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Abstract 
An important parameter for COVID-19 is the case fatality rate (CFR). 

It has been applied to wide applications, such as measuring the severity 
of the infection, estimating the number of infected cases, risk assessment 
etc. However, there remains a lack of understanding on CFR, including 
relevant important population factors, the apparent discrepancy of CFRs 
across different countries, and how the age effect rolls in. We analyze 
CFRs at two different time snapshots, July 6 and Dec 28, 2020, during 
the first and second wave of the COVID-19 pandemic with the later 
just before the wide adoption of COVID-19 vaccines. Two important 
population covariates, age and GDP—as a proxy for the quality and 
abundance of public health—are considered. Our exploratory data 
analysis leads to interesting findings. There is a clear exponential age 
effect among different age groups, and, strikingly, the exponential index 
is almost invariant (0.0715 Vs 0.0704) across countries and over time 
during the pandemic. Meanwhile, the roles played by the age and GDP 
are a little surprising: during the first wave, age is a more significant 
factor than GDP, while their roles have switched during the second wave 
of the pandemic, which we attribute to the delay in time for the quality 
of public health to factor in. 
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Introduction 
The COVID-19 pandemic has quickly reached a global scale, with the 

total confirmed cases at 96.24 million and death toll at 2.06 million as of 
Jan 18, 2021. An important parameter for COVID-19 is the case fatality 
rate (CFR), which is defined as the ratio of the death toll and the number of 
infected cases. The primary use of CFR is as a quantitative metric for the 
severity or lethality of the COVID-19 infection. It can be used as a reference 
in comparison to known infectious diseases such as the severe acute 
respiratory syndrome (SARS) or Ebola etc. An important application of 
CFR is to estimate the number of infected cases [1,2] through the death 
tolls, as it is commonly believed that the death toll is a relatively reliable 
quantity. It is also used as a proxy for risk assessment [3]. In order to 
apply the CFR properly, it is important to understand factors contributing 
to CFR. While it is clear that the mortality of COVID-19 is closely related 
to the health status or pre-existing conditions of an individual, these are 
not suitable to understand CFR at the population level, for example at 
the scale of a country. COVID-19 death is often mixed with various other 
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diseases related to the lung or cardiovascular diseases etc. 
for an individual, which makes it challenging to characterize 
CFR at the population level. We need to understand CFR in 
terms of population parameters or covariates if we wish to 
understand the difference in CFRs across different countries. 

The population parameter we are primarily interested in 
is the age. It has been acknowledged there is a strong age 
effect in the mortality among COVID-19 cases—while the 
CFR for the seniors is high, it would be very low for young 
people especially those below 30 years old. Such a sharp 
disparity is illustrated in figure 1 which shows the CFR by 
age groups for a number of countries; the countries are 
selected primarily due to the availability of the data and turn 
out to distribute fairly evenly over the world. 

It can be seen that, the CFR for people younger than 30 
is almost 0 while increasing very rapidly among those older 
than 60. Though differing in details, this pattern is fairly 
consistent for all countries shown in the figure. However, as 
a matter of fact, countries in the world differ significantly in 
terms of their age profile. For example, many countries in 
Africa have a median age of around 20, while a significant 
portion of European countries have a median age over 40. 
We expect that the CFR for a young population be smaller 
than a population where senior people dominate. If one 
can clarify the age effect in CFR, that will help understand 
potential discrepancy caused by different age structures 
across countries in comparing their CFRs, or to assess how 
well a particular country or region (termed broadly as 
country from now on for simplicity of description) is doing 
in controlling the CFR, or statistical inference on COVID-19 
in one country using CFR related information from another. 

Other relevant population parameters include the quality 
and abundance of medical service or public health, public 
policies, etc. The mortality of COVID-19 has been observed to 
be related to factors on the quality and abundance of health 
care and medical facilities, such as the number and capacity of 
hospitals and patient beds, testing coverage and accuracy, the 

quantity and quality of personal protection equipments, the 
experience of health workers and level of medical research 
on infectious disease etc. It is often challenging to quantify 
these or to access related data in many countries, and we 
will use the gross domestic production (GDP) per capita as a 
proxy for simplicity. Although there are limitations, the use 
of GDP per capita has often been used or mentioned in the 
literature [4-6] as a measure or an important factor for the 
well-being or healthcare quality of a population. A related 
work is [7], which considers the among-country variation of 
CFR in terms of age, GDP, and a number of other indicators 
for public health. However, this work only uses data up to 
Jun 11, 2020, and limits to European countries, with different 
findings. 

