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Abstract
Introduction The COVID-19 pandemic overwhelmed health systems, resulting in a surge in excess deaths. This study clus-
tered countries based on excess mortality to understand their response to the pandemic and the influence of various factors 
on excess mortality within each cluster.
Materials and Methods This ecological study is part of the COVID-19 MORtality (C-MOR) Consortium. Mortality data 
were gathered from 21 countries and were previously used to calculate weekly all-cause excess mortality. Thirty exposure 
variables were considered in five categories as factors potentially associated with excess mortality: population factors, health 
care resources, socioeconomic factors, air pollution, and COVID-19 policy. Estimation of Latent Class Linear Mixed Model 
(LCMM) was used to cluster countries based on response trajectory and Generalized Linear Mixture Model (GLMM) for 
each cluster was run separately.
Results Using LCMM, two clusters were reached. Among 21 countries, Brazil, the USA, Georgia, and Poland were assigned 
to a separate cluster, with the mean of excess mortality z-score in 2020 and 2021 around 4.4, compared to 1.5 for all other 
countries assigned to the second cluster. In both clusters the population incidence of COVID-19 had the greatest positive 
relationship with excess mortality while interactions between the incidence of COVID-19, fully vaccinated people, and 
stringency index were negatively associated with excess mortality. Moreover, governmental variables (government revenue 
and government effectiveness) were the most protective against excess mortality.
Conclusion This study highlighted that clustering countries based on excess mortality can provide insights to gain a broader 
understanding of countries' responses to the pandemic and their effectiveness.

Keywords COVID-19 · Excess mortality · Public health measures · Vaccination rate · Governance

1 Introduction

The reported number of COVID-19 deaths during the pan-
demic may not reflect the true extent of the health burden 
or the total lives lost as a result of the pandemic. Excess 

mortality is defined by the WHO as "the mortality above 
what would be expected based on the non-crisis mortality 
rate in the population of interest" [1]. By considering 74 
nations, COVID-19 Excess Mortality Collaborators (2022) 
estimated that although the globally reported COVID-19 
deaths were 5.94 million between January 1, 2020, and 
December 31, 2021, the projected global death toll from 
the COVID-19 pandemic was 18.2 million [2]. Similarly, Extended author information available on the last page of the article
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Msemburi et al. (2022) utilized the Bayesian Poisson frame-
work to demonstrate that, in contrast to the 5.42 million 
deaths attributed to COVID-19 reported to the WHO in 2020 
and 2021, the estimated global excess mortality is 2.74 times 
higher, at 14.83 million [3].

Previous studies have evaluated various factors as poten-
tial determinants of excess mortality during the COVID-19 
pandemic. A study in England during the first wave of the 
COVID-19 pandemic, considering only people aged 40 or 
older, found that communities with a higher risk of excess 
mortality had a high density of care facilities and/or a large 
proportion of residents on financial assistance, living in 
overcrowded houses, and of non-white ethnicity [4]. Fur-
thermore, by considering 79 high-, middle- and low-income 
countries and using median quantile regression, Kapitsinis 
(2021) found that privatization of the health care sector, 
inadequate public health spending, and delayed adoption of 
preventative measures all contributed significantly to excess 
mortality during the pandemic, whereas health expenditure 
and the number of hospital beds and doctors per 100,000 
population were negatively associated with excess mortal-
ity. The study concluded that an adequately funded health-
care system, aligned with universal access and robust pri-
mary healthcare, could be a good measure to control excess 
mortality during the pandemic [5]. Another study of 213 
countries found that strong social cohesion and effective 
risk communication, including factors such as trust in gov-
ernment and public programs, were associated with fewer 
excess deaths from COVID-19 [6].However, an increased 
number of COVID-19-related disorders and a lack of gov-
ernment transparency have been associated with higher 
death rates. Furthermore, countries with higher unemploy-
ment rates reported higher excess mortality [6]. Lastly, 
Sun et al. (2023) investigated 80 countries and showed that 
pre-existing conditions such as age and health risks, as well 
as public trust in healthcare systems, play important roles 
in explaining why death rates differ across countries [7]. 
Besides these factors, immunization against COVID-19 has 
significantly altered the path of the pandemic by saving tens 
of millions of lives around the world [8]. A cross-sectional 
study among 173 countries found that higher vaccination 
coverage was strongly associated with lower overall mortal-
ity, highlighting the critical role of vaccination in reducing 
deaths during the pandemic [9]. In addition, non-pharmaceu-
tical measures, particularly lockdowns and social distancing, 
have been shown to significantly decrease the overall trans-
mission rate in 2020, not just in the immediate intervention 
period [10]. Interestingly, however, at the ecological level, 
stringency index of governmental control measures was 
associated with higher excess mortality in 2020 but lower 
mortality in 2021 [11]. Furthermore, a recent cross-national 
study showed that weekly COVID-19 incidence was sig-
nificantly associated with excess mortality in both years, 

however, this relationship weakened in 2021 as vaccination 
rates increased [11].

