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Abstract

Objective: The objective of this study is to map vulnerability of Asian countries to the
COVID-19 pandemic.
Method: According to the Intergovernmental Panel on Climate Change (IPCC) 2007
framework for natural hazards, vulnerability is a function of exposure, sensitivity, and adaptive
capacity. From an extensive literature review, we identified 16 socioeconomic, meteorological,
environmental, and health factors that influence coronavirus disease 2019 (COVID-19) cases
and deaths. The underlying factors of vulnerability were identified using principal component
analysis.
Results: Our findings indicate that the percentage of the urban population, obesity rate, air
connectivity, and the population aged 65 and over, diabetes prevalence, and PM2.5 levels all
contributed significantly to COVID-19 sensitivity. Subsequently, governance effectiveness,
human development index (HDI), vaccination rate, and life expectancy at birth, and gross
domestic product (GDP) all had a positive effect on adaptive capacity. The estimated
vulnerability was corroborated by a Pearson correlation of 0.615 between death per million
population and vulnerability.
Conclusion: This study demonstrates the application of universal indicators for assessing
pandemic vulnerability for informed policy interventions such as the COVAX vaccine roll-
out priority. Despite data limitations and a lack of spatiotemporal analysis, this study’s
methodological framework allows for ample data incorporation and replication.

Coronavirus disease 2019 (COVID-19) is an unprecedented event in modern history. The
pandemic has impacted the majority of the world to some extent, resulting in a slew of social
and economic costs. Pandemics are predicted to become more common in the coming years.1,2

As a result, minimizing pandemic vulnerability while increasing pandemic adaptive capacity is
critical.3,4

Numerous sensitivity factors have been linked to the spread of the pandemic. Demographic
factors such as population density, age distribution, sex, and urbanization are correlated
with COVID-19 cases and deaths.5–8 Second, meteorological and environmental factors
such as average temperature, outdoor environment, particulate matter, environmental
zones and wind speed are associated with COVID-19 cases and deaths.6,9–11 Third, under-
lying health factors such as diabetes, obesity and nutritional status have been identified as
key contributors of COVID-19 related morbidity and mortality.12–14 Fourth, studies recognize
ethnicity, socio-economic inequality, poverty and disposable income as significant factors of
COVID-19 cases and deaths.10,13,15 Fifth, travel patterns and international connectivity are
related to virus spread and infections.16–18 Finally, studies point to the (in)capacity of health
systems to cope with pandemic crisis—essentially an indicator of governance effectiveness
and adaptive capacity.15,19,20

Vulnerability quantification is a necessary condition for proactive response. Measuring
Asian vulnerability to COVID-19 is important given it continues to report the highest numbers
of new infections in the world. India, the second largest Asian country in terms of population
concentration, is leading in the number of new infections and deaths.21 This has far-reaching
implications for neighboring South Asian countries and beyond. Asia is primarily composed of
developing economies and the pandemic has slowed the region’s continuous economic growth,
affecting millions of people. The majority of available literature on COVID-19 vulnerability is
either country- or global-specific. For example, the Social Vulnerability Index (SVI) in the
United States considers socioeconomic status, household composition and disability, minority
status and language, and housing type and transportation for measuring vulnerable groups dur-
ing public health emergencies.22 Similarly, vulnerability to COVID-19 pandemic in India
reflects on 5 socio-economic domains: Socioeconomic, demographic, housing and hygiene, epi-
demiological, and health system.23 To date, there has been no study that measures Asian coun-
tries’ vulnerability to COVID-19 pandemic using a natural disaster, which is an external stressor,
framework.
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The objective of this research is to measure vulnerability of
Asian countries to the COVID-19 pandemic. The Inter-
governmental Panel on Climate Change (IPCC) 2007 framework
for quantifying vulnerability to natural hazards can be applied to
the COVID-19 pandemic. Vulnerability is comprised of 3 compo-
nents: exposure, sensitivity, and adaptive capacity. We used prin-
cipal component analysis (PCA) to identify the major factors
affecting sensitivity and adaptive capacity to estimate vulnerability.
Exposure refers to an external stress, such as COVID-19, whereas
sensitivity and adaptive capacity are measures of susceptibility and
coping capacity to the external stress, respectively.24 Our research
does not consider risk of COVID-19 transmission as a component
of vulnerability (see Bjørnstad et al.25). Subsequently, this research
is based on the reported COVID-19 cases and deaths, which is dif-
ferent from the Susceptible-Exposed-Infectious-Removed (SEIRS)
model that considers factors such as loss of immunity, birth, and
death in COVID-19 transmission dynamics.26

Methods

Study Area

Forty-three of 46 Asian countries were selected for the study
(Figure 1). Due to the scarcity of data, this study excluded China
and its territorial geographic areas (Hong Kong and Taiwan),
North Korea, and Palestine.

