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Abstract

Background The COVID-19 pandemic has resulted in significant excess mortality globally. However, the
differences in excess mortality between the Omicron and non-Omicron waves, as well as the contribution of
local epidemiological characteristics, population immunity, and social factors to excess mortality, remain poorly
understood. This study aims to solve the above problems.

Methods Weekly all-cause death data and covariates from 29 countries for the period 2015-2022 were collected
and used. The Bayesian Structured Time Series Model predicted expected weekly deaths, stratified by gender and age
groups for the period 2020-2022. The quantile-based g-computation approach accounted for the effects of factors
on the excess all-cause mortality rate. Sensitivity analyses were conducted using alternative Omicron proportion
thresholds.

Results From the first week of 2021 to the 30th week of 2022, the estimated cumulative number of excess deaths
due to COVID-19 globally was nearly 1.39 million. The estimated weekly excess all-cause mortality rate in the 29
countries was approximately 2.17 per 100,000 (95% Cl: 1.47 to 2.86). Weekly all-cause excess mortality rates were
significantly higher in both male and female groups and all age groups during the non-Omicron wave, except for
those younger than 15 years (P<0.001). Sensitivity analysis confirmed the stability of the results. Positive associations
with all-cause excess mortality were found for the constituent ratio of non-Omicron in all variants, new cases per
million, positive rate, cardiovascular death rate, people fully vaccinated per hundred, extreme poverty, hospital
patients per million humans, people vaccinated per hundred, and stringency index. Conversely, other factors
demonstrated negative associations with all-cause excess mortality from the first week of 2021 to the 30th week of
2022.
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Conclusion Our findings indicate that the COVID-19 Omicron wave was associated with lower excess mortality
compared to the non-Omicron wave. This study’s analysis of the factors influencing excess deaths suggests that
effective strategies to mitigate all-cause mortality include improving economic conditions, promoting widespread
vaccination, and enhancing overall population health. Implementing these measures could significantly reduce the
burden of COVID-19, facilitate coexistence with the virus, and potentially contribute to its elimination.
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Introduction

Globally, more than 640 million confirmed cases of
coronavirus disease 2019 (COVID-19) and a staggering
6.6 million deaths were reported by the World Health
Organization (WHO) as of December 2, 2022 [1]. Excess
mortality refers to the number of deaths resulting from all
causes during the COVID-19 pandemic that exceeds the
expected number of deaths based on historical trends in
all-cause mortality, which is a crucial measurement of the
actual toll of the COVID-19 pandemic on the population
[2, 3]. Estimations reveal that the global all-age rate of
excess mortality during the period from January 1, 2020,
to December 31, 2021, was 120.3 deaths per 100,000 indi-
viduals [2], placing an immense burden on healthcare,
individuals, and the economy [4, 5]. Many public health
interventions have been devised to mitigate the transmis-
sion of severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2), including the implementation of wearing
mask, widespread vaccination campaigns, and the prac-
tice of social distancing. However, the COVID-19 pan-
demic has undergone rapid evolution. The emergence of
the Omicron (B.1.1.529) variant of SARS-CoV-2, initially
identified in South Africa on November 26, 2021 [6], has
been associated with potentially reduced severity but sig-
nificantly heightened transmissibility compared to earlier
variants [7], along with demonstrated immune evasion
capabilities [8]. Consequently, this variant has triggered
substantial Omicron outbreaks in numerous countries
and has already had a profound global impact.

Many factors may account for the COVID-19 pan-
demic, including local epidemiology, population immu-
nity, demographic composition, and healthcare system
capacity. However, some important questions were
raised: (1) Are there disparities in age- and sex-specific
excess mortality between the Omicron and non-Omicron
waves of COVID-19 worldwide during the period of 2021
and 20227 (2) To what extent can all-cause excess mortal-
ity be attributed to the local epidemiological characteris-
tics of the population, SARS-CoV-2 variants, population
immunity, and social determinants?

Sparse data have been documented regarding heter-
ologous excess mortality concerning non-Omicron and
Omicron variants in different countries. In this study,
we conducted a comparative analysis of the surplus all-
cause mortality between the non-Omicron and Omicron
waves in 29 countries, examining the contributory factors

associated with this phenomenon due to the pandemic,
spanning from the initial week of 2021 to the 30th week
of 2022.

Methods

Mortality data collection

We conducted a time series analysis using weekly mor-
tality data collected from the Short-term Mortality Fluc-
tuations data series of the Human Mortality Database
(https://www.mortality.org/Data/STMF ) for the first
week of 2015 to the 30th week of 2022. These data dis-
aggregated by age and sex are provided for each coun-
try. These data are from the Max Planck Institute for
Demographic Research in Rostock, Germany, as well as
authoritative national agencies, and are supported by the
Department of Demography at the University of Califor-
nia, Berkeley, USA [9].