We will carry out exploratory data analysis to investigate 
the role by age and GDP in CFR at the country level. We 
will start by considering the age effect, and then extend 
the analysis by including GDP. The remainder of this paper 
is organized as follows. In Section 2, we will describe the 
methods. This is followed by a presentation of data collection 
in Section 3 and the results in Section 4. Section 5 concludes 
the paper. 

Methods 
The observed CFR for a given population can be very 

noisy. For example, the death toll may be affected by the 
use of potentially different definitions in counting mortality, 
the difficulty in determining the exact cause of death when 
COVID-19 is mixed with other chronic diseases, as well as 
missing counts or inflation in the reported case mortality etc 
[2]. Meanwhile, the number of infected cases may be under-
counted since it is limited to patients who have access to 
COVID-19 testing. Thus, the observed CFRs may be either 
over- or underestimated. We analyze observed CFRs by 
fitting regression models which would absorb all the noises 
into the error term. Note that this is a simplistic way to 
handle the noise or uncertainty with the reported infection 
or death counts. A more thorough approach would model the 

 Figure 1: CFR by age groups for selected countries (as of July 6, 2020).
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associated noise or uncertainty with relevant data, which are 
unfortunately not available for many countries in the world.  
Indeed, as our regression diagnosis reveals (c.f. Section 4.1), 
the error terms follow quite closely a normal distribution. 
Moreover, our goal is not to recover the underlying true 
CFR, but to unravel how age and GDP attribute to CFR across 
countries and over time. Our method is partially motivated 
by the observation made in figure 1, which shows that at 
crude level and in terms of the overall age trend, COVID-19 
acts roughly similarly across different populations. The 
major population covariates under consideration are age 
and GDP. 

The regression models can be expressed as 
( )  ,    i i iY f X θ ε= +

where Xi and Yi stand for the population covariates and 
the observed CFR for the ith population, for i = 1, ..., n, θ is the 
parameter shared by all countries under consideration, and 
εi is used to model the noise in the observed CFR. Assume 
that Yi’s are independent conditional on Xi. To be specific, 
we consider simple linear regression with f(X, θ) = θT X, 
which is powerful to discover strong main effects especially 
when the sample size is small. 

Instead of using the CFR directly, we use the log-scale 
since the CFR appears to increase exponentially with the 
age as evident from figure 1. More directly, by visualizing 
CFRs in the log-scale as in figure 2, we see an almost linear 
increase (except for the age groups below 30) of the log-
scaled CFR with the age. To better appreciate the magnitude 
of actual values of CFR for different age groups, we show as 
an example in table 1 the CFR by age groups in Canada. 

Alternatively, one may consider the Logit transform, 
that is, convert CFR to log(CFR/(1 − CFR)). As the CFR’s 
are typically quite small, it is similar to the log transform. 
Though different in details, the overall linear pattern is fairly 
consistent across different countries. 

Data 
The data we use in the analysis includes the following. 

The number of reported cases and the death toll are retrieved 
from the Worldometer [8], which we use to calculate the 
observed CFR for individual countries in the world. The 
median age is taken from Wikipedia [9]. The detailed age 
profile, i.e., percent by age groups, for countries is obtained 
from the United Nations web [10]. The GDP per capita data 
is also taken from the Worldometer [8]. Our initial analysis 
was carried out in the summer of 2020 using COVID-19 case 
data as of July 6, 2020. However, the pandemic had continued 
and deteriorated during the second half of the year. We were 
curious how that might impact our results. So we collected 
another snapshot of data, i.e., data sets as of Dec 28, 2020, 
also from the Worldometer. Note that Dec 28, 2020 is also 
the time just before the wide adoption of COVID-19 vaccines. 

Results 
In this section, we report results from the analysis on 

data collected on July 6, 2020 and Dec 28, 2020, respectively. 
We then make a comparison on these analyses, and report 
some interesting, maybe a little surprising, findings. 