Though several studies have previously investigated the 
characteristics associated with increased mortality rate 
during COVID-19, they mostly considered pre-defined 
country income categories [12, 13] or only focused on one 
geographic region [14–16]. The purpose of this study was 
to evaluate the feasibility of clustering countries from dif-
ferent world regions based on their excess mortality experi-
ence to gain a better understanding of their response to the 
pandemic. This would in turn enable investigation of the 
relationship of various factors on each cluster's excess mor-
tality during the COVID-19 pandemic. Twenty-one different 
countries and/or regions that are a part of the COVID-19 
MORtality (C-MOR) Consortium were investigated dur-
ing 2020 and 2021. This study examines how variations 
in government policies and socio-economic factors across 
countries impacted excess mortality during the COVID-19 
pandemic. The theoretical model being tested with latent 
variable analysis hypothesizes that various factors contrib-
uting to excess mortality will be found in common across 
countries with similar excess death profiles. Latent variable 
analysis is applied to understand what distinguishes these 
clusters, providing insight into the potential drivers of excess 
death outcomes in pandemics. Thus, this study used a data-
driven approach to cluster countries based on their excess 
mortality patterns. Determinants of excess mortality were 
then evaluated within each cluster, and the factors contribut-
ing to differences between clusters were identified.

2  Data Analysis and Methods

Twenty-one countries and/or regions participating in the 
worldwide consortium, provided mortality data that were 
analyzed in this ecological study. Countries that were 
included in this study are Australia, Austria, Belgium, 
Brazil, Cyprus, Denmark, England and Wales, Estonia, 
France, Georgia, Greece, Israel, Italy, Northern Ireland, 
Norway, Poland, Slovenia, Spain, Sweden, Ukraine, and 
the United States of America (USA). Additional countries 
in the consortium that provided data but had a complete-
ness of vital registration systems of < 90%, were excluded 
from this investigation (Mauritius, Peru, and Kazakhstan) 
to enhance the reliability and accuracy of the analysis. This 
investigation builds on the work of a preceding study, where 
data on all-cause deaths by age and gender were gathered 
from national vital statistics databases every week from 
2015 through 2021 [11]. The methodology used to estimate 
excess all-cause mortality was described previously [8]. 
Briefly, crude mortality rates (CMRs) were first calculated 
for the total population using population estimates from 
the World Bank (World Bank Group, 2023), the UK Office 
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for National Statistics (Office for National Statistics, 2024) 
and Eurostat (Eurostat, 2023). Age-specific mortality rates 
(ASpMRs) and weekly (directly) age-standardised mortality 
rates (ASMRs) were then calculated using the aggregated 
age groups provided by each country, as detailed in that 
publication. Then, total weekly excess mortality for 2020 
and 2021 was calculated by comparing the observed weekly 
ASMR (per 100 000 population) against the expected weekly 
ASMR, estimated based on a time series regression analy-
sis of historical data (2015– 2019) as previously described 
[11, 17–21]The regression models were built on complete 
weeks; truncated weeks were excluded. Finally, the z-score 
(number of observed deaths—expected mortality)/standard 
deviation of the residuals) of these data was calculated, and 
a z-score of more than four was considered as substantial 
excess mortality [17].

The current study used the weekly excess mortality 
z-score for 2020–2021 as the outcome variable. Five main 
categories (comprising a total of thirty potential predictor 
variables) were considered for evaluating their impact on 
excess mortality: population factors, health resources, socio-
economic factors, air pollution, and COVID-19 policy.

Country-level population factors consist of the popula-
tion size and density, median age, percent of people over 
65 years of age, median age, life expectancy, and preva-
lence of hypertension, diabetes, and obesity. From the health 
care resources aspect, hospital beds per thousand, the den-
sities of nursing personnel and medical doctors (both per 
10,000 population), universal health coverage (UHC), health 
expenditure as a share of Gross Domestic Product (GDP), 
total vaccinations per 100 population, fully vaccinated per 
100 population, completeness of vital registration, health-
care access, and quality index (HAQ), and COVID incidence 
per 100 population have been considered. Socioeconomic 
status consists of GDP, Human Development Index (HDI), 
unemployment rate, government revenue, prosperity index, 
Gini index (measures income inequality), control of corrup-
tion, government effectiveness, Inequality-adjusted Human 
Development Index (IHDI), Gender Inequality Index (GII). 
From the COVID-19 policy perspective, a Government 
Response stringency index (composite measure based on 
nine response indicators including school closures, work-
place closures, and travel [22]) was investigated, and finally, 
we used fine particulate matter (PM2.5) as a variable reflect-
ing air pollution. Supplementary Table S 1 provides the 
source for each of the aforementioned potential predictor 
variables as well as an explanation of each variable and the 
range of possible values. Briefly, data were retrieved from 
various sources including the World Bank, World Health 
Organization (WHO) and Our World in Data. Among these 
variables, COVID incidence, vaccination rates, and strin-
gency index are time-variant predictors, changing on a 
weekly basis. In these analyses, 21 countries/regions were 

