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ABSTRACT

Objectives: Although it is widely used as a measure for mortality, the case fatality rate (CFR) of
coronavirus disease 2019 (COVID-19) can vary over time and fluctuate for many reasons other
than viral characteristics. To compare the CFRs of different countries in equal measure, we
estimated comparable CFRs after adjusting for multiple covariates and examined the main
factors that contributed to variability in the CFRs among 21 countries.

Methods: For statistical analysis, time-series cross-sectional data were collected from Our
World in Data, CoVariants.org, and GISAID. Biweekly CFRs of COVID-19 were estimated by
pooled generalized linear squares regression models for the panel data. Covariates included
the predominant virus variant, reproduction rate, vaccination, national economic status,
hospital beds, diabetes prevalence, and population share of individuals older than age 65. In
total, 21 countries were eligible for analysis.

Results: Adjustment for covariates reduced variation in the CFRs of COVID-19 across countries
and over time. Regression results showed that the dominant spread of the Omicron variant,
reproduction rate, and vaccination were associated with lower country-level CFRs, whereas
age, the extreme poverty rate, and diabetes prevalence were associated with higher country-
level CFRs.

Conclusion: A direct comparison of crude CFRs among countries may be fallacious, especially
in a cross-sectional analysis. Our study presents an adjusted comparison of CFRs over time
for a more proper comparison. In addition, our findings suggest that comparing CFRs among
different countries without considering their context, such as the epidemic phase, medical
capacity, surveillance strategy, and socio-demographic traits, should be avoided.
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Introduction

Since the pandemic of coronavirus disease 2019 (COVID-19)
started in December 2019, mortality due to severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), the viral
agent that causes COVID-19, has been a matter of concern.
In the early days of the pandemic, questions were raised
regarding the severity of COVID-19 infection and whether
COVID-19 is more severe than other existing respiratory
ailments, such as seasonal influenza, SARS or Middle East
respiratory syndrome (MERS), in terms of mortality [1].

The case fatality rate (CFR) is one of the main measures
used to calculate the mortality risk of COVID-19. The estimated
CFR of COVID-19 is reported lower than those of Ebola, SARS,
and MERS, but still reportedhigher than that of the seasonal
flu[2-4].

However, it has been pointed out that the CFR does not fully
reflect the risk of dying from COVID-19 [5]. This is because
the CFR changes not only due to biological characteristics of
the virus, but also due to particular aspects of the context,
such as environmental, social, and individual risk factors, as
well as potential biases related to the surveillance strategy.

The confounding issues of the CFR become even more
critical when comparing CFRs among different countries.
In many cases, CFRs are not compared in equal measure
considering multiple covariates; these misleading results
could lead to a faulty risk assessment and scientifically
unsupported decisions by public health agencies in urgent
public health emergencies. Therefore, when comparing CFRs
among different countries, it is important to take multiple
covariates into account to examine whether differences
in CFRs among countries simply reflect a probabilistic
phenomenon caused by chance or are a consequence
of different levels of underlying conditions or response
capabilities across countries.

Some prior studies have compared CFRs with adjustments
for well-known covariates. The most common method
of estimating the CFR has been through meta-analyses
pooling various individual studies to estimate the CFR [6-9].
Although this approach succeeded in identifying some
possible confounding factors, it could not take into account
multiple covariates at the same time.

To complement the limitations of meta-analyses, several
studies have estimated the CFR using a regression model to
consider multiple risk factors and confounders. However,
these studies were conducted using cross-sectional data
[10] or for intra-country comparisons rather than inter-
country comparisons [11]. Other research using time-series
cross-sectional data appears to have underestimated the
impact of autocorrelation and heteroscedasticity [12,13]
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or could not control for the effect of SARS-CoV-2 variants,
especially during the emergence of the Delta and Omicron
variants [14].

Based on prior studies, this study conducted a panel data
analysis using time-series cross-sectional data to address 2
main objectives: (1) to estimate comparable CFRs adjusted for
country-level multiple covariates, and (2) to examine potential
factors that cause variation in the CFR among countries after
adjustment for multiple covariates.