Analytical Method

We have used vulnerability to natural disasters as an analytical
framework for this study, where vulnerability is defined as the func-
tion of exposure, sensitivity, and adaptive capacity (Equation 1).27–30

According to the IPCC’s 2007 report, vulnerability is the result
of the interaction of exposure, sensitivity, and adaptive capacity.
According to the IPCC’s fourth assessment report (AR4), vulner-
ability to climate change is defined as “the degree to which a system
is susceptible to and incapable of coping with adverse effects of climate
change, including climate variability and extremes. Vulnerability is a
function of the type,magnitude, and rate of climate change and varia-
tion towhich a system is exposed, as well as its sensitivity and adaptive
capacity”.31While IPCCdoes not define exposure, it is understood as
an external stressor that contributes to vulnerability.32 Vulnerability is

thus viewed as the first-order impact caused by the exposure due to
the system’s sensitivity, which is moderated by its adaptive capacity.24

Vulnerability ¼ Exposureþ Sensitivity � Adaptive Capacity (1)

COVID-19 exposure, sensitivity, and adaptive capacity are deter-
mined by several independent variables (Table 1). Exposure is
quantified by the number of cases per million population.
Sensitivity and adaptive capacity variables are classified in such
a way that their values increase with increasing sensitivity or adap-
tive capacity. For instance, a high prevalence of diabetes increases
morbidity and mortality when associated with COVID-19.12,33 In
this study, COVID-19-related deaths per million population are
used as a proxy for a country’s pandemic vulnerability.

The definition of vulnerable people can change dynamically in a
COVID-19 scenario. Globally, the economic cost of the pandemic
is estimated to be staggering at US $10 trillion between 2020 and
2021.34 Vulnerable people include not only the elderly and those
with chronic illnesses and comorbidities, but also those who
may struggle financially, mentally, or physically as a result of the
onset of COVID.35 However, this study’s vulnerability estimation
is limited to exposure, 8 sensitivity, and 7 adaptive capacity variables.

Multicollinearity refers to a linear correlation between a large
number or all of the independent variables in a dataset, which
makes estimating the relationship between each independent
and dependent variable difficult.36 Multicollinearity occurs when
1 independent variable shifts in response to a change in another
independent variable. As a result, a high degree of multicollinearity
among the independent variables may influence the results and
their interpretation. Principal component analysis (PCA) is a
widely used multivariate analysis technique that breaks down
multiple correlated variables into several uncorrelated compo-
nents.37 We used PCA to eliminate multicollinearity in data.

Varimax rotation was used to calculate the factor loadings of
sensitivity and adaptive capacity, which have an inverse relation-
ship with the factor score. The Kaiser-Meyer-Olkin (KMO) and
Bartlett’s Test of Sphericity were used to determine the sampling
adequacy for principal component analysis.38 A statistically signifi-
cant principal component analysis requires a minimum KMO
value of 0.50. Significant factors are those that satisfy the Kaiser
Eigenvalue criterion (>1) and account for a greater than one-third

Figure 1. Countries included in the study.
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of the variance in the data. The normalized exposure, sensitivity,
and adaptive capacity variables were used to calculate vulnerability
to COVID-19. Equation 2 is used to normalize the data.

x0 ¼ x �Min xð Þ
Max xð Þ �Min xð Þ (2)

Where,
x0 = normalized data of a country;
x = data of a country;
Min(x) = the minimum value among the countries;
Max(x) = the maximum value among the countries.

To normalize India’s exposure, for example, the number of cases
per million population was calculated for each of the study coun-
tries. Similarly, the maximum number of cases per million
(Bahrain) and minimum number of cases per million (Yemen)
were noted. Following that, the normalized exposure of India
was calculated using the min-max normalization technique
(Equation 2). The primary advantage of min-max normalization
is that it produces a distribution of data between 0 and 1, with 0
and 1 representing the lowest and highest values, respectively.