evaluated. Each country or region was observed for 90 to 
104 weeks between 2020 and 2021. Two datasets were used: 
1) To find the trajectory of excess mortality, a database with 
2172 observations (weekly data for each country) was used; 
2) For evaluating the relationship between predictors and the 
outcome, a dataset with 2000 observations was used (in this 
dataset, missing values existed, as data for COVID-19 inci-
dence before January 2020 were not available). The models 
employed in this study are relatively robust to potential vio-
lations of assumptions. Decision trees can manage categori-
cal features directly, without the need for preprocessing [23]. 
Mixed-effects models are sufficiently robust for researchers 
to use them even when distributional assumptions are not 
fully satisfied. Nonetheless, this does not exempt researchers 
from the necessity of rigorously assessing the model's accu-
racy [18]. Hence, a data engineering approach was applied to 
the dataset before running the data analysis. First, the Yeo-
Johnson transformation was applied to z-scores based on 
outcome distribution [24]. After applying the Yeo-Johnson 
transformation, the model did not have obvious outliers. 
Scaling predictor variables (Min–max scaling between 0 and 
1) was another data engineering feature applied to the data-
set. Finally, to handle collinearity and avoid overfitting, the 
Variance Inflation Factor (VIF) function was used for fea-
ture selection. VIF less than 10 was considered a threshold 
[25], and features with VIF greater than 10 were removed 
sequentially. Data analyses were performed using RStudio 
(R version 4.3.1).

Given the multi-level nature of our datasets we required 
a sophisticated and robust clustering method like the Latent 
Class Analysis rather than the traditional k-means technique. 
Latent class analysis is a flexible statistical technique used 
to identify distinct groups or segments of data. This method 
has become a standard tool for identifying hidden patterns 
in various datasets and providing meaningful insights based 
on observed indicators [26]. Latent Class Analysis models 
provide a more robust statistical foundation than K-means 
and Hierarchical Clustering for both exploratory research 
and theory testing [27]. Additionally, the complexity of 
multi-level dataset requires a more sophisticated clustering 
method than traditional techniques like K-means. Countries 
were first classified according to their outcome trajectory 
(z-score trajectory) using the "Estimation of Latent Class 
Linear Mixed Model" (LCMM). Next, a Generalized Linear 
Mixture Model (GLMM) was run for each cluster separately 
to investigate all thirty predictor variables against z-score 
values as the outcome variable. Then, a Classification And 
Regression Tree (CART) algorithm was used to understand 
how time-variant and time-invariant predictors classified 
observations within their assigned clusters, across different 
models. It should be noted that CART analysis considers 
each observation separately, independent of country (like 
in a cross-sectional study); thus, we need to be conservative 
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when interpreting the time-variant model outputs. For 
time-invariant predictors, because of the limited number of 
observations (21 observations), univariate logistic regression 
was used for comparing clusters. Details for each statistical 
analysis have been provided in Table 1.

3  Results

Variable trajectories in excess mortality were observed 
across the 21 studies investigated, with evidence for 
some countries, such as United States and Brazil, being 
more severely affected than others, such as Australia and 
Denmark.

Figure 1 illustrates the trajectory of z-scores for each 
country/region, where each point represents the six-month 
mean of the z-scores. The trajectory figure of the z-score for 
all data points is available in the Supplementary, Fig. S1. In 
addition, Supplementary Table S2 contains the descriptive 
analysis of kept variables after screening for collinearity.

Among various models for LCMM, a model with two 
latent classes showed better performance (lower Akaike 
information criterion (AIC) and Bayesian information cri-
terion (BIC)) than other models and was thus retained. The 
full report of LCMM's outcome is presented in Supplemen-
tary Table S3. After running posterior probabilities, coun-
tries with homogenous trajectories were classified in the 
same class. The result shows the mean of excess mortality 
in the first cluster is about one-third of the second cluster. 
Table 2 presents the result of countries classification for the 
time-variant dataset. In addition, Fig. S1 shows the trajec-
tory of z-score for each country/region.