Materials and Methods

Data Collection

COVID-19-related data were collected from the Our World
in Data, an open-source resource on COVID-19 data [15]. This
database provides overall information on COVID-19 in each
country, including the number of daily cases and deaths, the
percentage of vaccinated people, the number of tests, and
several characteristics of each country, including the gross
domestic product (GDP) per capita, median age, extreme
poverty, and number of hospital beds. Among all available
countries in the database, we selected 38 countries in the
Organisation for Economic Co-operation and Development
(OECD) because they had more available data than non-
OECD countries. In addition, by focusing on OECD countries,
we aimed to compare countries with similar socio-economic
conditions.

To examine the effect of SARS-CoV-2 variants on the
CFR, the proportion of the Delta and Omicron variants for
each country was collected. We collected this data from
CoVariants.org, whose original data were derived from
GISAID [16,17]. This provided proportions of each variant at
2-week intervals at the country level. Among all time periods
since the emergence of COVID-19, we only selected data for
the 28 weeks between September 20, 2021 and April 4, 2022
in order to measure the effect of COVID-19 variants on the
CFR. The selected time period was a transition period from
the predominance of the Delta variant to the predominance
of the Omicron variant (BA.1 and BA.2), enabling an analysis
of the effects of COVID-19 variants on the CFR.

For statistical analysis, data from Our World in Data and
data from CoVariants.org were merged. After the exclusion
of some countries due to missing values, 21 of the 38 OECD
countries were selected for the final analysis: Australia,
Belgium, Canada, Chile, Colombia, Denmark, Estonia, Greece,
Ireland, Israel, Italy, Latvia, Lithuania, Mexico, Norway,
Portugal, South Korea, Spain, Turkey, United Kingdom, and
the United States. While most countries included in the final
analysis had 196 days of observations (from September 20,
2021 to April 4, 2022), some countries had fewer than 196
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days of observations due to missing data.

This study did not need approval from the Institutional
Review Board or an informed consent procedure because we
used country-level open-source data without any individual
information.

Statistical Analysis

As the dataset was in a time-series cross-sectional format,
we applied panel data regression to estimate the CFRs.
The natural logarithm of the biweekly CFR was used as
the response (dependent) variable. The biweekly CFR was
calculated by dividing the sum of new deaths in the preceding
2 weeks by the sum of new cases in the preceding 2 weeks.
There were 2 reasons to use the biweekly CFR as a response
variable instead of the daily CFR. First, smoothing the daily
CFR across 14 days can provide more information about
overall trends in the CFR by reducing daily variance due to
differences in the number of tests between weekdays and
weekends. Second, the biweekly CFR can reflect the time
lag between infection and death by COVID-19, unlike the
daily CFR. In the final regression model, we used the natural
logarithm of the biweekly CFR to address the problem of
distribution.

Country-level variables known to be associated with the
CFR were included in the final regression model, including
the predominance of the Omicron variant, population
share of vaccinated people, population share of individuals
older than age 65, diabetes prevalence, and cardiovascular
deaths. These variables were measured at the country
level and retained in our final regression model [18-27].
Additional variables included 7-day smoothed numbers
of newly confirmed cases and deaths per million, the
reproduction rate, the stringency index, natural logarithm
of GDP per capita, the extreme poverty rate, hospital beds
per thousand, and life expectancy [28-31].

The predominance of the Omicron variant was included
after creating a dummy variable for the share of the Omicron
variant as O or 1, based on the proportion of the variants.
If the Delta variant proportion was greater than 50%, the
dummy variable was 0. If the Omicron variant proportion
was higher than 50%, the dummy variable was 1.

Fixed- or random-effects models are commonly used
for panel data regression because of the permanent error
term induced by unobserved characteristics of the panel
group. Fixed- and random-effects models can be effective
estimators only when there is no autocorrelation in the
error term. However, the Wooldridge test [32] detected first-
order autocorrelation in the error term. In addition, when
first-order autocorrelation was considered in the regression
model, there was no need to consider the permanent error
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term induced by unobserved characteristics of the country.
Additionally, the modified Wald test detected group-wise
heteroscedasticity in the regression model. Therefore, we used
a pooled feasible generalized least squares (GLS) model that
assumed heteroscedasticity and first-order autocorrelation
of the error term instead of fixed- and random-effects models.