The vulnerability to COVID-19 of the respective countries is
determined using Equation 1. On the basis of Jenks’ natural breaks
classification method, the normalized COVID-19 vulnerability is
reclassified into 3 classes. Appendix Table 1 shows the normalized
values of exposure, sensitivity, adaptive capacity, and vulnerability
to COVID-19 (see also Figure 2). Finally, we validated the calculated
vulnerability by comparing it to the actual vulnerability (death per
million population from COVID-19) by Pearson correlation.

ArcGIS 10.5 was used to create maps of selected countries’
exposure, sensitivity, adaptive capacity, and vulnerability. IBM-
SPSS 25 was used to conduct the statistical analysis.

Data

COVID-19 exposure (cases/million as of 04 August 2021), sensi-
tivity, adaptive capacity, and vulnerability (deaths/million) data/

variables were gathered from a variety of online sources. A total
of 16 factors were identified following a thorough literature review.
Three subgroups of variables had been defined: 1 for exposure, 8
for sensitivity, and 7 for adaptive capacity (Table 1).

Results

Principal Component Analysis

The Bartlett’s Test of Sphericity yielded a statistically significant
result (P-value 0.05), indicating that the data set was suitable for
factor analysis. KMO tests for sensitivity (0.519) and adaptive
capacity (0.576) indicated that the variables had a high degree of
informational overlap. As a result, factor analysis was a viable
method for eliminating multicollinearity between independent
variables. Based on the Kaiser Eigenvalue criterion and scree plots,
3 components for sensitivity and 2 components for adaptive capac-
ity were identified.

For sensitivity, 3 components independently explained 40.91
percent, 25.67 percent, and 13.49 percent (cumulatively 80.07 per-
cent) of the data variance of the input variables of COVID-19 sen-
sitivity (Table 2). Three factors in component 1—percentage of
urban population (0.922), obesity rates (0.883), and air connectiv-
ity (0.675)—all contributed positively and significantly to the
COVID-19 sensitivity, as determined by varimax rotation
(Table 3). Component 2 isolates the population aged 65 and over
as the only significant positive factor (0.589). Component 3 con-
tains 2 significant positive variables: Diabetes prevalence (0.695)
and PM2.5 (0.880).

Two adaptive capacity components accounted for 42.97% and
24.48% (cumulatively 67.46%) of the variance in the input varia-
bles, respectively. Three factors in component 1—governance
effectiveness index (0.851), HDI (0.872) and vaccination rate
(0.850)—all contributed positively and significantly to adaptive
capacity against COVID-19. Component 2 of the adaptive capacity
has 2 significant factors: Life expectancy at birth (0.934) and GDP
(0.664). Sensitivity and adaptive capacity were calculated for each
country using the principal component analysis components.

Table 1. Exposure, sensitivity, adaptive capacity, and vulnerability factors

Factors Min Max Mean SD Source

Exposure Cases per 1 million population 232.00 152606.00 37674.49 40416.89 (as of 04 August 2021)21

Sensitivity Population density (people per sq. km of land area) 2.04 7953.00 448.95 1245.14 39

Population ages 65 and above (% of total population) 1.16 28.00 6.82 4.94

Urban population (% of total population) 18.59 100.00 60.00 24.85

PM2.5 air pollution, mean annual exposure (micrograms
per cubic meter)

5.90 99.73 38.09 23.78

Diabetes prevalence (% of population ages 20 to 79) 3.90 19.90 9.33 3.86

Obesity Rates 2.10 37.90 16.85 11.31 40

Death per 100,000 Cardio-vascular 30.29 361.17 178.06 89.05 41

Air Connectivity Index 2.02 6.05 3.71 .86 42

Adaptive capacity Hospital beds (per 1,000 people) 0.30 63.00 4.78 9.44 39

Doctors (per 1,000 people) 0.01 6.13 1.79 1.34

Life expectancy at birth, total (years) 58.00 83.04 73.48 6.81

GDP per capita (current US$) 503.32 181402.83 19328.19 32966.61

Governance Effective Index -2.28 2.22 -.02 .95 43

Human Development Index 0.47 0.94 0.74 0.12 44

People vaccinated per 100 0.04 71.20 22.61 23.03 (as of 04 August 2021)45

Vulnerability Deaths per 1 million population 0.90 1556.00 367.42 391.27 (as of 04 August 2021)21
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Figure 2. (a) Exposure, (b) sensitivity, (c) adaptive capacity, and (d) vulnerability to COVID-19.
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In summary, high urbanization and obesity, along with air pol-
lution, have the highest potential for increasing sensitivity to
COVID-19. On the contrary, 4 variables—life expectancy at birth,
governance effectiveness, HDI and vaccination rate—positively
contribute to adaptive capacity against COVID-19 pandemic.

