proposed by Teuvo Kohonen in 1982 [14]. In SOM, there is no given
output target, the objective of the algorithm is to find a set of neurons to represent the cluster, but with
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topological restrictions [31]. The learning process begins with the random initialization of the synaptic
weights vector of each neuron. In sequence, three key steps are developed for the formation of the
feature map: Competition, cooperation, and synaptic adaptation [24].

The following is a brief description of the Kohonen algorithm, as described previously by
Haykin [14]. The function is chosen to represent the topological neighborhood in the following equation.

h j,i = exp
(
−d2

j,i/2σ2
)

where σ is the effective radius of the topological neighborhood, and dj,i is the lateral distance between
the winning neuron i and the excited neuron j, defined through Euclidean distance. Over the training
epochs, there is a reduction in the size of the neighborhood due to an exponential decay, described by
the equation.

σ(n) = σ0 exp(−n/τ1) n = 0, 1, 2, . . .

where σ0 is the effective radius in the initialization of the algorithm, τ1 is the time constant,
with τ1 = 1000/log σ0 being recommended, and n is the number of training epochs.

During the adaptive process, the synaptic weight vector (wj) of the j neuron in the grid must
be modified concerning the input vector x. The modification process is a modification of the Hebb
learning postulate, described by the equation.

w j(n + 1) = w j(n) + (η)h j,i(x)

(
x−w j(n)

)

where η(n) is the learning rate, which is variable and decreases during the training epochs, n.
The learning rate decrease may be modelled by an exponential decay, as described in the equation.
In this equation, η0 is the initial learning rate, and τ2 is another time constant; the recommended values
are, respectively, 0.1 and 1000:

η(n) = n0 exp(−n/τ2)

3. Methodology

3.1. Dataset

The dataset used in the study by neural networks was obtained from websites of Brazilian
government agencies or institutions, available for download. Before the SOM analysis, the variables
that would constitute the study were selected. All variables related to socioeconomic, health, and safety
factors that could explain the dissemination of COVID-19 in Brazil were included in our research.
They were made available and updated daily by institutional sites of the Brazilian federal government.

Initially, data for all variables were converted and expressed as rates for each 100,000 inhabitants.
For the conversion, we used data from the Brazilian population estimated in 2019 by the Instituto
Brasileiro de Geografia e Estatística – IBGE (Brazilian Institute of Geography and Statistics); the public
agency responsible for conducting censuses and organizing information related to the country’s
geosciences and social, demographic, and economic statistics [37]; available in https://www.ibge.gov.br/.

The numbers of cases and accumulated deaths by COVID-19 were analyzed for 16 epidemiological
weeks. According to the international convention, each week starts on Sunday and ends on Saturday.
The information represents the numbers recorded from 26 February to 13 June, 2020 (110 days), a period
that corresponds from the 9th to the 24th epidemiological week of the year, first COVID-19 case record
in Brazil. The data were obtained from the website of the Ministério da Saúde—MS (Ministry of Health)
of Brazil, the government sector responsible for the administration and maintenance of public health
in the country, updated daily with information about the COVID-19 pandemic in the country [38];
available in https://covid.saude.gov.br/.

The Federal Government of Brazil transfers financial resources, supplies, and equipment
for structuring health services in the country to combat or treat patients affected by COVID-19.
The MS frequently updates a panel of inputs considered essential, distributed to each Brazilian
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state: Influenza vaccination—H1N1 and H3N2 (distributed and applied), drugs (chloroquine and
oseltamivir), COVID-19 tests (rapid and reverse-transcriptase polymerase chain reaction—RT-PCR),
hand sanitizer per liter, and Personal Protective Equipment—PPE (surgical masks, N95 mask, gowns,
gloves, glasses, face shield, caps, and sneakers) [39]. These data were obtained on June 13, 2020,
at https://covid-insumos.saude.gov.br/paineis/insumos/painel.php.