After clustering, a GLMM mixed model, with country as 
a random effect and all other predictors as fixed effects, was 
run for each cluster separately. The first cluster consists of 17 
countries with 1618 observations. The model's marginal and 
conditional R-squares were 0.217 and 0.914, respectively. 
A significantly higher value of the conditional R-squares 
compared to the marginal R-squared shows that a substantial 
percentage of the variation is explained by both the fixed 
effects and the random. The multilevel models employed to 
examine pandemic-related variables for each cluster reveal 
that the random effect of nation accounts for a significant 
percentage of the variation in the outcome. This variation is 
most notable for the first cluster (with lower excess mortal-
ity), which, by considering country-specific variance, con-
ditional R-square (for random effect) is 70 percent points 
higher than marginal R-square (fix-effect). The coefficient of 
variables with a p ≤ 0.05 is shown in Table 3 (the complete 
table is available in Supplementary Table S4). Among sig-
nificant variables, "COVID incidence with three weeks lag" 
(β: 0.86, p < 0.001) exhibited the strongest relationship with 
the increase in excess mortality. On the other hand, among 

significant variables that were negatively associated with 
excess mortality, a higher rate of obesity (β: -1.19, p < 0.05), 
government revenue (β: − 0.7, p < 0.001) and elderly popula-
tion (β: − 0.7, p < 0.01) have the strongest effects. In addi-
tion, the interaction between three time-variant variables 
(proportion of fully vaccinated with three weeks lag & 
COVID incidence with three weeks lag (β: − 0.53, p < 0.01), 
Stringency index & COVID incidence with three weeks lag 
(β: − 0.78, p =  > 0.0505) and Stringency index & propor-
tion of fully vaccinated with three weeks lag (β: − 0.11, 
p < 0.01)) had a negative relationship with excess mortality 
during the study period.

The second cluster only contains four countries and 382 
observations. The marginal R-squared was 0.66, indicating 
that the model's independent variables explain 0.66 of the 
dependent variable's variance. Additionally, the conditional 
R-squared value is 0.69, representing the proportion of vari-
ance in the dependent variable explained by the independ-
ent variables. Among significant time-variant variables, 
similar to the first cluster, the incidence of COVID with 
three-weeks-lag had the highest positive relationship with 
the increase in excess mortality (β:8.22, p < 0.01) followed 
by elderly population rate (β: 1.9, p < 0.01). In addition, 
interaction variables are negatively associated with excess 
mortality, proportion of fully vaccinated with three weeks 
lag & COVID incidence with three weeks lag (β: -2.43, 
p < 0.01), and Stringency index & COVID incidence with 
three weeks lag (β: -6.37, p < 0.01). In contrast to the first 
cluster, a higher rate of population over 65 years old was 
related to higher excess mortality (β: 1.93, p < 0.01). The 
coefficient of variables with a p-value less than 0.1 is dem-
onstrated in Table 4 (the complete table is available in Sup-
plementary Table S 5).

To compare clusters based on their time-variant predic-
tors, a CART model with tenfold cross-validation was used 
to find the optimal model. Figure 2 displays the CART plot-
ted model. The top number in the node box is the CART 
model's predicted cluster. The middle two numbers show 
the number of observations from each cluster in that node 
(left for cluster one and right for the second cluster), and 
the bottom number indicates the percentage of observations. 
The outcome consists of five terminal nodes and four non-
terminal nodes.

Variable importance and terminal nodes highlighted 
the importance of COVID-19 incidence. The classification 
model assigned observations with a low level of COVID 
incidence per 1000 (lower than 0.93) to cluster one (with 
lower excess mortality), which had a lower mean of z-score 
(left branch). Moreover, by considering the right branch, 
most observations with higher levels of proportion of fully 
vaccinated were assigned to the first cluster.

Due to the limited number of observations, our initial 
exploration with individual CART models for each variable 
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Table 1  Summary of statistical analyses used in this study

Estimation of Latent Class Linear Mixed Model (LCMM): Does not use a strict 0.05 significance cutoff
Generalized Linear Mixture Model (GLMM): 0.05 significance level
Classification and Regression Trees (CART): CART models do not have a specific 0.05 significance cutoff liketraditional statistical tests
Univariate Logistic Regression: 0.05 significance level
References for Table 1:
* Magidson, J., J.K. Vermunt, and J.P. Madura, Latent class analysis. 2020: SAGE Publications Limited Thousand Oaks, CA, USA:
** Schreiber, J.B. and A.J. Pekarik, Using Latent Class Analysis versus K‐means or Hierarchical Clustering to understand museum visitors. Cura-
tor: The Museum Journal, 2014. 57(1): p. 45–59
*** Proust-Lima, C., V. Philipps, and B. Liquet, Estimation of Extended Mixed Models Using Latent Classes and Latent Processes: The R Pack-
age lcmm. Journal of Statistical Software, 2017. 78(2): p. 1—56
**** Douglas Bates, M., B. Bolker, and S. Walker, Fitting linear mixed-effects models using lme4. Journal of Statistical Software, 2015. 67(1): p. 
1–48
***** Boehmke, B. and B.M. Greenwell, Hands-on machine learning with R. 2019: CRC press
****** Berk, R.A., Classification and regression trees (CART). Statistical learning from a regression perspective, 2008: p. 1–65