Exposure, Sensitivity, and Adaptive Capacity

The maps in Figure 2 depict the selected Asian countries’ exposure
(a), sensitivity (b), adaptive capacity (c), and vulnerability (d).
Bahrain ranks highest in terms of exposure (normalized range
0.38-1.0), followed by the Maldives, Georgia, Jordan, Israel, and
Kuwait (Figure 2a). Clearly, countries with small landmasses are
more exposed than countries with larger landmasses. Oman,
Mongolia, Iran, Iraq, Malaysia, and Azerbaijan, to name a few,
have a moderate level of exposure (normalized range, 0.10-0.37).
Saudi Arabia, Sri Lanka, the Philippines, Indonesia, and
Singapore, among other countries, have a low level of exposure
(0-0.09).

The most sensitive countries to COVID-19 are Qatar, Bahrain,
Saudi Arabia, Turkey, and the United Arab Emirates (Figure 2b).
On the other hand, Singapore, Qatar, the United Arab Emirates,
and Bahrain, among others, had the highest adaptive capacity
(Figure 2c). According to Equation 1, 14 of the 43 countries,
including Bahrain, the Maldives, Georgia, Jordan, Kuwait, and
Israel, had the highest vulnerability to COVID-19 (normalized
range, 0.55-1.00) (Figure 2d). Similarly, 14 countries had amedium

(0.54-0.24) vulnerability to COVID-19, while the remaining coun-
tries had a low (0.23-0.00) vulnerability.

Finally, a Pearson correlation coefficient of 0.615 (at the 0.01
level of significance) between the calculated vulnerability and
death per million population from COVID-19 for the selected
Asian countries indicated an acceptable level of vulnerability
estimation.

Discussion

Numerous studies have been conducted on the contextual and
country-specific factors that contribute to COVID-19 vulnerabil-
ity. International comparisons of vulnerability to the COVID-19
pandemic, on the other hand, are difficult due to a lack of data
and contextual differences between countries. PCA is frequently
used to study natural disaster behavior,46 and it has the potential
to identify common COVID-19 factors globally.47–49

We considered the COVID-19 pandemic as a hazard in this
study. Therefore, we have used the IPCC’s 2007 hazard framework
to assess Asian countries’ vulnerability to COVID-19, incorporat-
ing 16 variables that quantify each country’s vulnerability. Using
principal component analysis, a total of 5 components (3 for sen-
sitivity and 2 for adaptive capacity) were found to be suitable for
measuring vulnerability. Six variables—the percentage of the
urban population, the population aged 65 and over, obesity rate,
air connectivity, diabetes prevalence, and PM2.5—all contributed

Table 2. Result of component extraction of factor analysis

Component % of Variance Cumulative %
Factor
Score

Description
(factor score)

Sensitivity 1 40.91 40.91 −1.877 to 1.663 (−) low sensitive
(þ) highly sensitive2 25.67 66.58 −1.941 to 2.397

3 13.49 80.07 −1.720 to 2.188

Adaptive capacity 1 42.97 42.97 −2.013 to 2.125 (−) low adaptability
(þ) highly adaptive2 24.48 67.45 −2.806 to 2.080

Table 3. Factors loading of the factors

Factors

Components*

1 2 3

Sensitivity Population density (people per sq. km of land area) – 0.417 –

Population ages 65 and above (% of total population) – 0.589 −0.541
Urban population (% of total population) 0.922 0.257 –

Obesity rates 0.883 −0.348 0.237

Diabetes prevalence (% of population ages 20 to 79) 0.409 – 0.695

Death per 100,000 Cardio-vascular – -0.960 –

PM2.5 air pollution, mean annual exposure (micrograms per cubic meter) – −0.145 0.880

Air Connectivity Index 0.675 0.456 –

Adaptive capacity Hospital beds (per 1000 people) −0.135 – –

Doctors (per 1000 people) 0.431 −0.568 –

Life expectancy at birth, total (years) 0.149 0.934 –

Gross domestic products (GDP) per capita (current US$) 0.138 0.664 –

Governance Effective Index 0.851 – –

Human Development Index (HDI) 0.872 – –
People vaccinated per 100 0.850 – –

*Bold values indicate high factor loadings.
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positively and significantly to the COVID-19 sensitivity. These
findings corroborated with those of several other studies that have
linked COVID-19 sensitivity to demographic factors such as
urbanization and the population aged 65 and over,5–7 underlying
health condition,12,14 air connectivity,16 and meteorological factors
such as PM2.5.9

