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Ab s t r Ac t
Modeling has been used extensively to predict coronavirus disease 2019 cases across different countries. This research provides a zone-wise 
macro perspective in understanding the determinants of pandemic deaths in select Asian countries. Correlations are established with 
variables impacting daily deaths, and panel regression analysis is carried out. Comorbid conditions, especially the cardiovascular death rates 
in the population and existence of diabetes condition do have a significant impact on pandemic death rates. Age is also a determinant of 
death rates. Countries with lesser comorbid rates in their population with increased access to hospital beds have significantly seen lower 
death rates. The study aids in decision making, providing a macro perspective on how specific global regions have responded with regard to 
pandemic deaths.
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In t r o d u c t I o n
The outbreak of the coronavirus disease 2019 (COVID-19) was 
reported to the World Health Organization (WHO) in December 
2019, first observed in Wuhan City, China. The world has been 
battling the pandemic since then. The global countries are 
classified into six zones by the WHO, namely, Africa, America, South-
East Asia, Europe, Eastern Mediterranean, and Western Pacific to 
monitor and implement strategic plans in each of the zones when 
the necessity emerges. Globally, as on June 13, 2021; 175,306,598 
confirmed cases of COVID-19, including 3,792,777 deaths are 
reported.[1] The case-fatality ratio, that is, the ratio of the deaths 
among the infected global population is 0.022 (around 2%), which 
clearly indicates the trend that recovery rates are over 95%. While 
most normal infected individuals recover, it shows that fatalities 
are associated with certain high-risk population sub-groups. The 
presence of pre-conditions, certain additional ailments, age, care 
facilities available in the location may be specific reasons pushing 
individuals into that undesirable zone of 2%.

Older patients (age >65  years) with existence of co-morbid 
conditions were seen to have severe impacts with intensive-unit 
care requirements and worse levels of prognosis when affected 
by COVID-19. A robust electronic review of literature by Sanyaolu 
et al.[2] and data obtained from Research Square, a meta-analysis 
of the 2019 novel coronavirus by Paudel[3] showed hypertension, 
cardio vascular diseases, diabetes, respiratory illness such as 
chronic obstructive pulmonary disease (COPD) to be among the 
major comorbid conditions among patients affected with COVID-
19. Smoking is one of the biggest risk factors for COPD. There are 
many studies in literature that have used time series, Susceptible, 
Exposed, Infectious and Recovered (SEIR) models etc. for analyzing 
the pandemic cases. Reiner et  al.,[4] in their study used COVID-
19 case and mortality data from February to September 2020 and 
forecasted using a deterministic SEIR compartmental framework. 
Their study further reiterated the use of masks and adoption of 
social distancing which quantitatively reflected the control of 
spread. Another work by Olsen et al.[5] used National Family Health 
Survey data for 2015-16, Census data of 2011 and COVID 19 deaths 
data up to June 2020 and analyzed death trends in India through a 
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hierarchical multilevel model. Age, obesity, existence of comorbid 
conditions, and smoking habits were among the key conditions 
showing higher death rates due to COVID-19 infection. Giang 
et al.[6] assessed WHOs and World Bank’s Development indicators 
for a short period from January to March 2020 for factors affecting 
pandemic deaths. As per their panel analysis; availability of hospital 
beds, medical staff, age, air travel, quarantine and social distancing 
measures were found crucial in affecting mortality rates. Daniyal 
et al.[7] used data from the National Institute of Health of Pakistan 
from February to August 2020 related to COVID 19 deaths and 
other demographic, socioeconomic metrics. They compared 
linear, logarithmic, and quadratic regression models, and found 
the quadratic model to be the best fit, for modeling COVID-19 
deaths in Pakistan.