The gender-specific national average population data
for 29 countries were collected from the Human Mor-
tality Database. Additionally, the population data for the
5-year age groups were sourced from the United Nations
(https://population.un.org/wpp/Download/Standard/
Population/).

Variates of the COVID-19 virus collection

The COVID-19 virus variants, including the Alpha, Beta,
Gamma, Delta, and Omicron variants, were collected
biweekly from the Our World in Data database. This
database is a collaborative effort between researchers
at Oxford University and the nonprofit Global Change
Data Lab (https://ourworldindata.org/organization). To
address missing values for the variants during odd weeks,
a duplicated method was employed where the value from
the following week was used as a substitute. It is impor-
tant to note that the current situation is characterized by
the dominance of the Omicron variant, defined as having
an Omicron proportion of 50% or higher.

Covariate data collection

Three COVID-19 vaccine candidates, including the total
boosters per hundred, people vaccinated per hundred,
and people fully vaccinated per hundred, other covari-
ates such as epidemic intensity of COVID-19 (including
new confirmed cases of COVID-19 per million, positive
rate, the effective reproduction rate of the virus, and new
tests for COVID-19 per thousand), the capacity of the


https://www.mortality.org/Data/STMF
https://population.un.org/wpp/Download/Standard/Population/
https://population.un.org/wpp/Download/Standard/Population/
https://ourworldindata.org/organization

Zou et al. BMC Public Health (2024) 24:350

healthcare system (including COVID-19 patients in ICU
per million, COVID-19 patients in hospital per million,
hospital beds per thousand), the prevalence of chronic
diseases (such as death rate from cardiovascular disease
in 2017, diabetes prevalence of population aged 20 to 79
in 2017), and various social factors (including stringency
index, population density, human development index,
median age, aged > 65 years old, aged > 70 years old, the
share of women or men who smoke, GDP, extreme pov-
erty) were also collected from the Our World in Data
database.

Most of these covariates were reported daily, except
for newly confirmed cases of COVID-19 per million,
COVID-19 patients in ICUs per million, and COVID-
19 patients in hospitals per million. To facilitate future
analysis, the weekly averages of these covariates were
calculated.

Statistics

All covariates were evaluated as non-normal continuous
variables, and the median (Ps), 25th percentile (P,5), and
75th percentile (P,;) were used to describe the distribu-
tion of nonnormally distributed data. Based on weekly
all-cause death data from 29 countries for the period
2015-2019, before the COVID-19 pandemic, a Bayesian
Structured Time Series Model (BSTS) was used to pre-
dict the expected weekly deaths and their 95% confidence
intervals (95% CI) during the COVID-19 pandemic for
the period 2020-2022. The predictions were stratified by
gender and age groups, specifically 0-14, 15-64, 65-74,
75-84, and =85 years. The BSTS, a stochastic state space
model, is employed to predict the expected number of
deaths. It integrates trend, seasonality, and regression
components, enabling a comprehensive time series data
analysis [10]. The model automatically assimilates prior
information and likelihood functions to derive a pos-
terior distribution [11]. Estimating this distribution for
each model parameter is meticulously carried out using
the Markov Chain Monte Carlo (MCMC) algorithm.
Subsequently, the Bayesian model averaging technique is
applied, refining the results of the posterior distributions
to achieve the final predictive output.

The BSTS model accounted for the exclusion of con-
founding effects arising from long-term trends and sea-
sonal variations. The BSTS model consists of three main
components: the Kalman filter, spike-and-slab method,
and Bayesian model averaging [12], which enables it to
consider time-varying model parameters at the same
time and present the random characteristics of the tar-
get sequence [12, 13]. The prediction results of the BSTS
method rarely depend on certain assumptions [13], which
can effectively deal with the uncertainties contained in
the time series [12, 14]. In the field of public health, the
BSTS model is widely used in disease surveillance and
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prediction, causal inference, trend analysis, and policy
evaluation [12, 15-17], and many previous studies have
found that the BSTS model has better prediction perfor-
mance than other time series models [13, 18]. The equa-
tions of BSTS are as follows:

Y = Z] aw + py + 7 + eer ~ N(0, Hy) (1)

a1 = Ty + Ry ~ N (0, Q) (2)

Equation 1 is the observation equation, while Eq. 2 is
referred to as the state equation [16]. y; is the expected
number of all-cause deaths in week t. a; is the poten-
tial d-dimensional state vector for week t. Z; is defined
as the d-dimensional output vector. T} referred to as the
transition matrix, is a d x d dimensional matrix that
governs the evolution of the state vectora; over time. R;
is identified as the d x ¢ control matrix, which, along
with T}, contains a mix of known values (0 and 1). ¢
and 7; are Gaussian error terms with mean 0 and vari-
ances H,C and @;. p; and 7; are used to control for
long-term trends and seasonal effects (53 weeks per
year), respectively. The “Causallmpact” R package was
used to estimate the expected number of deaths using a
1000-iteration MCMC algorithm.