The destination of Federal funds transferred to each federative unit (Brazilian states) is monitored
and presented on the Federal Government website [40], available in https://www.tesourotransparente.
gov.br/visualizacao/painel-de-monitoramentos-dos-gastos-com-covid-19. The data used in this study
represent the sum of all transfers made until 13 June 2020. For better visualization, the values were
converted from the real (R$) to the US dollar (US$) by the quotation of R$ 5.05 equals to US$ 1.00,
referring to 12 June 2020, provided by the Banco Central do Brasil—BCB (Central Bank of Brazil) [41],
available in https://www.bcb.gov.br/.

Health data from public and private institutions, such as the number of physicians, nurses,
ventilators, and Intensive Care Unit (ICU) beds for COVID-19 in each state, were obtained from the
IBGE [42]; available in https://mapasinterativos.ibge.gov.br/covid/saude/.

Finally, the data referring to the Human Development Index (HDI) of each state for the year 2015
(last census registered in the country) were obtained from the Atlas do Desenvolvimento Humano do
Brasil—ADHB (Human Development Atlas of Brazil), a public institution that provides information about
human development in Brazil [43]; available in http://www.atlasbrasil.org.br/2013/pt/download/base/.

3.2. Data Analysis by Artificial Neural Network

The Kohonen Map routine developed was carried out in Matlab software (MathWorks, Natick,
MA, USA) according to the algorithm previously described in Haykin [14] and Cremasco et al. [26].
The datasets were evaluated using three different approaches. In the first step, two SOM analyses
were conducted to verify the distribution of the numbers of cases and deaths from COVID-19 in
Brazilian regions and states. In the second step, the distribution of 14 variables for the Brazilian
states was verified: ICU beds, ventilators, physicians, nurses, PPE, hand sanitizer, rapid test, PCR test,
vaccines distributed, vaccines applied, chloroquine tablets, oseltamivir capsules, HDI, and federal
funds distribution.

The SOM setup was a hexagonal topology of 8 × 8 and 4 × 4 for 27 Brazilian states and five regions,
respectively, for the number of cases and deaths from COVID-19 (first step); 8 × 8 for 27 Brazilian
states with 14 variables (second step) with 7000 training epochs to ensure convergence of the average
quantization error. The initial neighborhood relationship was 3.5, decreasing to 0.07, with an initial
learning rate of 0.1, decaying exponentially with the training epochs to 9.11 × 10−5. It was used
a computer Intel® Core™ i7–4790 CPU© 3.60 GHz, 32 GB RAM, and 250 GB HDD.

In order to obtain a better representation, the values collected after the SOM analysis were
transposed through the color scale to the Brazilian cartographic map for each variable. This procedure
was adopted to facilitate the interpretation of unfamiliar people with the Kohonen map. The original
SOM output weight maps for the 14 variables generated are displayed in the Supplementary Material
in Figures S1–S14.

3.3. Spearman’s Correlation Test

The Spearman’s rank correlation coefficient is adopted to determine the correlation between
variables. It analyzes how well the association between two variables can be defined using a monotonic
function. The correlation matrix was performed using the package “corrplot” in the Software R Core
Team (Vienna, Austria) [44].

4. Tests and Results

Figure 1 shows the number of cases and deaths accumulated by Brazilian states and regions per
100,000 inhabitants. All states belonging to the South (S) and Central-West (CW) regions of the country
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had the lowest rates of cases and deaths by COVID-19 recorded, an average of 180 cases and 4 deaths
per 100,000 inhabitants. Most of the Brazilian states with the highest rates of cases and deaths belong to
the North (N) region, an average of 954 cases and 43 deaths per 100,000 inhabitants, mainly represented
by Acre (AC), Amapá (AP), Amazonas (AM), Pará (PA), and Roraima (RR).
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Some states in the Brazilian Northeast (NE) and Southeast (SE) also had high rates of cases and
deaths when compared to the other states in the South (S) and Central-West (CW) regions. The Northeast
(NE) is the second region with the highest rate of cases and deaths, an average of 527 cases and 24 deaths
per 100,000 inhabitants, the states in this region that were most aggravated by the disease were Ceará
(CE), Maranhão (MA), and Pernambuco (PE). The Southeast (SE) is the third region with the highest
rate of cases and deaths, with an average of 338 cases and 23 deaths by COVID-19, with Espírito Santo
(ES), Rio de Janeiro (RJ), and São Paulo (SP) being the most representative states in the region.