Their study showed death rates due to COVID were higher 
among men than women, by attributing it to heart diseases, 
smoking habits, etc., being higher in men, making them more 
susceptible to deaths. Panel data modeling is shown to be 
a validated statistical method and a useful addition to the 
epidemiological toolkit for understanding the patterns of 
pandemic progression. Oehmke et al.[8] used dynamic panel data 
models with the Arellano-Bond estimator using the generalized 
method of moments framework for modeling the pandemic 
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situation in the United States. The model is suitable as it corrects for 
autocorrelation and heteroscedasticity, usually evident in macro 
panels. Their study was based on the metrics of speed- the number 
of cases per day, acceleration- the movement of number of cases 
per day, whether increasing or decreasing, and the jerk-the change 
in acceleration. Staszkiewicz et al.[9] carried out panel analysis by 
applying random effects model on data from December 2019 to 
March 2020, using the pandemic statistics data from the EU Open 
Data Portal, the World Bank Open Data, the market data from Stooq 
and weekly data from Google Trends, to investigate pandemic 
progression. Among the several variables assessed, the country-
specific variables were age dependency, number of physicians 
and nurses per 1000 of population, the fraction of the population 
with the handwashing facilities, the density of the population, the 
level of the pollution, the number of the available hospital beds 
per 1000 of the population, etc. Their study pointed out to severity 
being different across continents and also analyzed the impact of 
time invariant variables on death progression. The variables for 
the present study are selected based on the literature; prominent 
variables that are likely to have an impact on the COVID-19 death 
rates are considered. Studies capturing a panel approach with a 
macro perspective on a group of countries are limited. This study 
focuses on assessing some of the key determinants of daily deaths 
and analysis of pandemic death scenario among select countries 
in Asia.

MAt e r I A l s A n d Me t h o d s

Data Collection
Data are extracted from a public repository[10] with eight variables 
for select eight countries in the Asian region. The data are panel 
data as it is across countries which are the cross-sectional units, 
over a period of time. Panel data have more degrees of freedom 
and sample variability than cross-sectional data which provides 
efficient estimates.[11] The variables considered for the study 
are daily deaths (daily-death); positivity rate, that is, share of 
the COVID-19 tests turning out positive, given as a 7-day rolling 
average (pos-rate); country-wise population median age (med-
age); cardiovascular death rates, that is, annual number of deaths 
per 100,000 people due to cardiovascular diseases (CVD-rate); 
diabetes prevalence rates, that is, percent of the population aged 
20–79 affected with diabetes as per latest UN report (diab-rate); 
percent of population involved in smoking (smoke-rate); hospital 
beds available per 1000 of the population (hosp-beds) and human 
development index (HDI) of the country. The daily data are taken 
for a year from March 2020 to February 2021.

Methodology
Descriptive analysis is carried out. Correlations are computed to 
assess the variables associated with daily deaths. Variables that 
lead to multicollinearity (Variance inflation factor [VIF] >10)[12] have 
been removed so as to present the actual relationship between 
daily deaths modeled as a function of its predictors. Data are 
divided into training and test data set in 70:30 ratio. Heterogenous 
panel regression models of fixed effects, random effects and 
feasible generalized least squares (FGLS) are applied to factor 
the variations in the panel data. The models are fit to the data 
and forecast accuracy is measured using root mean square error 

(RMSE) and compared between training and test data. R-software 
is used for data analysis.

re s u lts A n d dI s c u s s I o n
Across the panel of eight countries in South-East Asian 
zone- Bangladesh, India, Indonesia, Myanmar, Nepal, South Korea, 
Sri Lanka and Thailand; the average daily deaths seen over a 
year was 83, with the highest being 40% of tested cases turning 
out to be positive on a 7-day rolling average basis. Among the 
countries considered; India, Indonesia, Bangladesh and Myanmar 
have seen higher daily deaths compared to the others [Figure 1]. 
Higher median age, higher hospital beds per 1000 population and 
higher HDI (>0.75) is seen in South Korea, Sri Lanka and Thailand; 
with <200 annual cardiovascular related deaths (per 100,000 
population) in these countries. India and Sri Lanka have over 10% 
of its population with diabetes prevalence. On an average, 40% 
of the population across the countries reflects smoking habits 
[Table 1].

Out of the considered variables, those with higher VIF (i.e., VIF 
range of 7–10 are removed to control multicollinearity between 
predictors. The considered predictors are positivity rate, median 
age, cardiovascular death rate, diabetes rate and availability of 
hospital beds per 1000 population, which are all significantly 
related to daily deaths with P < 0.05. Further, positivity rate, 
cardiovascular death rate, and diabetes rate are positively 
correlated with daily deaths. Median age and availability of 
hospital beds are negatively correlated with daily deaths [Table 2]. 
India, Indonesia, Bangladesh and Myanmar with higher positivity 
rates and cardiovascular, diabetes rates have shown higher death 
rates; while South Korea, Sri Lanka and Thailand have shown lesser 
daily deaths comparatively, with the overall population showing 
lesser percentage of comorbid conditions. South Korea, Sri Lanka 
and Thailand with higher older population (i.e., higher median 
age) have shown lesser deaths. Further, these countries with more 
access to hospital beds have also shown significantly fewer deaths.