We used meta-analysis to combine the weekly excess
mortality and confidence interval of each country in 29
countries into the total effect value of each country in 29
countries and the total effect value of the world. Then,
the all-cause excess mortality rate per 100,000 was com-
puted and compared between the Omicron and non-
Omicron waves of COVID-19. Wilcoxon’s rank sum tests
were utilized for this comparison. Furthermore, sub-
group analysis was performed, transforming the data by
age and gender groups, to examine any variations within
these categories.

To explore the impact and significance of all covari-
ates on the excess all-cause mortality rate, we employed
a two-step approach. First, Spearman’s Rank Correlation
coefficient (rs) analysis was utilized to identify variables
that showed a significant correlation (P<0.05) with the
all-cause excess mortality rate. This analysis helped to
eliminate variables with weak or negligible relationships
to the mortality rate. In the second step, a random for-
est (RF) regression model was used to assess the feature
importance of explanatory variables in predicting the all-
cause excess mortality rate. This approach aids in reduc-
ing the burden of data collection and enhances efficiency
by identifying the most influential variables for making
accurate predictions [19]. Furthermore, these covariables
provided by the Our World in Data database have data
missing, and some variables have overlapping meanings.
In such cases, we prioritized variables that had greater
significance in the RF model and fewer missing entries.
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The selected covariates underwent multiple imputation
to address missing values, thereby ensuring their suit-
ability for subsequent analysis. Next, to incorporate the
impact of the mixture, the quantile-based g-comp.

utation approach, implemented in the R package
“qgcomp” [20, 21], was employed. This approach consid-
ers various factors, such as vaccines, COVID-19 variants,
the epidemic intensity of COVID-19, the capacity of the
healthcare system, the prevalence of chronic diseases,
and social factors, to analyse the all-cause excess mortal-
ity rate. Additionally, each covariate’s positive or negative
correlations and weights on the all-cause mortality rate
were evaluated. This method flexibly combines Weighted
Quantile Sum Regression and the g-computation causal
effect estimation method, exhibiting several characteris-
tics inherent to the causal inference method [20].

Yi= [+ Zﬁlxﬁ T 3)
i=1

Y; is the all-cause excess mortality for observation i, 3,
is the intercept, f; is the effect size of exposure j, €; is
the error term, X? is the quantized versions of Xj, and
X?: { 0,1,2,3}(X?:0,when the observed value of X; is less
than the 25th quartile of this variable). If all exposures
are directionally homogeneous in their association with
outcomes, 1 is equal to the sum of the regression coef-
ficients (¢ = Z;:I f3;), representing the estimated com-
bined effect of all exposures as a whole on outcomes, and
wy, = B/ z; f; is the weight for each exposure (indexed
by k, and the weights are defined to sum to 1.0) [20]. In
cases where direction homogeneity is not established, the
quantile g-computation approach adjusts the weights by
categorizing them as either negative or positive. These
positive and negative weights represent the correlation
direction between the exposure and outcome indicators.

Finally, we conducted sensitivity analyses using alterna-
tive Omicron thresholds (=60% and >70%) and imput-
ing the missing values for the variants during odd weeks
using the mean values of the two weeks before and after.
The analyses were carried out with R software (version
4.2.2). A two-sided P value of less than 0.05 represented
statistical significance.

Results

Excess all-cause mortality during the first week of 2021 to
the 30th week of 2022

The estimated cumulative number of excess deaths
attributed to COVID-19 across all age groups globally
was approximately 1.39 million, spanning from the first
week of 2021 to the 30th week of 2022 (Table 1). Among
the countries analysis, three countries (the United States,
Poland, and Italy) witnessed cumulative excess deaths
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exceeding one hundred thousand during this period.
In terms of age breakdown, the cumulative number of
excess deaths for individuals under the age of 15 was
nearly close to zero. However, the population aged >85
years experienced the highest cumulative number of
excess deaths (Fig. 1). By the 30th week of 2022, the esti-
mated weekly excess all-cause mortality rate was nearly
2.17 per 100,000 individuals (95% CI: 1.47 to 2.86) across
the 29 countries/states. The magnitude of the all-cause
excess mortality rate varied significantly among these
countries. Bulgaria had the highest estimated weekly all-
cause excess mortality rate, reaching 8.79 deaths (95%
CIL 6.73 to 10.85) per 100,000 population. On the other
hand, Luxembourg showed a negative all-cause excess
mortality rate. In the majority of countries, the estimated
excess all-cause mortality rate is higher among men than
among women, with the exception of Spain, South Korea,
Denmark, Luxembourg, and New Zealand. The weekly
all-cause excess mortality rates due to the COVID-19
pandemic in 29 countries/states are shown in Figure S1.