Analysis on data as of July 6, 2020 
As of July 6, 2020, the observed CFR w.r.t. the median age 

for different countries is shown in figure 3. There appears to 
be an overall increasing trend of CFR with the median age in 
the population. We start by considering the following simple 
linear model 

( ) 0 1   ·   ,log CFR Xβ β ε= + + 			              (1) 

where X is the median age of a population, and we term 
this as model I. In carrying out linear regression model 
fitting, we exclude countries with less than 3000 reported 
cases as the CFR for such populations would be very noisy. 
This leaves us a total of 99 observations (i.e.,countries) 
for linear regression; their total number of reported cases 

 Figure 2: Log-scaled CFR by age groups for selected countries as of July 6, 2020. 
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is 11,471,724 with a total death toll of 534,347. The fitted 
model parameters are 

0 1 5.4288,   0.0516,β β= − =

with a reported R2 at 0.1726 (adjusted 0.1640), and a 
p-value of 1.9100 × 10−5 on F-test. All the coefficients are 
statistically significant with a p-value less than 1.9100 × 
10−5. The fitted regression line is added as the solid line in 
figure 3. As expected, the estimated CFR increases with the 
age of a population. Observed CFR in many countries indeed 
follow this trend.

With model (1), we can estimate CFR for individual 
countries. For example, the CFR for USA, India, China and 
Korea are estimated as 3.13%, 1.87%, 3.02% and 3.19%, 
close to estimates at 2.85% given by [11], 2.20% by [12], 
2.30% by [13], 2.36% by [14], respectively. The worldwide 
CFR is estimated to be 2.76%, close to the WHO published 
3.40% as of Mar 2020; in contrast, a direct calculation from 
the reported cases and death toll would give 4.66%. A country 
that stands out is Singapore which has an extremely low 

observed CFR, given its above average median population 
age. We attribute this to the small size of this country and 
the painstaking efforts dedicated by its government in 
combating the pandemic. 

In the linear regression analysis, we make two 
assumptions. These include the assumption of normality 
and of the constant variance. To validate these assumptions, 
we carry out some regression diagnostic analysis [12]. 
Figure 4 visualizes our results. The QQ-norm plot shows 
that, approximately, the regression residuals follow a 
normal distribution. We further perform a Kolmogorov-
Smirnov test [15] of the regression residuals against a 
standard normal, which supports normality at a p-value of 
0.3740. Next, we look at the constant variance assumption. 
The residual plot shows that the regression residuals have 
a roughly constant spreadout over the range of median 
ages. The Cook-Weisberg’s constant variance test [16] gives 
p-value 0.8909, which suggests the compatibility of the data 
to homoscedasticity. 

 
Figure 3: Scatter plot of CFR by median ages for individual countries as of Jul 6, 2020. The solid line is the regression line. 

Age 0-19 20-29 30-29 40-49 50-59 60-69 70-79 80+
CFR 0.01% 0.06% 0.10% 0.28% 1.24% 5.59% 20.10% 34.42%

Table 1: CFR by age groups in Canada as of July 6, 2020.

Model 2020/07/06 2020/12/28

Model I
Age 0.0516 (1.9100e-5)*** -1.6300e-3 (0.8020)
R2 0.1726 (0.1640) 4.1500e-4 (6.1600e-3)

F-stat 20.2300 (1.9100e-5)*** 6.3400e-2 (0.8019)

Model II
GDP 7.2900e-6 (0.1460) -0.3309 (6.0600e-3)**

R2 0.0217 (0.0116) 0.0491 (0.0428)
F-stat 2.1520 (0.1457) 8.7520 (6.0600e-3)**

Model II

Age 7.1400e-2 (2.8100e-6)*** 1.7800e-2 (0.0325)*
GDP -0.5537 (0.0284)* -0.5453 (5.2500e-4)***

R2 0.2132 (0.1968) 0.0780 (0.0656)
F-stat 13.0000 (1.0100e-5)*** 6.2990 (2.3700e-3)**

Table 2: Regression coefficients and p-values (in the parentheses) under different models for data during the first wave and second wave of pandemic.
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Next, we extend the above analysis by adding the GDP 
covariate, that is

( ) 0 1 2   ·   ·   , log CFR X GDPβ β β ε= + + +   	              (2) 

where X is the median age of a population. We term 
(2) as Model III. The GDP is coded as 1 if it is smaller than 
$10,000 per capita and 2 otherwise; the cutoff value of 
$10,000 is close to that (i.e., $12,000) used in determining if 
a country is a developing or developed country by the United 
Nation (indeed a cutoff value anywhere between $8,000 and 
$15,000 makes very little difference in our analysis). This is 
consistent with our understanding that, as long as the GDP 
per capita is above a certain threshold, it no longer has a 
major impact to the quality of healthcare. The fitted model 
parameters are 

0 1 2 5.2550,   0.0714,   0.5537, β β β= − = = −

with a reported R2 at 0.2132 (adjusted 0.1968), and a 
p-value of 1.0060 × 10−5 on F-test. Using the original GDP 
value would lead to a slightly inferior model fit (with R2 at 
0.1851). The coefficient for the age is statistically significant 
with a p-value less than 2.8100 × 10−6, but that for the GDP is 
not as significant with a p-value of 0.0284. It should be noted 
that the use of relative size of p-values in linear regression 
for factor significance is not necessarily a perfect measure; it 
is just a simple metric that is easy to operate on while having 
an apparent statistical interpretation.