The variables are logarithmically scaled and the Augmented-
Dickey Fuller test is run to show series stationarity for daily deaths 
at 10% level of significance (P = 0.08).[13] On the trained data set, the 
heterogenous panel regression model of fixed effects and random 

Table 1: Panel descriptive statistics
Variable Minimum Mean Maximum Standard 

deviation
Daily-death 0 82.6 2003 227.1
Pos-rate 0 0.1 0.4 0.1
Med-age 25 32.1 43.4 6.1
CVD-rate 86 222.4 342.9 84.9
Diab-rate 4.6 7.7 10.7 1.9
Smoke-rate 20.6 40.1 76.1 15.4
hosp-beds 0.3 2.7 12.3 3.8
HDI 0.583 0.707 0.916 0.106
HDI: Human development index, CVD: Cardiovascular deaths

Table 2: Correlation metrics with daily deaths
Variable r P‑value VIF
Pos-rate 0.13 2.758×10-8 2.09
Med-age –0.23 <2.2×10-16 6.44
CVD-rate 0.28 <2.2×10-16 6.43
Diab-rate 0.40 <2.2×10-16 1.09
Hosp-beds –0.20 <2.2×10-16 2.97
CVD: Cardiovascular deaths
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effects are applied.[14] The one-way fixed effects model, with “within 
estimator” is first applied to capture country-specific effects. This 
is followed by the one-way Random effects model (Equation 1), 
where the error term accounts for individual-heterogeneity.

2
1 1 2 2  ..... ( ),    ~ (0, )it it it k kit i it it uy X X X u u IIDµ β β β α σ= + + + + + +

 (1)
yit represents daily deaths where i = Country (i = 1–8), 

t = days; μ is the constant intercept; Xkit is the kth log transformed 
independent variable for the ith country and tth time; βk is the 
regression coefficient for the kth independent variable; αi is the 
cross-sectional effect; uit is the error term, uit~IID (0, σu

2). The output 
in Table  3 shows the model is overall significant with P < 2.22 × 
10-16; positivity rate, median age and cardiovascular death rates are 
significant in predicting daily deaths (at 10% level of significance). 
The model overall has 23% explanatory power, with adjusted 
r2 being 0.2244, which is realistic since the possible number of 
variables that can have an impact on the deaths are significantly 
very large and could be individual-specific, varying from case to 
case. Here, country-wise daily deaths are obtained. The model 
gives a realistic predictive power with a macro perspective and 
confirms a significant role of age, positivity rate and comorbid 
conditions on pandemic deaths.

The Hausman test iterates the null hypothesis of consistency 
of random effects over fixed effects model and is a test to identify 
the model of best fit between the two.[15] The Hausman test yields 
a P = 0.4363 (fail to reject the null hypothesis), which suggests that 
random effects model is preferred over the fixed effects model 
and therefore, model output of random effects is only shown. 
The model assumptions of homoscedasticity and existence of 
auto correlations of residuals are tested using the Breusch and 
Pagan (BP) test,[16] and Wooldridge test,[17] respectively. The null 
hypotheses of the BP test state the existence of homoscedasticity 
and that of the Wooldridge test, non-existence of serial correlation 
of residuals. Both the tests yield significant results, that is, P < 2.2 
× 10-16, implying existence of both heteroscedasticity and serial 
correlation. Real time large macro panels do witness this frequently 

and are best handled by considering robust standard errors to get 
consistent estimates, which is factored in Table 3, where the robust 
standard errors are considered.[18] The residuals are symmetric, 
showing normality [Figure 2]. The panel residual graphs country-
wise is plotted [Figure 3] and residuals have a mean of –8.86 × 10-17 
(~0) with standard deviation of 0.8454.

In the presence of heteroskedasticity and serial correlations, 
a model framework more suitable is the FGLS which provides 
consistent estimates with Prais-Winsten correction and Panel 
Corrected Standard Errors (PCSE).[19-21] The output [Table 4] shows 
the model is overall significant with P = 0; positivity rate, median 
age, cardiovascular death rates, and availability of hospital beds are 
significant in predicting daily deaths (at 10% level of significance). 