The neural network demonstrated that the spread of COVID-19 in Brazil has heterogeneous
behavior; see Figure 1. It is essential to understand this behavior. The North of the country was more
affected by COVID-19 than the South. The Northeast and Southeast differ in case rates but have similar
death rates. In this sense, possible factors were evaluated that may explain the reason for this behavior
and point out which measures are more relevant in the fight against COVID-19 in each Brazilian state.

After the training phase of the SOM network, we generated the topological map of the 14 variables
evaluated together, which represents the distribution of each federative unit in Brazil, according to
the winning neuron; see Figure 2. In the topological map, each federative unit is associated with
a respective winning neuron, that is, the one that best represents in the analysis. The SOM network
classifies the input data as clusters that can be formed by one or more neurons. The definition of
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clusters is characterized by the presence of empty neurons between the groups. Nearby clusters share
some similarity, that is, the greater the Euclidean distance, the greater the difference in behavior.
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Figure 2. Distribution of Brazilian federative units according to the winning neuron. Where:
Acre—AC; Alagoas—AL; Amapá—AP; Amazonas—AM; Bahia—BA; Ceará—CE; Distrito Federal—DF;
Espírito Santo—ES; Goiás—GO; Maranhão—MA; Mato Grosso—MT; Mato Grosso do Sul—MS;
Minas Gerais—MG; Pará—PA; Paraíba—PB; Paraná—PR; Pernambuco—PE; Piauí—PI; Roraima—RR;
Rondônia—RO; Rio de Janeiro—RJ; Rio Grande do Norte—RN; Rio Grande do Sul—RS;
Santa Catarina—SC; São Paulo—SP; Sergipe—SE; Tocantins—TO.

We identified the formation of some clusters by evaluating the topological map. Among some
of the clusters formed, we highlight the one formed in the lower-left corner of the map in Figure 2,
represented by the states of the Southern region of the country, which contain the federative units:
Paraná (PR), Rio Grande do Sul (RS), and Santa Catarina (SC). This cluster contains the federal units
and the region of the country with the lowest rates of deaths and cases by COVID-19, as shown in
Figure 1. Another cluster formed that we can highlight is composed of some states in the North region
of the country, represented by the states of Acre (AC), Amapá (AP), and Roraima (RR), presented in
the upper-right corner of the map. This cluster represents the region and some of the federative units
with the highest rates of deaths and cases due to COVID-19 in the country. This same analysis can be
done for the other formed clusters.

To verify the applicability of SOM analysis, we compared the results obtained with another
unsupervised method. Thus, we evaluated the ability to group the data obtained using the Hierarchical
Cluster Analysis (HCA) method. The results obtained with the HCA were very similar to those
obtained with the SOM algorithm. The dataset presents different patterns according to the region
in which the Brazilian states are located. In other words, most states in the North and Northeast
regions formed a cluster, while most federative units in the Central-West, South, and Southeast formed
another cluster. The graphic output generated by the HCA method is shown in Figure S15 of the
Supplementary Material.

In general, the topological map of the SOM network made it possible to state that the socioeconomic,
health and safety data demonstrate that the spread of COVID-19 in the country varies according to
the Brazilian federative units. However, only the topological map does not allow to state which of
the 14 variables evaluated may be the main responsible for explaining the spread of COVID-19 in
the country. Thus, we used weight maps in the following discussions. In order to obtain a better
representation, the values collected from the weight maps were transposed through the color scale to
the Brazilian cartographic map for each variable. However, when doing the transposition procedure,
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we lose the neighborhood relationship. In Figures S1–S14 of the Supplementary Material, the original
outputs of the weight maps for each variable in the SOM network are shown.