Analysis / Model Estimation of Latent Class Linear Mixed Model (LCMM)

Purpose of using model Clustering countries based on their trajectory
Description Latent class mixed models explore varied population trajectories' latent profiles. To model trajectories, they use mixed models’ theory 

to account for individual correlation in repeated measures and latent class models to distinguish homogenous latent clusters
Outcome Z-score (Time-variant)
Predictors Not applicable
Command/Package "hmle" command from the "lcmm" package in R*

Analysis / Model Generalized Linear Mixture Model (GLMM)

Purpose of using model To assess fix and random effect of predictors on the outcome for each cluster
Description Builds upon generalized linear models by incorporating random effects to account for correlated or clustered data. The significance 

level for this model is set at 0.05.
Outcome Z-score (Time-variant)
Predictors Three time-variant & their interactions were used for GLMM models. The number of time-invariants entered the GLMM analysis 

for each cluster was different. All non-colinear time-invariant predictors were entered into the GLMM model for the first cluster 
with 1618 observations. For the GLMM model for the second cluster with 382 observations, among time-invariant predictors, the 
number of hospital beds and health expenditure from the health resource category, population over 65 years old from the population 
category, government effectiveness, government revenue, unemployment, and Gini index were entered into the model

Random effect: Country
Command/Package “lmer” command from the “lme4” package in R**

Analysis / Model Classification And Regression Trees (CART)

Purpose of using model LCMM-derived clusters were compared using a CART model to analyze predictor relationships
Description Basic decision trees divide the dataset into homogenous subgroups with comparable response values and fit a simple constant in 

each subgroup. Recursive binary partitions are used to construct subgroups (nodes) by asking yes/no questions about each feature. 
If the answer is "yes", the left branch will be considered, and vice versa. This process is repeated until a stopping point, such as a 
tree's maximum depth***. CART functions through recursive data partitioning. Recursive partitioning is a process that sequentially 
divides data into ever-smaller parts. It is "stagewise," not "stepwise," because earlier stages are not revisited once the outcomes of 
later stages are known****. Various metrics such as accuracy of predictions, sensitivity, specificity, precision, and F1 score were 
used to evaluate the performance of CART models

Outcome The two clusters resulting from LCMM analysis: 0 for the first cluster & and 1 for the second cluster (binary outcome)
Predictors Time variant predictors
Command/Package “rpart” command from the “rpart” package in R*****

Analysis / Model Univariate Logistic Regression

Purpose of using model LCMM-derived clusters were compared using a Univariate Logistic Regression model to analyze predictor relationships
Description Commonly employed for binary classification tasks, where the objective is to predict the probability of an event taking place by utiliz-

ing input variables. The significance level for this model is set at 0.05.
Outcome The two clusters resulting from LCMM analysis: 0 for the first cluster & and 1 for the second cluster (binary outcome)
Predictors Time invariant predictors
Command/Package “glm” command from “glmnet” package in R******
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did not yield meaningful cut-off points. To address this and 
ensure robust variable inclusion, a univariate regression 
approach was adopted to capture some relevant informa-
tion within the available sample size. To run the univari-
ate regression, countries in the first cluster were assigned 
a value of zero, while countries in the second cluster were 

assigned a value of one. Therefore, a negative value of beta 
would indicate that the second cluster had a lower value than 
the first cluster. Among all independent variables, HAQ (β: 
− 6.25), hypertension (β: 6.39), life expectancy (β: − 6.08), 
UHC (β: − 5.66), human development index (β: − 4.48), 
gender inequality index (β: 12.11) and government revenue 
(β: − 15.19) were significantly different between two clus-
ters. The comprehensive table for univariate analysis can be 
found in Supplementary Table S6.

4  Discussion

Country-level responses to the COVID-19 pandemic resulted 
in differences in excess mortality during the pandemic. This 
study aimed to further examine these differences by clus-
tering countries with similar excess mortality trajectories 
to identify control measures and country-level common-
alities. After running the LCMM model, two clusters were 
extracted. Among 21 countries/regions, Brazil, the USA, 
Poland, and Georgia were assigned to the second cluster due 
to their different excess mortality trajectories during the pan-
demic; these countries also had the highest excess mortality 
rate during this period (z-score of approximately 4.4 com-
pared to 1.5 for the first cluster). Indeed, according to Wang 
et al. estimation (2022), the USA and Brazil were part of the 
countries that experienced the highest rate of excess mortal-
ity in 2020 and 2021 [2]. Time-variant variables (and their 
interactions) and governmental factors (government revenue 
and government effectiveness) were strongly associated with 
excess mortality in both clusters.