The excess all-cause mortality rate during omicron and
non-omicron waves of COVID-19

Figure S2 (A) illustrates the weekly proportion of Omi-
cron variants across the 29 countries/states during
the study period. Starting in the 3rd week of 2022, the
Omicron variant emerged as the predominant strain of
COVID-19 worldwide. Additionally, the excess all-cause
mortality rate during the Omicron wave of COVID-19
seemed to be lower than that during non-Omicron waves
(Figure S2 B). Furthermore, across all age groups, the
observed deaths were closely aligned with the expected
levels during the COVID-19 Omicron wave (Fig. 1). Dur-
ing the non-Omicron wave, the estimated weekly excess
all-cause mortality rate was 1.47 (0.05, 4.02) deaths per
100,000 population, whereas significantly less all-cause
excess mortality was estimated during the COVID-
19 Omicron wave, with 0.86 (-0.20, 2.23) deaths per
100,000 population in 29 countries/states globally (Fig. 2,
P<0.001). Comparatively, during the Omicron wave, the
weekly all-cause excess mortality rate was lower in most
countries, except for Belgium, Chile, Finland, New Zea-
land, Norway, South Korea, Spain, and the United States
(Table S1). Figure 2 displays the age- and sex-stratified
weekly all-cause excess mortality rates during the study
period across 29 countries/states. Among individuals
below the age of 15 years, there was no significant differ-
ence in all-cause excess mortality rates (P=0.906), with
the rate being close to zero. In comparison, the other four
age groups exhibited lower weekly all-cause excess mor-
tality rates during the COVID-19 Omicron wave when
compared to the non-Omicron waves (P<0.001). Inter-
estingly, individuals in the age group of 85 years or older
experienced the highest all-cause excess mortality rate in
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Table 1 Number of reported deaths, excess deaths, and excess all-cause mortality rate weekly across 29 countries/states