The 14 variables were evaluated jointly by ANN. However, for better results visualization and
discussion, the weight maps were divided into four blocks and grouped according to similarities:
(i) Available hospital infrastructure; (ii) inputs and tests available; (iii) drugs available; and (iv)
financial resources,

The first set of variables is shown in Figure 3, composed of the rates of ICU beds, ventilators,
physicians, and nurses per 100,000 inhabitants. In general, it is observed that the states that belong to
the South, Southeast, and Central-West regions of Brazil had higher rates than the North and Northeast.
There is evidence that these variables influence the rates of cases and deaths in each Brazilian state,
and it can be said that the states with the lowest rates of ICU, respirators, physicians, and nurses,
have the highest rates of cases and deaths from COVID-19.
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It is also evident that these were not the only relevant factors. The state of Rio de Janeiro (RJ),
for example, has high rates of ICU beds, respirators, physicians, and nurses and despite this, it has a higher
death rate than other states in the North region, such as Acre (AC), Amapá (AP), and Roraima (RR).

The second set of variables presented in Figure 4 represents the inputs destined to each state by the
Federal Government to combat and control the spread of COVID-19, composed by PPE, hand sanitizer,
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rapid test, and PCR test per 100,000 inhabitants. In general, the PPE and hand sanitizer rates distributed
for each state did not have a direct relationship with the rates of cases or deaths by COVID-19 according
to the SOM analysis.
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The states of Amapá (AP) and Rio de Janeiro (RJ), for example, had the highest rates of
PPE distributed, and Amazonas (AM) had the highest rates of liters of hand sanitizer distributed
per 100,000 inhabitants; however, these three states present higher rates of cases and deaths when
compared to other Brazilian states.

It is important to note that the data refer to the distributed quantity of inputs, and it is not possible
to estimate which portion was used by hospitals or the population, or even say if they were used
correctly. The cultural factor also interferes in these variables, mainly concerning the education and
awareness of the local population about the use of these inputs [45].

The disease tests in the country have been carried out homogeneously, as shown in Figure 4.
This homogeneity is considered an important aspect and demonstrates that differences do not influence
the data collected regarding the number of cases in the form of confirmation of the disease, which could
question the reliability of the data. The states that had the highest test rates available were the Distrito
Federal (DF), Rio Grande do Sul (RS), and Roraima (RR), which belong to the Central-West, South,
and North regions, respectively, i.e., the most and least affected regions by COVID-19 in the country.

Rapid tests are cheaper, less reliable, and can result in false positives or negatives, while the PCR
test is reliable but expensive and time-consuming [46]. It is necessary to adopt a balance between rapid
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tests and PCR; for example, if PCR test indices are higher, it will not be possible to follow the spread in
a short period, while rapid tests, when misused, can generate mistaken information.

Previous measures as vaccines and drugs against diseases with similar symptoms, such as influenza
H1N1 and H3N2, can facilitate the diagnosis of COVID-19, since they are relevant information during
the patient’s anamnesis. These procedures allow faster and more efficient identification of the disease,
which makes the adopted treatments more assertive and precocious [47]. Another measure that focuses
on significant discussions in the scientific community is the use of drugs against the coronavirus [48].
Among several drugs, the Brazilian Federal Government has invested and passed on chloroquine
tablets to the states.

The third set of variables in Figure 5 consists of influenza vaccines distributed and applied,
and drugs distributed by states per 100,000 inhabitants. The states of the North region, such as
Amazonas (AM), Roraima (RR), Pará (PA), and Acre (AC), had a more significant disparity than the
other states in the rates of vaccines applied and distributed. At first, this behavior could be related to
health factors, shown in Figure 3. However, this disparity would also be observed in the Northeast
region. Other intrinsic factors may include geographic and logistical factors that make distribution
and access to the population a challenge to receive the vaccine.Int. J. Environ. Res. Public Health 2020, 17, x 10 of 16 
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Figure 5. Geographical distribution of influenza vaccines distributed, influenza vaccines applied,
chloroquine tablets, and oseltamivir capsules available in Brazilian states per 100,000 inhabitants.

As far as we know, there is no drug with proven efficiency against SARS-CoV-2; some drugs have
been evaluated to combat or alleviate the disease’s symptoms [48]. Recent studies demonstrate that
dexamethasone welcomes the preliminary treatment of critically ill patients with COVID-19 [49].
Recently, the Food and Drug Administration (FDA) revoked emergency use authorization for
chloroquine and hydroxychloroquine in patients with COVID-19 [50].
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Figure 5 shows the chloroquine rates distributed by the Federal Government per 100,000 inhabitants.
Chloroquine tablets were more widely distributed in the states of the North region, which has higher
rates of deaths and cases of COVID-19 in Brazil. The possibility of greater distribution of chloroquine
in these states may have occurred as an attempt to treat the disease symptoms when there were no
restrictions on its use.