Fig. 1  Trajectory of z-score for each country/region (each point represents the means of z-score in six months). Additionally, z-score exceed-
ing + 4 indicates substantial excess mortality. Additionally, the black horizontal line shows the z-score exceeding + 4 in

Table 2  Countries classification based on time-variant dataset

Cluster I Mean of z-score 
in 2020 and 
2021

Cluster II Mean of z-score 
in 2020 and 2021

Australia 0.36 Brazil 5.65
Austria 1.47 Georgia 3.09
Belgium 1.99 Poland 4.19
Cyprus 0.83 United States 4.77
Denmark 0.48
England & 

Wales
2.21

Estonia 0.79
France 1.95
Greece 1.99
Israel 2.01
Italy 1.74
Northern Ireland 1.13
Norway 0.68
Slovenia 1.86
Spain 2.76
Sweden 1.85
Ukraine 0.94
Mean of vari-

able
1.47 4.43
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There is a possibility that the similarities in the excess 
mortality trajectory of Brazil, the USA, Poland, and Geor-
gia stem from similarities in government characteristics, 
political contexts and COVID policies. According to pol-
icy evaluations of government responses to COVID-19, 
in highly polarized contexts, such as the USA and Poland 
intense political tensions negatively affected COVID-19 
control, through reduced trust in governmental control 
measures [28]. The circumstances in Brazil were simi-
larly challenging. The denial of scientific data, downplay-
ing of the pandemic threat, and spread of fake news by 
the president led to uncertainty and a feeling of low risk, 
leading to increased exposure. The president's vaccination 

distribution management was problematic, and his gov-
ernment limited the number of vaccines received. In fact, 
the Parliamentary Commission of Inquiry on pandemic 
management uncovered purposeful delays in vaccination 
purchasing [29]. Georgia, on the other hand, faced politi-
cal turmoil in that period. Due to the upcoming parliamen-
tary election and a lack of evidence-based policymaking, 
the government removed unpopular limitations. Thus, 
COVID-19 infection spread swiftly in the community 
while the pandemic response was poorly coordinated. A 
near-total lockdown was implemented in late 2020 due to 
health system capacity saturation. Delays in immunization 
campaigns, poor pandemic response coordination, and a 

Table 3  Coefficients of significant variables associated with excess mortality for countries in the first cluster

Note: 0 \, '***' \, 0.001: The variable is highly significant at the 0.001 level
0.001 \, '**' \, 0.01: The variable is very significant at the 0.01 level
0.01 \, '*' \, 0.05: The variable is significant at the 0.05 level
0.05 \, '.' \, 0.1: The variable is marginally significant at the 0.1 level

Variable Estimate Std. Error Pr( >|t|)

Government effectiveness − 0.361 0.099  < 0.001***
Unemployment − 0.153 0.069 0.027 *
Government revenue − 0.700 0.131  < 0.0001 ***
Obesity − 1.196 0.453 0.039 *
Total number of nursing personnel per 1000 − 0.202 0.058  < 0.001***
Total number of medical doctors per 1000 − 0.115 0.025  < 0.0001 ***
Population over 65 years old − 0.705 0.246 0.007 **
Stringency index (three weeks lag) 0.124 0.012  < 0.0001 ***
Proportion of population fully vaccinated with (three weeks lag) 0.143 0.019  < 0.0001 ***
COVID incidence (three weeks lag) 0.856 0.332 0.011**
Proportion of fully vaccinated (three weeks lag): COVID incidence (three weeks lag) − 0.530 0.196 0.007 **
Stringency index (three weeks lag): proportion of fully vaccinated (three weeks lag) − 0.115 0.039 0.003 **
Stringency index (three weeks lag): COVID incidence (three weeks lag) − 0.780 0.399 0.051

Table 4  Coefficients of significant variables associated with excess mortality for countries in the second cluster

Note: 0 \, '***' \, 0.001: The variable is highly significant at the 0.001 level
0.001 \, '**' \, 0.01: The variable is very significant at the 0.01 level
0.01 \, '*' \, 0.05: The variable is significant at the 0.05 level
0.05 \, '.' \, 0.1: The variable is marginally significant at the 0.1 level

Variable Estimate Std. Error Pr( >|t|)

Government effectiveness − 0.342 0.162 0.035 *
Unemployment 0.172 0.074 0.02 *
Government revenue − 2.234 0.792 0.005 **
Population over 65 years old 1.933 0.636 0.003 **
Stringency index (three weeks lag) 0.043 0.020 0.029 *
COVID incidence (three weeks lag) 8.225 0.894  < 0.0001 ***
Proportion of fully vaccinated (three weeks lag): COVID incidence (three weeks 

lag)
− 2.433 0.896 0.007 **

Stringency index (three weeks lag): COVID incidence (three weeks lag) − 6.379 1.198  < 0.0001 ***
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lack of evidence-based policies led to another disastrous 
pandemic wave in summer 2021 [30].