We formulated 4 regression models. Model 1 was a baseline
model including all research variables except 7-day smoothed
cases and deaths per million. Models 2 and 3 were mediation
models to measure the mediation effects of cases and deaths
on the CFR. In model 2, we added 7-day smoothed new cases
per million as a mediation variable to model 1, and in model
3, we added 7-day smoothed new deaths per million to model
1. Lastly, model 4 was a full model with the simultaneous
addition of both 7-day smoothed new cases per million and
7-day smoothed new deaths per million added to model 1 at
the same time. All panel analysis was conducted using Stata
ver. 16.1 SE (StataCorp LLC, College Station, TX, USA).

Results

Descriptive Statistics

Table 1 shows descriptive statistics for all variables
included in the final regression models. The variables can
be categorized as time-varying and fixed variables. The
time-varying variables included the biweekly CFR, 7-day
smoothed new cases and deaths, share of the Omicron
variant, reproduction rate, percentage of fully vaccinated
people, and stringency index over time.

The mean of the biweekly CFR was 0.79, and the median
was 0.42. The biweekly CFR of all countries showed a right-
skewed distribution with large variance, ranging from 0.01
to 841. The average number of new cases and the number
of new deaths per million were smoothed over 7 days. New
deaths refer to the number of deaths attributed to COVID-19.
The variables for cases and deaths showed a right-skewed
distribution with large maximum values compared to their
means.

The mean proportion of the Omicron variant was 52%,
since the study period reflected the transition period from
the Delta variant to the Omicron variant. Full vaccination
was defined as having received all recommended doses
were received (usually 3 times). The mean proportion of
fully vaccinated people over the study period was 70.9%.
The proportion of fully vaccinated people steadily increased
and exceeded 60% in all countries in the middle of February
2022.

The stringency index referred to the COVID-19 response
stringency of each country based on 9 indicators including
school closures, workplace closures, and travel bans. The
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Table 1. Description of variables used in the analysis (n=3,328)

Variable Mean Median Minimum Maximum

Time-varying variables
Biweekly CFR (%) 0.79 0.42 0.01 8.41
7-Day smoothed new cases (per million) 1,058.8 618.0 11.8 10,968.2
7-Day smoothed new deaths (per million) 3.04 2.09 0.03 21.20
Share of the Omicron variant (%) 52 50 0 100
Reproduction rate 1.09 1.06 0.46 2.33
People fully vaccinated (%) 70.9 72.0 34.8 92.6
Stringency index 47.6 47.2 11.1 80.1

Fixed Variables
People aged older than 65 (%) 16.1 17.0 6.9 23.0
Natural logarithm of GDP per capita 10.46 10.47 9.49 11.12
Extreme poverty rate (%) 0.85 0.50 0.20 4.50
Hospital beds (per thousands) 3.86 2.99 1.38 12.27
Diabetes prevalence (%) 6.54 5.31 3.28 13.06
Cardiovascular deaths (per 100,000) 148.3 1221 86.0 350.0
Life expectancy (y) 80.6 81.6 75.0 83.5

Data from 21 countries for 28 weeks between September 20, 2021 and April 4, 2022.

CFR, case fatality rate; GDP, gross domestic product.

scores were transformed and rescaled from 0 to 100; a
closer score to 100 indicated a more stringent response [33].

Unlike time-varying variables, fixed variables had constant
values throughout the entire research period. GDP per capita
before transformation to its natural logarithm ranged from
13,254 to 67,335 in constant 2011 international dollars. The
extreme poverty rate was defined as share of the population
living in extreme poverty (less than 10% of the national
average income per person) in the most recent year available
since 2010. Diabetes prevalence was the percentage of
people diagnosed with diabetes among all aged 20 to 79,
and cardiovascular deaths referred to the annual number of
deaths by cardiovascular disease per 100,000 people in 2017,
which was the most recent data available. Life expectancy
was the expected lifespan at birth in 2019.

Adjusted CFRs for Each Country
Table 2 shows the mean of the crude biweekly CFRs and
adjusted CFRs for individual countries. The adjusted CFRs
were computed from regression model 4 (Table 3), which
included all possible covariates in this study. The overall CFR,
along with each country's CFR, is reported as a percentage
and listed in descending order of the adjusted CFRs.
Compared to crude CFRs, the variance of the adjusted
CFRs was much smaller. The range between minimum and
maximum values decreased from 840 to 4.58 after adjustment.
The variance of the CFRs of individual countries also
decreased after adjustment. The overall decreases in the
variance and daily fluctuations after adjustment can be
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seenin Figures1and 2.