The oseltamivir rates distributed by the Federal Government per 100,000 inhabitants is shown
in Figure 5. This drug is commonly used to treat symptoms caused by the influenza virus and is
administered when there is still no confirmed diagnosis of COVID-19 [51]. Oseltamivir was more
widely distributed in the Southern and Northern states of Brazil; however, it is not possible to establish
a direct relationship with the rates of cases and deaths by COVID-19 using SOM analysis.

The last set of variables evaluated comprises the HDI and the distribution of federal funds destined
to each state. According to Figure 6, the destination of Federal funds was more significant for some
states in the North, the region which has the highest rates of cases and deaths due to COVID-19.
More resources destined for this region can be guided by the scenario of cases and deaths registered.
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The highest HDI values are in the Central-West, South, and Southeast regions, with the Federal
District (DF), Santa Catarina (SC), and São Paulo (SP) being the highest values in the country. It is
also worth mentioning that the most affected states by COVID-19 have some of the lowest HDIs in the
country, showing problems that some of these states have in fundamental areas of the population service.

Figure 7 shows the Spearman’s correlation test adopted to determine the correlation among
variables. The test demonstrated that the influenza vaccine applied, ICU, ventilators, physicians, nurses,
and HDI were the most correlated significant variables, all positive correlations, while chloroquine
had a negative correlation with all these variables. The HDI is directly related to essential aspects
of the population, such as family income, education level, health, among other factors; therefore,
the correlation with the HDI was already expected, since it takes into account important aspects of
health for its determination. Other variables evaluated showed minor correlations, while PPE did not
correlate with any other variable.

198



Int. J. Environ. Res. Public Health 2020, 17, 8921

Int. J. Environ. Res. Public Health 2020, 17, x 11 of 16 

Int. J. Environ. Res. Public Health 2020, 17, x; doi: www.mdpi.com/journal/ijerph 

 
Figure 7. Spearman correlation coefficients for the 14 evaluated variables. Correlations with p-value 
> 0.05 are considered insignificant. 

5. Discussion 

Considering the importance of understanding the spread of the virus, many studies have been 
presented in recent months related to different aspects of the pandemic, with the application of 
computational intelligence tools to model and predict the spread of the disease [34]. 

In our study, we gave the data a differentiated approach from the reported works. It is not 
common to find simultaneous studies with historical data on the number of COVID-19 cases, related 
to external factors, that affect the spread of the virus through spatial analysis [31]. For this, we used 
unsupervised pattern recognition to analyze some variables, among many others, that may be related 
to the disease spread. 

Brazil is one of the most affected countries by the pandemic and by the tremendous 
socioeconomic, territorial, climatic differences, among the country’s federative units. We understand 
that it may be interesting to try to establish spread patterns of the virus in the country. Thus, once the 
relationship of these factors with the spread and lethality of the disease has been identified, we hope 
that our study can assist in the analysis of the data that have been generated by institutions and, 
consequently, assist in directing decision-making on practical combat actions. 

It is important to note that our analysis does not aim to point out or compare which were the 
best actions adopted to contain the spread of COVID-19, so we approached each variable according 
to the significance indicated by the SOM analysis. 

Based on SOM’s clustering skills, we were able to spatially group similar federative units in 
terms of the number of cases and deaths by COVID-19 with data on the distribution of financial 
resources, equipment, health professionals and HDI, represented by a color scale. Thus, SOM’s ability 
to cluster, made it possible to cluster together with the federal units that are behaving similarly and, 
therefore, can benefit from similar strategies to deal with the virus spread. 

Figure 7. Spearman correlation coefficients for the 14 evaluated variables. Correlations with
p-value > 0.05 are considered insignificant.