Five factors explained COVID-19 adaptive capacity: The gov-
ernance effectiveness index, the human development index
(HDI), the vaccination rate, the life expectancy at birth, and the
gross domestic product (GDP). Similar to the findings of Babu
et al.,19 this research indicates that governance effectiveness is a
predictor of an effective response to a pandemic. Bangladesh,
for example, ranks low in adaptive capacity due to a poor track rec-
ord managing the pandemic and residents’ disregard for health
guidelines.50,51 We used GDP and HDI as indicators of countries’
socioeconomic characteristics, and a high value for these 2 varia-
bles increase adaptive capacity to COVID-19. Additionally, we
demonstrated that vaccination is critical for building adaptive
capacity against the COVID-19 pandemic.

The analytical framework used in conjunction with the findings
of this study has implications for national and international policy
responses to COVID-19. Separating exposure, sensitivity, and
adaptive capacity enables a more precise assessment of a country’s
preparedness for a pandemic. India, for instance, has a high sensi-
tivity but a low vulnerability due to its high adaptive capacity.
Additionally, identifying universal risk factors for vulnerability
enables socioeconomic and political policy interventions such as
increased vaccination in high-density and urban areas, as well as
for older adults. More importantly, the vulnerability of each coun-
try can serve as a benchmark for prioritizing vaccine roll-out
through the COVID-19 Vaccines Global Access (COVAX) pro-
gram in the event of future pandemics.

Finally, we used Pearson correlation to validate the estimated
vulnerability to COVID-19 death. Our vulnerability, as estimated,
accounts for 61.5% of COVID-19 deaths, which is quite acceptable.
Apart from the study’s limitations, discussed in the following sec-
tion, vulnerability appears to be a dynamic concept. As a result,
using death from COVID as a proxy for vulnerability is debatable.
Incorporating variables relating to financial, mental, and physical
consequences can undoubtedly help improve the vulnerability esti-
mation model.

This study has several limitations. To begin, China (including
Hong Kong and Taiwan), North Korea, and Palestine were not
considered for measuring Asian Vulnerability. Second, the total
number of confirmed cases and deaths was based on the official
report that lacks data confidence. For instance, India demon-
strated a high level of exposure but a low level of vulnerability.
However, India’s death toll is estimated to be 4 times that of
official reports.52 Additionally, governance, vaccinations, and
even population enumeration were reported with varying degrees
of accuracy across these countries. Third, the study established
vulnerability to COVID-related deaths. This is problematic, how-
ever, because the vulnerable population included those who suf-
fered financially, psychologically, or physically as a result of
COVID-19’s onset. Fourth, despite the fact that COVID-19 is a
respiratory illness, we do not have an explanation for death from
cardio-vascular diseases with a high yet negative factor loading
for sensitivity (see Table 3). Additionally, this research ignores
several well-documented COVID-19 sensitivity factors, such as
population density.5 Fifth, we disregarded the severity of
COVID-19 infection and made no distinction between asympto-
matic, mild, and severe cases. Finally, this study excluded

spatiotemporal analysis and relied exclusively on cross-sectional
data rather than panel data.

Conclusions

COVID-19 is a global concern at the moment, and pandemics are
expected to occur more frequently in the future. Assessing vulner-
ability to pandemics is a prerequisite for adaptive future planning
in the event of a pandemic. We assessed Asian countries’ vulner-
ability to COVID-19 using the IPCC’s 2007 natural disaster frame-
work and a set of universal indicators. COVID-19 vulnerability was
determined by 1 component for exposure, 3 components for sen-
sitivity, and 2 components for adaptive capacity. When death per
million population was used as a proxy for vulnerability, our esti-
mate was 61.5% accurate.

The findings of this study have policy implications for pan-
demic preparedness, including vaccine roll-out and response mea-
sures. Additionally, the analytical framework used in this study is
applicable to other infectious and transmissible diseases, such as
tuberculosis and dengue fever. Apart fromdata limitations, the study
makes no attempt to account for spatiotemporal variation in
COVID-19 vulnerability. However, the methodology used in this
study leaves ample room for data manipulation, addition, and rep-
lication to improve the estimation of COVID-19 vulnerability.

Supplementary material. To view supplementary material for this article,
please visit https://doi.org/10.1017/dmp.2022.139
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