The variance in CFRs among countries was reduced, as
shown by comparing a graph of the adjusted CFRs to the
crude CFRs. Fluctuations in the adjusted CFRs throughout the
entire time period in individual countries are much smaller
compared to crude CFRs. As a result, compared to the graph
of crude CFRs in Figure 1, the lines of the adjusted CFRs in
Figure 2 are more smoothed.

The adjusted CFRs of most countries were below 1%, except
for the top 3 ranked countries: Colombia, Mexico, and the
United States (Table 2; Figure 2). These 3 countries showed
higher CFRs than the other countries during the entire study
period. Thus, the overall high CFRs of 3 countries may have
been mainly due to the baseline effects of fixed variables (i.e.,
the country’s characteristics).

Latvia was ranked fourth place in the average adjusted CFR,
but demonstrated a different pattern over time compared
to Colombia, Mexico, and the United States (Table 2; Figure
2). Whereas the adjusted CFRs of Colombia, Mexico, and
the United States were already high in October 2021, and
maintained their high levels through April 2022, Latvia
(represented as a gray dashed line in Figure 2) started
with an estimated CFR of about 1%. Latvia's adjusted CFR
soared to about 2.5% until mid-November 2021, and then
decreased to below 1% around January 2022. Therefore,
compared to Colombia, Mexico, and the United States, this
fluctuation in the adjusted CFR over time in Latvia could
have mainly been driven by time-varying variables, not by
Latvia's specific characteristics.
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Table 2. Crude and adjusted CFRs of COVID-19 by country

Comparison of COVID-19 case fatality rates

Crude CFRs (%)

Adjusted CFRs (%)”

Country
Mean Median Minimum Maximum Mean Median Minimum Maximum

Colombia 1.83 1.97 0.24 4.45 3.02 3.15 2.03 3.87
Mexico 4.35 3.27 0.47 8.41 2.96 2.87 2.19 4.59
United States 1.55 1.45 0.23 3.55 2.00 2.10 1.10 2.52
Latvia 1.56 1.36 0.27 3.40 1.23 1.01 0.38 2.63
Lithuania 0.91 1.15 0.16 1.57 0.75 0.85 0.26 1.16
Turkey 0.58 0.70 0.21 0.96 0.71 0.72 0.53 0.84
Italy 0.57 0.51 0.13 1.58 0.68 0.74 0.37 0.89
Greece 0.90 0.90 0.22 1.91 0.62 0.66 0.26 0.91
Chile 0.94 0.67 0.10 3.46 0.44 0.47 0.27 0.59
Canada 0.77 0.83 0.12 1.45 0.42 0.44 0.31 0.50
Estonia 0.49 0.41 0.06 1.26 0.42 0.46 0.11 0.72
Spain 0.68 0.36 0.06 2.20 0.42 0.44 0.20 0.58
South Korea 0.65 0.79 0.05 1.45 0.37 0.42 0.05 0.63
Portugal 0.25 0.22 0.06 1.14 0.36 0.40 0.13 0.58
Norway 0.21 0.17 0.02 1.30 0.30 0.33 0.12 0.48
Israel 0.37 0.32 0.01 0.91 0.26 0.30 0.01 0.40
Australia 0.34 0.22 0.03 0.94 0.26 0.25 0.08 0.46
Denmark 0.18 0.15 0.04 0.59 0.26 0.32 0.04 0.44
Belgium 0.28 0.27 0.05 0.63 0.26 0.27 0.09 0.36
United Kingdom 0.26 0.28 0.07 0.45 0.24 0.24 0.14 0.30
Ireland 0.21 0.21 0.02 0.47 0.18 0.19 0.06 0.24

Countries are arranged in descending order of mean of adjusted CFR.
CFR, case fatality rate; COVID-19, coronavirus disease 2019.

dAdjusted for 7-day smoothed new cases (per million), 7-day smoothed new deaths (per million), the predominance of the Omicron variant, reproduction
rate, people fully vaccinated (%), stringency index, people aged older than 65 (%), natural logarithm of gross domestic product per capita, extreme poverty
rate (%), hospital beds (per thousand), diabetes prevalence (%), cardiovascular deaths (per 100,000), and life expectancy (years).