5. Discussion

Considering the importance of understanding the spread of the virus, many studies have been
presented in recent months related to different aspects of the pandemic, with the application of
computational intelligence tools to model and predict the spread of the disease [34].

In our study, we gave the data a differentiated approach from the reported works. It is not
common to find simultaneous studies with historical data on the number of COVID-19 cases, related to
external factors, that affect the spread of the virus through spatial analysis [31]. For this, we used
unsupervised pattern recognition to analyze some variables, among many others, that may be related
to the disease spread.

Brazil is one of the most affected countries by the pandemic and by the tremendous socioeconomic,
territorial, climatic differences, among the country’s federative units. We understand that it may be
interesting to try to establish spread patterns of the virus in the country. Thus, once the relationship
of these factors with the spread and lethality of the disease has been identified, we hope that our
study can assist in the analysis of the data that have been generated by institutions and, consequently,
assist in directing decision-making on practical combat actions.

It is important to note that our analysis does not aim to point out or compare which were the best
actions adopted to contain the spread of COVID-19, so we approached each variable according to the
significance indicated by the SOM analysis.

Based on SOM’s clustering skills, we were able to spatially group similar federative units in terms
of the number of cases and deaths by COVID-19 with data on the distribution of financial resources,
equipment, health professionals and HDI, represented by a color scale. Thus, SOM’s ability to cluster,

199



Int. J. Environ. Res. Public Health 2020, 17, 8921

made it possible to cluster together with the federal units that are behaving similarly and, therefore,
can benefit from similar strategies to deal with the virus spread.

The SOM analysis allowed us to raise some hypotheses about the spread of the virus in Brazil.
In general, the analysis indicated that the spread of the disease has a direct relationship with quite
heterogeneous socioeconomic, health, and safety variations in the national territory; see topological
map in Figure 2.

In Figure 2, we can see that the spread of the disease in Brazilian states has been differentiated and
regionalized. Interestingly, the network separated the most and least regions affected by COVID-19.
We found that there was a separation pattern, in which all the Southern federative units are located at
the bottom left of the map (PR, RS, and SC), while the Southeast states (SP, RJ, MG, and ES) and the
Central-West (MS, MT, DF, and GO) are in the upper left corner of the map. In the North and Northeast
regions, the federative units were classified on the right side of the map.

For better visualization, we invite readers to check the original output weight maps of the variables
in the Supplementary Material. Weight maps represent the overlap of the topological map (Figure 2)
and allow us to evaluate the behavior of each variable for the segmentation of the federative units.
Analyzing the weight maps for the 14 variables extracted from the SOM network, it was possible to
show which were the main responsible for differentiating the states, regarding the number of cases and
deaths by COVID-19 in Brazil by socioeconomic, health, and safety data.

According to the 14 weight maps, the HDI was one of the essential variables for the distribution
obtained (Figure 6 and Figure S13). The analysis indicated that the federal units with the lowest HDI
were considerably more affected by the pandemic and that they had greater difficulty in combating the
spread of the virus. Meanwhile, the best-prepared Brazilian federations with higher HDI values were
more capable of deal with the pandemic.

Possibly, the HDI was the main measure responsible for the separation due to its high correlation
with the other variables. It is noteworthy that this index relates to health (life expectancy),
education (adult literacy index and levels of education), and income (GDP—gross domestic
product—per capita). Thus, it is possible to observe the correlation of the HDI in Figure 7, with other
variables, such as ICU (Figure S1), ventilators (Figure S2), doctors (Figure S3), and nurses (Figure S4).

Another important variable that allowed us to assess the behavior of the spread of COVID-19 in
Brazil was the influenza vaccine rates of doses distributed and applied, highly correlated according
to the Spearman correlation test (Figure 7). According to Figure 6, Figures S9 and S10, we show that
the federative units with the highest rates of vaccines applied had lower rates of cases and deaths
from COVID-19, as pointed out by the SOM analysis. Although this procedure is not effective against
SARS-CoV-2, this measure may have facilitated clinical diagnosis and made the treatment of affected
patients by COVID-19 faster and more accurate, and may have reflected in the number of cases and
deaths in these regions and federative units.