Analysis on data as of Dec 28, 2020 
Similar to the analysis on data as of July 6, 2020 in 

Section 4.2, we carry out analysis on data as of Dec 28, 2020, 
for which the total number of reported cases is 81, 597, 946 
(more than 7 times of the July data) with a total death toll 
of 1,779,448 (slightly more than 3 times of the July data). 
An overall observation is that most countries have a reduced 
observed CFR than that by the July 6 data. This is consistent 
with a widely acknowledged view that the CFR gradually 
drops with the on-going of the pandemic after certain stage. 

For example, the observed CFR for the US is 5.56%, 5.43%, 
4.14%, 3.09%, 2.87%, 2.70%, 2.35%, 1.87% as of May 6, 
June 6, through Dec 6, 2020, respectively. This could be 
due to various reasons: the population handles COVID-19 
better and better after learning from early lessons, further 
mutations of the COVID-19 virus may have caused it to be 
less lethal over time, or simply because of the lack of enough 
testings in earlier stages (which in the analysis is assumed 
to be uniformly distributed across the age groups, but not 
over time). 

We start by considering the effect of age on the CFR, 
using model (1). The result was a little surprising, and the 
median age of the population barely plays a role in the linear 
regression which finishes with an R2 almost 0, i.e., 4.1520e-
4, and the p-value associated with the F-test at 0.8020. To 
get sense on why this is the case, we plot the observed CFR 
for individual countries in figure 5. 

To facilitate easy comparison, we also include the 
observed CFR for data as of July 6, 2020. Figure 5 is quite 
revealing, and we see that most of the countries with a high 
CFR as of July 6, 2020 have seen a sharp decrease in their 
CFRs by Dec 28, 2020, while the decrease is marginal (or even 
increase a little) for those countries with a previously low 
CFR. The decreasing trend is most significant for countries 
with a relatively high median age.

We then consider model (2), and model fitting on Dec 
28 data leads to a reported R2 at 0.0780 (adjusted 0.0656), 
and a p-value of 2.3660 × 10−3 on F-test. The fitted model 
parameters are 

0 1 2 3.9261,   0.0178,   0.5453.β β β= − = = −

The GDP is statistically significant with a p-value 
5.2500×10−4, but the age is not as significant with a p-value 
of 0.0325. Similarly, we have produced the diagnostics as 
before which suggest that the regression residuals have a 
roughly constant variance over the range of fitted values 
except with a moderate departure from normality. Linear 

 Figure 4: Regression diagnostics plots under Model I. The left and right panel are the QQ-norm plot of regression residuals and the residual plot, respectively. 
The dashed line in the QQ-plot is the qqline. 
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Figure 5: Changes in CFR from July 6, 2020 to Dec 28, 2020. The countries are sorted by median ages in an increasing order from left to right in the figure. 
The numbers on the x-axis are the median age. 
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regression using the original GDP leads to slighter lower R2. 
The effect of GDP on CFR can be visualized from figure 6, and 
higher GDP leads to a lower CFR. This is consistent with our 
understanding, as higher GDP typically implies better public 
health and medical facilities. 

Findings in comparing the two analysis 
We have carried out analysis of the CFR with the same 

models for COVID-19 data taken at two different time 
snapshots. Much has happened during the time, with a fast 
increasing and then slowing down pattern of the pandemic 
in different countries during the summer, followed by the 
general upward trend into the winter. It will be interesting 
to compare the results we have obtained. To facilitate our 
comparison, we summarize our results in table 2.                                          