Effects of Factors on Differences in the Estimated CFRs
Table 3 shows the results of the pooled GLS analysis of our
panel data. Marginal changes in the biweekly CFR (converted
from a natural logarithm by exponential transformation) in
percentages by single-unit increases in independent variables
are reported in the right column of coefficients in model 4
(Table 3). As time-varying variables, the predominance of the
Omicron variant (>50% of the total variant share), reproduction
rate, and proportion of fully vaccinated people significantly
lowered the biweekly CFR (p<0.001).

In model 2, the coefficients of the predominance of the
Omicron variant and reproduction rate were reduced
compared to model 1 once the variable for 7-day smoothed
new cases per million was added. The mediation effect of
7-day smoothed new deaths per million was much smaller
in model 3 than for the corresponding variable in model
2. Given the meaning of the reproduction rate and the
high transmission of the Omicron variant, these results
suggest that the predominance of the Omicron variant and
a high reproduction rate reduced the CFR by increasing
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the number of new cases. Meanwhile, the proportion of
fully vaccinated people significantly reduced the CFR in all
models, with statistical significance (p<0.05), as has been
observed in previous studies [34-37].

Among the fixed variables, only 4 variables demonstrated
a significant effect at the p<0.05 level on the CFR: the
proportion of individuals older than age 65, the share of the
population living in extreme poverty, the number of hospital
beds per thousand, and diabetes prevalence. These 4 factors
were associated with an increased CFR, but the effect of the
population share living in extreme poverty was particularly
strong (a 173.15% increase in the CFR per unit increase of the
proportion living in extreme poverty). Diabetes prevalence
and age also contributed to the CFR. Single-unit increases
in diabetes prevalence and the population share of people
older than age 65 raised the CFR by 115.49% and 103.94%,
respectively. In contrast, the effects of the stringency
index, cardiovascular deaths, and life expectancy were not
significantly associated with the CFR.
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Table 3. Pooled generalized least squares estimates from 4 different models
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Model 1 Model 2 Model 3 Model 4
Variable . a)
Coef. Coef. Coef. Coef. Marginal effect (%)
Time-varying variables
7-Day smoothed new cases (per million) -0.0003*** —0.0003*** 99.97
7-Day smoothed new deaths (per million) 0.0500%** 0.0639*** 106.60
Predominance of the Omicron variant —-0.0737%** -0.0596*** —-0.0703*** —0.0532%** 94.82
Reproduction rate —0.306*** —0.256%*** —0.262%** —0.186%** 83.03
People fully vaccinated (%) —-0.0182** -0.0096* -0.0203*** —-0.0144** 98.57
Stringency index 0.0001 0.0004 —-0.0002 0.0000 100.00
Fixed variables
People aged older than 65 (%) 0.0307 0.0418* 0.0338 0.0386* 103.94
Natural logarithm of GDP per capita 0.282 0.552 0.412 0.506 165.86
Extreme poverty rate (%) 0.485%** OR565222 0.497*** 0.549*+** 173.15
Hospital beds (per thousands) 0.0139 0.0593* 0.0100 0.0567* 105.83
Diabetes prevalence (%) 0.1071** 0.159%** 0.110** 0.144%** 115.49
Cardiovascular deaths (per 100,000) 0.0024 0.0022 0.0006 0.0005 100.05
Life expectancy (y) -0.0503 —-0.0689 -0.0704 —-0.0656 93.65

The dependent variable is the natural logarithm of the biweekly case fatality rate. Coefficients (coef.) are rounded up to the fourth digit after the decimal

point.
GDP, gross domestic product.

dChanges in the biweekly case fatality rate in percentage by single-unit increases in independent variables.

*p<0.05,**p<0.01, ***p<0.001.

Crude CFR (biweekly, %)

Crude CFRs of COVID-19

— Australia/Portugal
Belgium/South Korea

— Canada/Spain

— Chile/Turkey

— Colombia/United Kingdom

—— Denmark/United States
Estonia

— Greece

— — lIreland

— — Israel

—= ltaly

— — Latvia
Lithuania

— — Mexico
Norway

Figure 1. Time-series graph of crude case fatality rates (CFRs) of coronavirus disease 2019 (COVID-19) by country.