Other measures adopted in the country, such as the use of drugs as chloroquine and oseltamivir,
did not allow to evaluate the spread of COVID-19, as shown in Figure 5 and the weight maps of the
variables in Figures S11 and S12. The SOM analysis indicated that the federative units in the North and
Northeast regions had higher rates of chloroquine tablets distribution but more cases and deaths from
the disease were registered. On the other hand, oseltamivir capsules had higher distribution rates
in the Southern and Northern states, representing the regions more and less affected by the disease,
which means that this variable, the spread of COVID-19 was similar.

We evidence that PPE (Figure S5) and hand sanitizer (Figure S6) rates distributed for each state
did not have a direct relationship with the rates of cases or deaths by COVID-19 when considering
the SOM analysis (Figure 4). It is known that these measures directly influence the control of the
COVID-19 dissemination [45]; in this sense, we show that the SOM analysis allowed us to verify that
although these items have been distributed to federative units, the population has not followed the
measures adopted or made use of these items properly. Figure 7 reinforces this hypothesis since the
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PPE did not correlate with any other variable. Thereby, government agencies must further encourage
the use of available items.

Among the other less expressive variables evaluated, we show that the rapid test (Figure S8),
PCR test (Figure S9), and distribution of Federal funds (Figure S14) did not present an obvious behavior
that would allow explaining the spread of COVID-19 using the numbers of cases and deaths in the
country, according to the SOM analysis indicated.

6. Conclusions

Unsupervised Artificial Neural Networks of the Self-Organizing Map type have demonstrated that
the spread of the coronavirus has heterogeneous behavior and varies among Brazilian regions and states.
According to the analysis, among the 14 variables evaluated, the factors responsible for the highest
relationship with the numbers of cases and deaths by COVID-19 in Brazilian states were: Rates of
influenza vaccine applied, ICU beds, ventilators, physicians, nurses, and HDI, positively correlated
according to the Spearman’s correlation test. In general, the lowest rates of cases and deaths by
COVID-19 were recorded in the Brazilian states with the highest rates of influenza vaccine applied,
ICU beds, respirators, physicians, and nurses, per 100,000 inhabitants, which consequently has some
of the highest HDI in the country.

As a future work, we intend to integrate the SOM algorithm to analyze the spatial and temporal
aspects of the COVID-19 spread in a unified way to obtain a complete view and solution to the problem.
In addition, to analyze the possibility of applying SOM in other diseases that have affected Brazil,
caused by dengue virus, Chikungunya virus, Zika virus, and yellow fever virus.

Supplementary Materials: The following are available online at http://www.mdpi.com/1660-4601/17/23/8921/s1,
Figure S1: Weight maps overlaid by topological maps for variable Intensive Care Unit (ICU) by Brazilian federative
unit. Figure S2: Weight maps overlaid by topological maps for variable Ventilators by Brazilian federative
unit. Figure S3: Weight maps overlaid by topological maps for variable Physicians by Brazilian federative unit.
Figure S4: Weight maps overlaid by topological maps for variable Nurses by Brazilian federative unit. Figure S5:
Weight maps overlaid by topological maps for variable Personal Protective Equipment by Brazilian federative
unit. Figure S6: Weight maps overlaid by topological maps for variable Hand sanitizer by Brazilian federative
unit. Figure S7: Weight maps overlaid by topological maps for variable Rapid test by Brazilian federative
unit. Figure S8: Weight maps overlaid by topological maps for variable PCR test by Brazilian federative unit.
Figure S9: Weight maps overlaid by topological maps for variable Influenza vaccines distributed by Brazilian
federative unit. Figure S10: Weight maps overlaid by topological maps for variable Influenza vaccines applied by
Brazilian federative unit. Figure S11: Weight maps overlaid by topological maps for variable Chloroquine tablets
by Brazilian federative unit. Figure S12: Weight maps overlaid by topological maps for variable Oseltamivir
capsules by Brazilian federative unit. Figure S13: Weight maps overlaid by topological maps for variable Human
Development Index (HDI) by Brazilian federative unit. Figure S14: Weight maps overlaid by topological maps
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Brazilian Federative Units.
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