One particularly interesting observation is the reversing 
roles played by the two population covariates—age and GDP. 
Age is a significant covariate in the July 6 data, but no longer 
as important in the Dec 28 data; GDP is not an important 
covariate in the July 6 data but becomes significant in the Dec 
28 data. What causes this? Our interpretation is that, by July 
6, 2020, most of the countries are still trying to understand 
the mechanism of COVID-19 and exploring and learning how 
to effectively deal with COVID-19, so the quality of public 
health and abundance of medical facilities have not yet been 
reflected in the CFR; rather the more fundamental factor—
the age—played a major role at this stage. As time goes by, 
both the public and health workers are gaining experiences 
in the handling and treating of COVID-19, so the quality of 
medical care has picked up and becomes a major factor in 
the CFR of a country; by this time, the age effect starts to 

shrink. Note that such a statement applies when we attempt 
to compare CFRs of many countries simultaneously. Our 
finding is consistent with analysis in [17] which claims no 
evidence of age-specific CFR changes up to mid Aug 2020. As 
from the beginning of the COVID-19 pandemic till mid Aug 
2020, the age, at the country scale, stays the same thus our 
analysis would not imply major changes to CFRs (different 
story once the effect of public health sets in). On the other 
hand, there are a number of countries with marginal changes 
in CFRs till Dec 2020 as shown in figure 5 and such countries 
are typically those with less developed public health and thus 
the age plays a major role; if the age does not change much—
which is true—then the CFRs will not change much either by 
our analysis, which is consistent with findings in [17,18]. 

Can we claim that the age effect is mostly disappearing 
after nearly a year since the start of the pandemic? This 
motivates our analysis in Section 4.4. 

Invariance of the age effect in CFR 
To answer the question posed in Section 4.3, we will 

look at CFR by age groups and by countries. This will help 
get rid of the country effect in CFR due to the difference 
in their population age structures, and also to standardize 
many other factors caused by differences among countries. 
For simplicity and constrained by the availability of the data 
(unfortunately, for most of the countries in the world, such 
statistics breakdown by age groups are not available), we 
will use the same 11 countries that we use to produce figure 
1 and figure 2 based on the July 6 data. We will additionally 
analyze the CFR by age groups for these 11 countries using 
data around Dec 28, 2020. 

 Figure 6: Scatter plot of CFR by GDP per capita for individual countries as of Dec 28, 2020. The solid line is the regression line.
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We first carry out a simple linear regression on CFR (in 
log scale) versus age groups for the 11 countries involved 
similar as Model (1), except that we now treat each age 
group in a country as an instance of data. As the ages are 
given as a range, we take the middle of the age groups, i.e., 
10, 25, 35, ..., 75, and 85, in linear regression. This leads to a 
fairly good fit to the linear model on the July 6 data, with the 
estimated coefficients as the following 

  0 1 3.006,   0.0715,β β= − =

and a reported R2 at 0.9102 (adjusted 0.8952) and 
p-value less than 2.3400e-4 for the F-test. So the age effect is 
significant, and in particular, there is an exponential increase 
in CFR with the moving up through the age groups. 

A similar regression analysis is carried out using data 
as of Dec 28, 2020, from the same 11 countries. The model 
fits the data well, with a reported R2 at 0.9730 (adjusted 
0.9685), and a p-value of 6.2000e-6 on the F-test. The fitted 
intercept and slope are as follows 

0 1 2.9076,   0.0704,β β= − =

which are surprisingly close to that on the July 6 data. 

Though the comparison between figure 2 and figure 
7 suggests that the exponential age effect appeared more 
homogeneous across countries for the Jul 6 data and less 
so for the Dec 28 data, we see the same exponential age 
effect with almost the same exponential factor between age 
groups despite that the data are separated about a half year 
apart. This suggests that the exponential age effect is mostly 
invariant regardless of countries and time. Given that the 
11 countries have a wide spectrum of median ages, ranging 
from 27.1 to 47.3, and GDP per capita, ranging from $6,120 
to $54,075 per year. We expect such an invariance to widely 
hold across countries. 

Conclusion
We have analyzed the CFR for countries in the world 

by including population covariates such as age, and GDP 

as proxy for the quality and abundance of healthcare. This 
allows us to understand the roles played by age and GDP in 
the apparently discrepant CFRs across countries despite the 
limitation of data accuracy. By analysis of data collected at 
two separate time snapshots, July 6 and Dec 28, 2020, we 
have arrived at some interesting findings. During the initial 
stage of pandemic, age is a significant factor in explaining 
discrepancy in CFR across countries while GDP plays a lesser 
role, and then as the pandemic continues with the public and 
health workers gradually gaining experience in handling and 
treating COVID- 19, GDP becomes a more significant factor 
than age. However, the exponential age effect is largely 
invariant across countries which are clearly exhibited on 
both data with nearly identical estimated exponent. 
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