Discussion

Previous studies have pointed out several factors associated
with the CFR. First, the CFR could be distorted by selection
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biases. There is a high likelihood that mild and asymptomatic
cases would not be counted as confirmed cases, resulting in

an overestimation of the CFR by decreasing the denominator
(number of cases), especially in some countries with low
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Adjusted CFRs of COVID-19

Adjusted CFR (biweekly, %)

—— Australia/Portugal
Belgium/South Korea
Canada/Spain
Chile/Turkey
Colombia/United Kingdom
Denmark/United States
Estonia

Greece

Ireland

Israel

Italy

Latvia

Lithuania

Mexico

Norway

Date

Figure 2. Time-series graph of adjusted case fatality rates (CFRs) of coronavirus disease 2019 (COVID-19) by country.
Adjusted for 7-day smoothed new cases (per million), 7-day smoothed new deaths (per million), the predominance of
the Omicron variant, reproduction rate, people fully vaccinated (%), stringency index, people aged older than 65 (%),
natural logarithm of GDP per capita, extreme poverty rate (%), hospital beds (per thousand), diabetes prevalence (%),
cardiovascular deaths (per 100,000), and life expectancy (years).

laboratory test access. The time lag between infection and
confirmation, or between infection and death by COVID-19,
could also influence the CFR. If infected cases are not counted
as confirmed cases, this would overestimate the CFR [38].
In addition, the surveillance scheme of the country-wide
reporting system, overall testing strategies, and an active
screening program can cause biases in the CFR [39,40].

Individual risk factors, such as comorbidities, or
demographic factors, such as age, sex, and race within the
study population, are known to affect the CFR [20,41-45].
Furthermore, national-level factors, such as preventive
policies (including mask-wearing or quarantine measures),
poverty, income, capacity for disease, and healthcare, could
affect the CFR by altering the number of cases or number of
deaths [9,11,29-31,46-48].

In this analysis, we found that (1) CFRs adjusted by
multiple covariates were less likely to vary over time and
place, and (2) country-level CFRs were affected most by the
following variables: the predominant variant at the time, the
reproduction rate, vaccination, age, extreme poverty, and
diabetes prevalence.

The significant effects of the Omicron variant, reproduction
rate, vaccination, and older age on the CFR reconfirmed
previously reported results about COVID-19 [34-37,42,49-56].
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It is thought that the prevalence of the Omicron variant and
reproduction rate reduce the CFR by increasing the number
of new cases. It is straightforward that a high reproduction
rate lowers the CFR because more infections result in a
larger denominator for the CFR. The Omicron variant (BA.1
and BA.2) is known to have higher transmissibility and has
actually driven the global pandemic [52,53]. The inverse
relationship of the reproduction rate and the Omicron variant
with the CFR, since those factors increase the number of
new cases, was identified by the mediation effect in model
1and model 2 (Table 3). We found that the coefficient of the
reproduction rate and the Omicron variant became much
smaller after adding the variable for 7-day smoothed new
cases per million in model 2.

Older age has been repeatedly suggested as a factor
that increases mortality from COVID-19 in most previous
studies [8,23,42,56]. In that sense, our findings reconfirmed
that a high proportion of elderly individuals is associated
with an increased country-level CFR. We also found that
vaccination robustly reduced the CFR. We hypothesize that
vaccination affects the CFR by preventing severe cases and
death, rather than by reducing new infections, because
if the effect of vaccination on preventing new cases was
much larger than its effects on preventing new deaths, the

https://doi.org/10.24171/j.phrp.2022.0212
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coefficient of vaccination would have been positive.

Following our analysis of country-level characteristics
that may affect the CFR, we found that the extreme poverty
rate and diabetes prevalence remarkably increased CFR. The
overall high CFR in the top 3 countries (Colombia, Mexico,
United States) was primarily driven by high extreme poverty
rates. The extreme poverty rates in the top 3 countries were
in the 75th percentile or higher among all countries (4.5 in
Colombia, 2.5 in Mexico, and 1.2 in United States, whereas the
median extreme poverty rate among all analyzed countries
was only 0.5).

Although it is possible to overestimate the effect of
extreme poverty due to its skewed distribution, the positive
direction of the effect was robust in all regression models.
Two hypotheses for why the extreme poverty rate has a
positive effect on CFR can be suggested. First, it could be due
to the differential inclusion of cases in the denominators.
If individuals could not visit the hospital due to financial
barriers, it would induce overestimation of the CFR because
infections among the poor would not be counted as confirmed
cases. Second, living in extreme poverty could raise the risk of
death by COVID-19. For example, individuals living in extreme
poverty might not be able to afford medical fees or might not
be able to take sick leave from employment depending on
their occupation. Comorbidities such as diabetes, possibly
due to malnutrition or insufficient medical services, may
also have played a role in this association.