The GLMM models revealed that among time-variant 
variables (incidence of COVID-19, fully vaccinated peo-
ple, and stringency index) the incidence of COVID-19 in the 
population had the highest positive association with excess 
mortality in 2020 and 2021, while the interactions between 
time-variant variables mostly had a significant negative asso-
ciation with excess mortality. The effect estimates for the 
relationship between the time-variant variables and excess 
mortality were more pronounced in the second cluster, which 
countries that experienced a higher rate of excess mortality 
in 2020 and 2021. The lack of impact of control measure 
stringency and vaccination on controlling excess mortality 
was an unexpected result in the current study. However, this 
result is supported by previous studies, which show that the 
effectiveness of control measures may have been measure 
and not stringency dependent [31]. The lack of a relationship 
between vaccination and excess mortality was also an unex-
pected finding. By considering 20 countries with the highest 
rate of vaccination, Sub-Saharan countries and the rest of 
the world, a recent study found that the vaccination against 
COVID-19 reduced case fatality rate by an odds ratio of 0.64 
[32], suggesting that the lack of a negative relationship in 
our study may be an artifact of the ecological nature of this 
investigation. Although our research found that stringency 
index and vaccination had a negligible positive relationship 
with excess mortality, the interaction between these policies 
and COVID-19 incidence demonstrated a stronger inverse 
relationship with excess mortality, possibly suggesting effec-
tiveness of these control measures via reduced community 
spread. This finding highlights the significance of viewing 

COVID-19 policies as interdependent approaches, consider-
ing their interactions with COVID-19 incidence rather than 
assessing them in isolation.

Among time-invariant predictors in the GLMM models, 
governmental factors (government revenue and govern-
ment effectiveness) had a highly negative relationship with 
excess mortality, highlighting the fact that countries with 
better government ability performed better in controlling 
excess mortality in this period, a finding which is aligned 
with other studies [33–35]. For example, by evaluating 
national governance in 213 countries, da Silva et al. (2023) 
found that Control of Corruption, Government Effective-
ness, Regulatory Quality, and Rule of Law had a negative 
relationship with excess mortality from 2020 to 2022 [36]. 
Furthermore, in alignment with other studies, in the sec-
ond cluster of countries in our study (with higher excess 
mortality), excess mortality increased with an increasing 
proportion of people aged 65 + . Demetriou et al. (2023) 
also showed that in countries such as Brazil and the USA, 
excess mortality in 2020 was substantially higher in the old-
est population compared to other age groups [17], while a 
study analyzing COVID-19 fatalities and excess mortality 
data, adjusting for income levels across countries, revealed 
that individuals over 60 accounted for more than 80% of 
total COVID-19 deaths [37].

However, regarding the first cluster of countries (with 
lower excess mortality), our study observed some unex-
pected relationships. One was the negative relationship 
between obesity and excess mortality which was also 
observed in previous studies [38]. Another challenging result 
of our study is that in our Cluster 1 (with lower excess mor-
tality), a higher rate of people aged 65 + was associated with 

Fig. 2  Optimal tree created by CART for time-variant dataset. The blue nodes are predicted to be assigned to Cluster 1, and the green nodes are 
predicted to be assigned to Cluster 2. * OCV: Approximate original corresponding values of scaled data
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lower excess mortality. Taken together, an increased preva-
lence of obesity and higher median age in a given popula-
tion are possible indicators of affluence, and higher rates 
of comorbidities and thus heightened susceptibility among 
individuals. Considering the ecological nature of our study 
design, countries in Cluster 1 (with lower excess mortal-
ity), such as Greece, due to their higher rates of obesity and 
median population age may have implemented more rigor-
ous measures of control, thus offering a plausible explana-
tion of these findings. Affluent countries also had greater 
and earlier access to vaccines and were thus able to protect 
their more vulnerable citizens. Moreover, a relatively greater 
proportion of the vulnerable population, including older and 
obese individuals, may have been vaccinated during the ini-
tial phase of the vaccination campaign contributing to the 
reduced mortality.