Country/State Reported deaths  Estimated deaths Excess deaths Excess mortality Excess mortality rate Excess mor-
rate(per 100,000)  of Male(per 100,000) tality rate of
Female(per
100,000)
Global 13,873,219.00 12,539,884.33 1,333,334.67 17(1.47,2.86) 2. 36(1 63,3.09) 1.91(1.25,2.57)
Israel 82,059.00 74,850.02 7,208.98 0. 99(0 71,1.27) 22(0.89,1.54) 0.80(0.54,1.06)
South Korea 533,842.00 493,539.22 40,302.78 0.95(0.51,1.39) 0. 92(0 52,132) 0. 98(0 50,1.46)
Austria 41,948.00 131,925.24 10,022.76 1.39(0.97,1.81) 71(1.30,2.12) 04(0.58,1.50)
Belgium 179,337.00 174,481.34 4,855.66 0.49(0.09,0.90) 0. 95(0 53,1.37) 0. 09( 0.35,0. 53)
Bulgaria 221,456.00 171,518.89 49,937.11 8.79(6.73,10.85) 9. 42(7 23,11.61) 17(6.21,10.13)
Switzerland 112,749.00 108,077.53 4,67147 0.65(0.26,1.04) 01(0.62,1.40) 0. 28( 0.16,0.71)
Czechia 207,206.00 181,449.19 25,756.81 2. 99(1 94,4.03) 3. 54(2 294. 79) 243(1.57,3.30)
Germany 1,611,217.00 1,535,320.82 75,896.18 12(0.58,1.65) 29(0.79,1.80) 0.92(0.36,1.49)
Denmark 91,357.00 88,643.38 2,713.62 0. 56(0 18,0.93) 0. 47(0 09,0. 86) 0. 65(0 24,1.06)
Spain 724,769.00 667,696.59 5707241 1.36(0.90,1.83) 52(1.09,1.94) 82(1.17,2. 46)
Estonia 28,905.00 25,118.00 3,787.00 3. 49(2 84,4.13) 3. 89(3 174 62) 15(2.42,3.87)
Finland 93,386.00 88,028.22 5357.78 18(0.82,1.53) 20(0.82,1.57) 17(0.77,1.56)
France 1,018477.00 977,908.56 40,568.44 0. 78(0 50,1.05) 13(0.86,1.40) 0. 42(0 13,0. 71)
Greece 228,656.00 201,186.23 27,469.77 21(247,3.95) 3. 50(2 77 4. 23) 291(2.13,3.70)
Croatia 96,832.00 81,401.76 15,430.24 61(3.58,5.63) 4.92(3.87,5.97) 4.31(3.26,5.36)
Italy 1,124,867.00 1,018,931.92 105,935.08 17(1.78,2.57) 2.29(1.92,2.67) 2.04(1.60,2.49)
Lithuania 72,259.00 58,354.63 13,904.37 6.04(509,6.99) 6.45(5.53,7.38) 5.70(4.64,6.76)
Luxembourg 7,062.00 7,283.34 -221.34 -0.42(-0.84,0.00) -0.45(-0.99,0.08) -0.35(-0.89,0.19)
Latvia 52,207.00 44,372.23 7,834.77 5.08(3.87,6.29) 5.31(4.16,647) 4.83(3.50,6.15)
Netherlands 262,853.00 250,272.80 12,580.20 0.88(0.40,1.37) 15(0.66,1.64) 0.63(0.13,1.13)
Norway 68,112.00 65,168.53 2,94347 0.67(0.29,1.05) 0. 75(0 36,1.13) 0. 62(0 20,1.05)
Poland 781,820.00 672,316.89 109,503.11 348(2.504.47) 3. 84(2 784. 89) 14(2.20/4. 09)
Portugal 198,568.00 174,210.67 24,357.33 2.90(1.81,3.99) 96(0.93,3.00) 64(0.70,2.58)
Slovakia 107,220.00 85,030.79 22,189.21 4.96(3.77,6.15) 5. 16(3 90,6.42) 4. 76(3 6,50.92)
Slovenia 36,099.00 33,927.94 2,171.06 1.26(0.61,1.90) 76(1.07,2.45) 0.71(0.02,1.40)
Sweden 140,567.00 136,996.76 3,570.24 0.40(0.12,0.69) 0. 66(0 39,0.93) 15(-0.19,0. 49)
United States 5,373,472.00 4,760,204.04 613,267.96 2.24(1.74,2.74) 2.36(1.80,2.92) 79(1.35,2.24)
New Zealand 57,252.00 54,812.63 2,439.37 0.57(0.31,0.84) 0.31(0.04,0.58) 0. 76(0 45,1.06)
Chile 218,665.00 176,856.17 41,808.83 2.63(2.30,2.96) 2.88(2.51,3.25) 2.38(2.07,2. 70)

both the COVID-19 Omicron and non-Omicron waves.
Then, the estimated all-cause excess mortality rate dur-
ing the non-Omicron wave was approximately twice as
high as that during the Omicron wave for both males and
females.

Characteristics of covariates

By considering the correlation of covariates, the contri-
bution from the REF, and accounting for missing values,
a total of 19 covariates were ultimately included (Figure
S3). Table 2 presents the characteristics of these covari-
ates during the Omicron and non-Omicron waves. Dur-
ing the study period, an median of 4500 new confirmed
COVID-19 cases per million were reported weekly across
the 29 countries/states, with the Omicron wave experi-
encing nearly three times the number of cases compared
to the non-Omicron wave.

Contribution of covariates to excess all-cause mortality

Figure 3 shows the findings of the joint effects analysis
based on the qgcomp method. The results demonstrate
that the proportion of non-Omicron variants in all vari-
ants, new cases per million, positive rate, cardiovascular
death rate, people fully vaccinated per hundred, extreme
poverty, hospital patients per million humans, people
vaccinated per hundred, and stringency index exhibited a
positive association with all-cause excess mortality rates.
On the other hand, other factors displayed a negative
relationship with all-cause excess mortality rates. Among
the factors negatively associated with all-cause excess
mortality rates, the human development index, the total
number of COVID-19 vaccination boosters administered
per 100 people, and female smokers accounted for the
top three weights, collectively contributing to 62% of the
overall weight. Conversely, among the factors positively
associated with all-cause excess mortality rates, the con-
stituent ratio of non-Omicron variants in all variants, the