Figure 1: Country-wise daily deaths

Table 3: Random effects model output summary
Variable Estimate Robust 

standard error
t‑value P‑value

Intercept –66.3103 28.8949 –2.2949 0.0218
Pos-rate 0.4080 0.0793 5.1443 2.96×10-7

Med-age 13.2623 7.1399 1.8575 0.0634
CVD-rate 4.2380 1.1031 3.8419 0.0001
Diab-rate 0.8879 1.7574 0.5052 0.6135
Hosp-beds –1.1950 1.0698 –1.1171 0.2641
CVD: Cardiovascular deaths

Figure 2: Quantile-Quantile plot of residuals
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The model overall has 25% explanatory power, with adjusted r2 
being 0.2542.

The model assumptions are tested. The residuals are fairly 
symmetric [Figure  4] indicating normality. The residuals have a 
mean of 0.0773 (~0) with standard deviation 1.7345, satisfying 
the assumptions. It can be seen that the standard errors are much 
smaller in FGLS model compared to the Random effects model, 
which is essential for the estimates to be consistent. Hence, the 
model validation is carried out for the test data by applying the 
FGLS model with panel corrected standard errors.

The FGLS model is overall significant with 18% of variations in 
daily deaths explained by significant predictors of positivity rate, 
median age, cardiovascular death rates, and availability of hospital 
beds. These variables are highly significant in predicting daily 
deaths (P < 0.01) [Table 5]. The result aligns with what was seen 
for the training set. The residual plots are generated country-wise 

based on the FGLS model [Figure 5] with residual mean of –0.6238 
(~0) and standard deviation 2.5162. The fits were generated post 
retransformation of data and forecast accuracy was checked by 
evaluation of the RMSE.[22] The RMSE is comparable for training and 
test data [Table 6].

co n c lu s I o n s

The countries in the Asian region with better access to healthcare 
and lower overall population comorbid metrics have responded well 
to the pandemic with reasonable death rates than the others. In this 
study, South Korea, Thailand and Sri Lanka come into this category, 
although they have in general higher median aged population, 
compared to countries such as India, Bangladesh, and Nepal. Hence 
to achieve lower death rates, it is vital to provide better access 
to the healthcare system and ensure additional precautions for 
individuals with comorbid conditions. A micro picture on district-
wise, town-wise modeling will provide a perspective on handling 
pandemic deaths at a particular location. However, this study is 

Figure 3: Panel residual plots

Figure 4: Quantile-Quantile plot of residuals

Table 4: FGLS-PCSE model output summary for trained data
Variable Estimate Panel corrected 

standard error
t‑value P‑value

Intercept –44.8128 7.5082 –5.969 2.85 × 10-9

Pos-rate 0.0631 0.0176 3.582 0.0004
Med-age 5.7578 1.9161 3.005 0.0027
CVD-rate 4.9267 0.3483 14.145 <2 × 10-16

Diab-rate 0.3447 0.3067 1.124 0.2612
Hosp-beds 0.4598 0.2766 1.663 0.0966
FGLS-PCSE: Feasible generalized least squares-panel corrected standard 
errors, CVD: Cardiovascular deaths

Table 5: FGLS-PCSE model output summary for test data
Variable Estimate Panel corrected 

standard error
t‑value P‑value

Intercept –174.367 28.3482 –6.151 1.21×10-9

Pos-rate 0.4614 0.1679 2.748 0.0061
Med-age 42.6497 7.3234 5.824 8.32×10-9

CVD-rate 6.5057 0.8251 7.885 1.03×10-14

Diab-rate –0.6754 0.7329 –0.922 0.3570
Hosp-beds –4.4082 0.9499 –4.641 4.05×10-6

FGLS-PCSE: Feasible generalized least squares-panel corrected standard 
errors, CVD: Cardiovascular deaths

Table 6: Forecast accuracy measure-RMSE
Country RMSE train RMSE test
Bangladesh 1.724 2.217
India 51.929 4.124
Indonesia 1.473 0.714
Myanmar 4.659 2.894
Nepal 2.733 17.745
South Korea 1.663 3.777
Sri Lanka 0.090 0.709
Thailand 0.884 0.001
Overall mean 8.144 4.023
RMSE: Root mean square error
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significant as it provides a broad overview of how pandemic deaths 
are affected in the South-East Asian member states classified by the 
WHO. The WHO mobilizes resources, logistics and makes strategic 
plans for its various zone classifications, looking at how the member 
states in the zone have responded to the pandemic. The aid for 
decision making, providing a bird’s eye view is the focus in this study. 
There is future scope for research by considering a greater number 
of predictors that can affect the pandemic death trends, including 
response to the vaccinations.
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