The utilization of CART in time-variant analysis revealed 
that the first cluster (with lower excess mortality) exhibited a 
lower incidence of COVID-19 and a higher rate of full vacci-
nation, which is consistent with anticipated results. Regard-
ing the CART results of the time-invariant variables, the 
univariate logistic regression analysis reveals that countries 
in the first cluster (with lower excess mortality) have signifi-
cantly higher HAQ, life expectancy, UHC, human develop-
ment index, and government revenue, while countries in the 
second group (with higher excess mortality) have signifi-
cantly higher hypertension and gender inequality index. In 
agreement with our findings, a systematic COVID-related 
assessment found that the HAQ index, COVID incidence, 
universal health coverage, aged population, and other factors 
contributed to nearly 70% of variations of mean level excess 
mortality [2]. Another study, which investigated Organiza-
tion for Economic Cooperation and Development (OECD) 
countries, found strong negative correlations between sus-
tainability indexes like the Sustainable Development Goals 
(SDG) Index, Human Development Index (HDI), and Envi-
ronmental Performance Index (EPI), and COVID-19 excess 
mortality. This implies the potential for these indexes to 
serve as predictors of pandemic outcomes [29].

This study is notable for thoroughly investigating various 
factors contributing to excess mortality rates in the countries 
involved. The clustering of nations according to their excess 
mortality trajectories provides a unique strategy for evalu-
ating factors associated with excess mortality within com-
parable trajectories across different regions. This approach 
differs from studies focusing on pre-established country 
categorizations.

However, our study is not without limitations. First, since 
population-level correlations may be proxies for other fac-
tors directly affecting excess deaths or death reporting, the 
relationships observed between excess mortality and its 
determinants may not represent individual experience due to 
possible ecological fallacy. Individual level data analysis is 

imperative to either strengthen some of our conclusions i.e. 
negative relationship between excess mortality and vaccina-
tion or shed light on other findings i.e. negative relationship 
between mortality and obesity. Second, when interpreting 
the results of the time-invariant predictors, in addition to 
ecological study constraints, it is important to highlight the 
relatively small number of countries in the second group 
(four countries), where lack of power may have led to uncer-
tain results and may have compromised the generalizability 
of these findings. Hence, further investigation is recom-
mended, especially with the inclusion of additional coun-
tries which experienced high excess mortality. Third, with a 
minimum GDP of $12,408 (Ukraine in 2020), this analysis 
focuses primarily on middle-high to high-income countries, 
thus limiting the generalizability of findings to lower income 
settings. Another limitation is that, as time-invariant vari-
ables mostly remain the same for both years, the number of 
observations for comparing two classes is limited, which 
could not allow researchers to assess confounding factors. 
Furthermore, as noted by Keep et al. (2022), it is crucial to 
consider that changes in population demographics across 
age groups from 2010 to 2019 could influence excess death 
estimates [39]. Despite the use of age-standardized mortal-
ity rates in this investigation, the effect of changing demo-
graphics between and within countries is an important factor 
to consider when interpreting the results. In addition, some 
countries, such as Australia, had only just opened interna-
tional borders and experienced community-wide transmis-
sion very late in 2021, and so some deferred excess mortal-
ity, whether related to COVID-19 or the pandemic response, 
would not be captured within the time range of these analy-
ses. Lastly, another limitation of this study is the possibility 
of data quality variations between countries, particularly in 
developing countries where data collection and reporting 
systems may be less robust. Similarly, registration data qual-
ity displayed temporal variability during the pandemic, even 
within countries, based on the strain faced by healthcare and 
other systems. Nevertheless, the observation of relationships 
across clusters of countries, rather than individual countries, 
adds to the study’s robustness.

5  Conclusion

This study highlights the importance of COVID-19 poli-
cies, including strategies to mitigate the transmission of 
the virus, the strictness in implementing these measures, 
and the advancement of vaccination efforts, in the pan-
demic response. Additionally, it explores the influence 
of governmental elements, such as government revenue 
and government effectiveness, in managing the excessive 
deaths resulting from the COVID-19 pandemic. Further-
more, the study shows the strong influence of COVID-19 
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incidence on excess mortality, as the relationship between 
the incidence of COVID-19 and excess mortality and 
its interactions with other time-variant variables, were 
stronger in the second group, which saw higher excess 
mortality rates in 2020 and 2021. These findings are rel-
evant for policymakers responsible for implementing poli-
cies during a pandemic; they highlight the importance of 
investing in the health protection and health resilience of 
older populations, the need for investment in healthcare 
personnel, and the importance of vaccination, in a healthy 
political context. Finally, this study shows that by cluster-
ing countries according to their excess mortality, research-
ers can acquire a deeper understanding of the impacts of 
national level pandemic responses.
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