Zou et al. BMC Public Health (2024) 24:350

0-14 years old
2000

15-64 years old

Page 6 of 11

65-74 years old

100000/ 100000
1
500 750001 750001
8 ",’X?:*ﬁ““"‘vw“ VY ‘r“»v,f-.;z-.u‘;/“t:,a,v-..»ao.\,m-w‘v 50000/ 50000/
500 250000 B 25000 S O o DN Ll
0 0’ 0’
75-84 years old 285 years old 300000 All ages
100000 100000/
750004‘ 750001, -~ 200000/
» e, ‘,w%w\
e ool ” A %
8 50000 ot L Rl
(3]
25000
0 - - : : o' - : : 0 - . : .
& i $ Ui W & o° N Ui > N i NS Ui >
SRR SR SR G SR S R G\
N o o Kl o N4 o o Kiid Kl N4 o o K Kl
v > BN > > v » o > > v > o » >

Fig. 1 Age-specific weekly counts of observed and predicted deaths due to the COVID-19 pandemic globally. (The blue area means 95% confidence

interval of the predicted)

new confirmed cases of COVID-19 per million per week,
and the positive rate held the most substantial weights,
contributing to a total weight of 62.64%.

Sensitivity analysis

In sensitivity analyses using different Omicron propor-
tion thresholds (=60% and >70%), the findings were
consistent with those of the main analysis. Specifically,
we observed that the weekly all-cause excess mortal-
ity rates during the non-Omicron waves of COVID-19
were significantly higher than those during the Omicron
wave. This trend was evident in both male and female
groups and across all age groups, except for individuals
below the age of 15 years (Table S2). Furthermore, we
noted slight variations in the all-cause excess mortal-
ity rates between the Omicron and non-Omicron waves
when different criteria were used to define the Omicron
wave (refer to Table S2). After re-imputing the data using
the average of the two weeks before and after the miss-
ing data point, the results demonstrated that the revised
imputation method did not significantly alter the findings
(Table S3).

Discussion

The comprehension of the impact of all-cause excess
mortality during the non-Omicron and Omicron
waves of the COVID-19 pandemic, as well as the fac-
tors contributing to it, holds significant importance for
informing public health decision-making. Our study
represents the first comprehensive global analysis of the

factors influencing all-cause excess mortality during the
COVID-19 epidemic, considering socioeconomic factors,
vaccination rates, COVID-19 epidemic intensity, chronic
disease prevalence, and healthcare system capacity. This
research provides valuable insights into both the direct
and indirect consequences of the COVID-19 pandemic
on all-cause mortality.

Our analysis reveals that during the non-Omicron
wave, the estimated all-cause excess mortality rate glob-
ally was 1.47 deaths per 100,000 population, which is
about 1.7 times higher than that during the Omicron
wave. Our findings suggest that several factors contribute
to the burden of all-cause excess mortality. These include
the constituent ratio of non-Omicron variants, the epi-
demic intensity of COVID-19, the percentage of people
vaccinated with one or two doses, the stringency index,
extreme poverty, cardiovascular death rate, and the num-
ber of hospital patients per million.

According to our findings, the all-cause excess mortal-
ity during the Omicron period was significantly lower
than that during the non-Omicron period. This could be
attributed to certain characteristics of the Omicron vari-
ant. For instance, spike mutations in the Omicron vari-
ant might impede the virus’s ability to utilize TMPRSS2,
which is crucial for viral entry and replication in cells
such as Calu3 and Caco?2 cells. As a result, the replication
capacity of the Omicron variant is substantially reduced
both in vitro and in vivo when compared to the non-
Omicron variants [22].
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Bl Non-Omicron waves M Omicron waves

Group Non-Omicron waves Omicron waves P
Total 1.47(0.05,4.02) 0.86(-0.2,2.23) <0.001
Age

0-14 years old -0.01(-0.15,0.11)  -0.02(-0.15,0.11)  0.906

15-64 years old 0.39(0.07,1.15) 0.2(-0.06,0.53)  <0.001
65-74 years old 2.95(0.17,8.82) 1.22(-1.354.42)  <0.001
75-84 years old 8.69(1.19,19.74)  7.48(0.39,15.19)  <0.001

=85 years old 15.38(-11.52,48.86) 8.43(-14.57,37.45) 0.002

Sex
Male 1.63(0.22,4.38) 0.97(-0.13,2.55) <0.001
Female 1.4(-0.17,3.74) 0.77(-0.42,2.32) <0.001

-15 010 25 40
Excess mortality rate (per 100000)

Fig. 2 The weekly excess mortality rate during the Omicron and non-Omicron waves of COVID-19

Table 2 The summary characteristics of included covariates in the Omicron and Non-Omicron waves across 29 countries/states