The baseline effect of diabetes prevalence on the CFR in
Colombia, Mexico, and United States was significantly high.
As with the extreme poverty rate, the diabetes prevalence in
the top 3 countries was in the 75th percentile or above among
all countries (744 in Colombia, 13.6 in Mexico, and 10.79 in
the United States, whereas the median diabetes prevalence
in all countries was 5.91). This finding is consistent with
previous studies about the burden imposed by comorbidities
in COVID-19 patients because diabetes has been repeatedly
identified as a significant comorbidity that increases severity
and mortality of COVID-19 [20,26,28,31,57].

Meanwhile, it is notable that hospital beds per thousand
showed a positive effect on the CFR. However, it would not be
proper to interpret this result as meaning that more hospital
beds for patients are “bad.” One possible explanation for this
result could be selection bias, as more beds could enhance
the detection of deaths at hospital beds. In the same way, it
is not necessarily “good” that some variables reduced the
CFR, because the CFR does not provide direct information
about the biological characteristics of the virus.

For example, as we have shown, the Omicron variant
reduced the CFR because the growth rate of new cases
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caused by the Omicron variant was much higher than the
growth rate of new deaths by the Omicron variant. However,
it still needs to be carefully examined whether the lower
CFR of the Omicron variant is a result of inflated new cases,
or a signal that SARS-CoV-2 has changed into a less severe
form of the virus that manifests fewer deaths for the same
number of infections.

Furthermore, as we noticed, it is very important to consider
the theoretical path when interpreting the significance of the
effects of included variables. Logically, given the definition
of the CFR, there are only 2 possible paths to affect the CFR:
through the number of cases or the number of deaths. A
precise understanding of the effect of risk factors is only
possible if we determine whether they affect the CFR through
the number of cases or the number of deaths. For example,
we have shown a mediation effect of cases in the relationship
between the predominance of the Omicron variant and the
CFR. However, this interpretation of the mediation effect
is only possible if there are enough preceding studies and
knowledge about the biological mechanisms underlying
the path of the effect. Thus, one should take care not to
interpret the mediation effect of fixed variables in Table 3
too impetuously.

As we mentioned in the results, Latvia showed major
fluctuations compared to countries such as Ireland, South
Korea, Belgium, and Norway, where low CFRs were maintained
steadily. The fluctuation in Latvia's CFR was largely driven by
the number of deaths in the preceding 2 weeks. Thus, more
research is needed to clarify whether epidemic events, such
as seasonal spread, mass gatherings, or spread in vulnerable
facilities, affected the large increase in deaths by COVID-19 at
a specific time point in Latvia.

In conclusion, our findings suggested that the comparison
of CFRs between multiple countries should consider the
viral, immunological, medical, and social context of each
country, as we observed significant effects of the predominant
variant, reproduction rate, vaccination, age, poverty, and
diabetes on the CFR. Therefore, when comparing CFRs
of different countries, especially in contexts such as the
epidemic phase, the medical capacity, surveillance strategy,
and socio-demographic traits of the periods being compared
should be considered, and one should be cautious when
interpreting crude cross-sectional comparisons of CFRs.

Two limitations of this study should be noted. First, there
is a possibility of a false effect caused by unaccounted
variables. Such variables could include environmental
factors such as temperature, altitude, seasonality, and air
pollution, or population-based factors such as population
immunity, age-specific cases, and the proportion of people
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with health insurance [48]. Second, our study used only
country-level data for analysis. To tease out a better estimate
of country-level effects, a multi-level analysis with both
individual and country-level data could be conducted.
For example, it is well-known that comorbidities have a
negative impact on an individual's disease severity and risk
of mortality by COVID-19. An analysis without individual-
level data could mask the impact of disparities among
subnational entities [47].

Though our findings support a significant effect of some
country-level variables on the CFR, further research is needed
to examine whether these country-level characteristics, such
as extreme poverty or medical capacity, may also affect the
CFR by changing either the number of deaths or the number
of cases. More covariates (e.g., seasonal and environmental
factors) that might affect the CFR should be considered, and
aggregating individual and country-level data would also be
helpful for a multi-level analysis in the future.
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