Covariates Omicron waves Non-Omicron wavse

Median P,s P,s Median P,s P;s
People vaccinated per hundred 76.05 69.61 81.40 44.49 11.99 65.24
People fully vaccinated per hundred 7184 64.98 7848 29.65 446 5844
Total boosters per hundred 51.53 33.68 58.50 0.00 0.00 043
New cases per million 4,500.12 1,419.59 11,097.22 1,156.28 416.81 2,368.57
Reproduction rate 1.00 0.79 1.24 1.03 0.87 1.20
ICU patients per million 3937 377 103.83 70.61 12.39 24148
Hospital patients per million 54132 25.52 1,317.99 491.85 108.25 1,488.19
Test per case 4.87 3.06 937 2197 10.65 60.94
Stringency index 24.07 14.81 37.68 51.14 41.25 65.51
Aged 70 older 1293 10.20 13.75 1293 10.20 13.75
Female smokers 23.10 19.30 28.20 23.10 19.30 28.20
GDP per capita 35,220.08 29,481.25 45,436.69 35,220.08 29,481.25 45,436.69
Extreme poverty 0.70 0.20 1.20 0.70 0.50 1.00
Cardiovascular death rate 133.98 114.32 227.33 133.98 114.32 22733
Diabetes prevalence 581 479 7.7 581 479 7.7
Omicron 1.00 1.00 1.00 0.00 0.00 0.00
Non-Omicron 0.00 0.00 0.00 1.00 1.00 1.00
Positive rate 0.20 0.10 032 0.05 0.02 0.09

Human development index 0.92 0.88 0.93 0.92 0.88 0.93
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The constituent ratio of non-Omicron in all variant -
Human development index -

Total boosters per hundred -

New cases per million =

Share of women who smoke -

Positive rate -

Cardiovascular death rate -

Number of COVID-19 patients in ICUs weekly -
Share of the population that is 70 years and older -
Diabetes prevalence -

People fully vaccinated per hundred -

Share of the population living in extreme poverty -
Number of COVID-19 patients in hospital per million people -
GDP per capita-

People vaccinated per hundred -

Stringency index -

Reproduction rate -

The constituent ratio of Omicron in all variant -

Tests conducted per new confirmed case -

-1.00 075

Negatives
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Positive

-050 025 0.00 025 0.50 0.75 1.00

Weights

Fig. 3 The“weights” of influencing factors correspond to the excess all-cause mortality

In addition, a study showed that compared with ham-
sters infected with non-Omicron variants, hamsters
infected with Omicron variants had a significantly lower
index of bronchiolitis, alveolitis, type II pneumocytosis
and large type II pneumocytosis, and the spread of the
virus in the lung tissue was reduced so that the Omicron
variant showed a lower pathogenicity [23]. These find-
ings suggest that the Omicron variant is associated with
decreased severity of lung tissue infection and pathology
in the hamster model.

Based on the observed properties of reduced pathoge-
nicity and lower replication rate of the Omicron variant,
we propose that the all-cause excess mortality attributed
to COVID-19 is lower during the Omicron period than
during the non-Omicron period. Our proposed hypoth-
esis aligns with the findings of previous studies, which
have also reported decreased mortality rates and lower
severity of infection associated with the Omicron variant
[24, 25]. The reduced mortality due to COVID-19 may be
one of the reasons why excess all-cause mortality is lower
in Omicron waves than in non-Omicron waves. Similar
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to our study, the excess all-cause death rate during the
Omicron waves is also reportedly lower than it was dur-
ing the non-Omicron period according to numerous
studies [26]. However, a study by Massachusetts noted
that the excess all-cause mortality rate during the omi-
cron period was higher than that during the Delta period
[27]. In this study, the observation period for the Omi-
cron variant was only 8 weeks, from December 2021 to
February 2022, which coincided with the winter season.
The contradiction between this study and our findings
can be attributed to the short observation period and the
fact that it was conducted during a time when viral and
cardiovascular disorders were more prevalent.

After employing the qgcomp method to examine the
factors influencing all-cause excess mortality, we identi-
fied several key findings. The constituent ratio of non-
Omicron in all variants, the intensity of the COVID-19
epidemic, the percentage of people vaccinated with only
one or two doses per hundred, the stringency index,
extreme poverty, cardiovascular death rate, and the
number of hospital patients per million humans were
identified as risk factors for all-cause excess mortality.
Conversely, the socioeconomic indicator of the human
development index, the administration of COVID-
19 booster vaccines per 100 people, the proportion of
the population aged 70 years and older, the percentage
of women who smoke and the number of COVID-19
patients in intensive care units (ICU) were identified as
protective factors. The strain on the healthcare system
during the COVID-19 period may have led to individuals
who required medical treatment being unable to access it
[28, 29]. Furthermore, studies have indicated that infec-
tion with the virus responsible for COVID-19 can result
in a decline in immune function [30], the prevalence of
COVID-19 can indirectly impact people’s physical and
mental health. Moreover, the widespread presence of
COVID-19 can lead to various challenges in people’s lives
and economies, which may result in a higher prevalence
of mental or physical illnesses and subsequently increase
the risk of death. In short, a higher number of new cases
and a higher positive rate of COVID-19 are associated
with increased deaths caused by COVID-19.

Research conducted by Akram Hernindez-Vasquez
indicates that individuals with a low human develop-
ment index in Metropolitan Lima experienced higher
rates of all-cause excess mortality during the COVID-19
pandemic [16], which aligns with our findings. Addition-
ally, studies have demonstrated that the emergence of the
Omicron variant is associated with a weakened neutral-
izing antibody response after receiving two vaccination
doses. However, administering a third dose or boosters
has been shown to generate a broader and higher anti-
body titer, which may help address the issue of reduced
neutralization against the Omicron variant. These
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findings support the potential effectiveness of additional
vaccine doses in mitigating the impact of the Omicron
variant [31-33].

Contrary to prevalent assumptions, an inverse correla-
tion was observed between the proportion of the popu-
lation aged 70 years and older, the percentage of women
who smoke and the number of COVID-19 patients in
ICU, with the all-cause excess mortality. This finding
appeared paradoxical at first but gained plausibility upon
broader examination. Typically, individuals such as the
elderly, smokers, and critically ill COVID-19 patients,
who were more susceptible to adverse health outcomes,
would exhibit higher mortality rates from infectious dis-
eases. However, the protective measures implemented
during the COVID-19 pandemic, such as restrictions
and lockdowns, inadvertently shielded these vulnerable
groups, potentially decreasing their mortality rates under
these unique circumstances [34]. This pattern has been
documented in various studies focusing on COVID-19
and environmental health, particularly during events like
severe air pollution, heatwaves, cold spells, and epidem-
ics [35]. It has been conceptualized as the ‘dry tinder’
effect [36], the ‘reverse harvesting effect, and the ‘har-
vesting effect’ in different studies [35, 37-39].

To elucidate, consider the case of the elderly, who gen-
erally engage in fewer outdoor activities due to retire-
ment or physical limitations, a phenomenon extensively
studied in medical research [40-42]. The COVID-19
pandemic, with its community lockdowns, social dis-
tancing mandates, and heightened self-preservation
instincts among the elderly, further curtailed their out-
door activities [43]. Consequently, this could lead to
a reduced incidence of COVID-19 infection and acci-
dental injuries among the elderly, potentially explaining
the observed lower all-cause excess mortality rates in
this demographic. Additionally, an increase in COVID-
19 patients in ICUs might prompt hospitals to allocate
more resources, equipment, and specialized care, thereby
enhancing patient treatment and monitoring. This
increased support could mitigate the risk of premature
mortality due to resource constraints, offering a plausible
explanation for the lower excess mortality rates observed
with a higher number of ICU patients.

However, this article also has many limitations that
cannot be ignored. First, since the population figures
for each country in 2022 were unavailable at the start
of the study, the average population for each country in
2020 and 2021 was used throughout the study period.
However, internal migration or displacement may have
occurred, leading to a potential underestimation of the
number of excess deaths [44]. Furthermore, the study was
limited by the availability and integrity of data. Only 29
countries were included in the analysis, and the study did
not encompass a global analysis of excess deaths in each
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country. As a result, it is important to exercise caution
when generalizing the conclusions of this study to every
country worldwide. These limitations highlight the need
for ongoing research and data collection to improve our
understanding of all-cause excess mortality and its fac-
tors on a global scale.

Conclusion

In conclusion, our study findings demonstrate that the
all-cause excess mortality during the Omicron waves of
COVID-19 was lower than that during the non-Omicron
waves. Factors such as a high proportion of non-Omicron
variants, increased new cases, and a high positive rate
were identified as risk factors for all-cause excess mortal-
ity. Conversely, a high human development index, admin-
istration of a third dose of vaccination, and a population
over 70 years old were identified as protective factors.
Furthermore, extreme poverty, cardiovascular death rate,
and hospital patients per million humans were found
to be risk factors for all-cause excess mortality, while
booster vaccinations were identified as protective factors.
It is recommended to focus on improving the economy,
promoting booster vaccinations, and enhancing overall
population health to effectively reduce all-cause excess
mortality. These efforts will contribute to achieving the
goal of harmonious coexistence with COVID-19 and
potentially even eliminating the virus from humanity.
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