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Abstract
Background  The COVID-19 pandemic led to significant excess mortality in 2020 in Belgium. By using microlevel 
cause-specific mortality data for the total adult population in Belgium in 2020, three outcomes were considered in 
this study aiming at predicting sociodemographic (SD) and socioeconomic (SE) patterns of (1) COVID-19 specific 
death compared to survival; (2) all other causes of death (OCOD) compared to survival; and (3) COVID-19 specific 
death compared to all OCOD.

Methods  Two complementary statistical methods were used. First, multivariable logistic regression models providing 
odds ratios and 95% confidence intervals were fitted for the three study outcomes. In addition, we computed 
conditional inference tree (CIT) algorithms, a non-parametric class of classification trees, to identify and rank by 
significance level the strongest predictors of the three study outcomes.

Results  Older individuals, males, individuals living in collectivities, first-generation migrants, and deprived SE groups 
experienced higher odds of dying from COVID-19 compared to survival; living in collectivities was identified by the 
CIT as the strongest predictor followed by age and sex. Education emerged as one of the strongest predictors for 
individuals not living in collectivities. Overall, similar patterns were observed for all OCOD except for first- and second-
generation migrants having lower odds of all OCOD compared to survival; age group was identified by the CIT as the 
strongest predictor. Older individuals, males, individuals living in collectivities, first- and second-generation migrants, 
and individuals with lower levels of education had higher odds of COVID-19 death compared to all OCOD; living in 
collectivities was identified by the CIT as the strongest predictor followed by age, sex, and migration background. 
Education and income emerged as among the strongest predictors among individuals not living in collectivities.
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Text box 1. Contributions to the literature
• Thanks to the use of exhaustive individual level data on causes of 
death in Belgium in 2020, significant sociodemographic and socioeco-
nomic disparities have been identified in COVID-19 mortality, aligning 
with the literature on COVID-19 from many other countries.
• Thanks to the use of classification trees, this study enables a hierarchi-
cal ranking of risk factors for COVID-19 mortality, making it possible to 
target at-risk groups in which the implementation of prevention mea-
sures is essential to reduce disparities in the context of the COVID-19 
pandemic or other potential future pandemic caused by viral diseases.
• Future research should consider the impact of vaccination on mitigat-
ing sociodemographic and socioeconomic inequalities in COVID-19 
mortality.

Background
The Coronavirus Disease 2019 (COVID-19), caused 
by the severe acute respiratory syndrome coronavirus 
2 (SARS-CoV-2), has spread rapidly around the world, 
resulting in a global pandemic as announced by the WHO 
in March 2020 [1]. The COVID-19 pandemic had major 
health consequences. A systematic review including 191 
countries identified that the pandemic had led to a global 
excess mortality rate of 120.3 deaths per 100,000 persons 
over the period from January 1st 2020 to December 31st 
2021 [2]. In Belgium, 126,850 deaths were recorded in 
2020 of which 19,801 were due to COVID-19 [3, 4]. In 
the same year, 18,765 excess deaths were recorded lead-
ing to an excess mortality of 17.5% [5].

The COVID-19 pandemic was swiftly characterized as 
a syndemic pandemic, highlighting the interplay between 
the virus biological aspects and the social determinants 
of health, further intensifying existing social inequali-
ties deeply rooted in our society [6, 7]. Indeed, beyond 
age and sex, which are well-established risk factors for 
COVID-19 mortality [8, 9], some international studies, 
based on either excess mortality or COVID-19 specific 
mortality, showed that ethnic minorities and deprived 
socioeconomic (SE) groups (e.g. with lower income and 
education levels, living in overcrowded households) 
experienced higher COVID-19 mortality or excess mor-
tality during the pandemic [10–15]. In Belgium, research 
based on excess mortality identified similar social pat-
terns during the first COVID-19 wave [16–19].

Due to delays in obtaining cause-specific mortality data 
so far, analyses on the SD and SE patterns of COVID-19 
specific mortality have not yet been published in Belgium. 
Our paper aims to bridge this void by offering a nuanced 
and deeper understanding of the SD and SE inequali-
ties in COVID-19 mortality using nationwide microlevel 

cause-specific mortality data for the entire Belgian adult 
population. This population-based study will use individ-
ual cause-specific mortality data for 2020 in Belgium to 
predict the SD and SE patterns of (1) COVID-19 specific 
deaths relative to survival; (2) all other causes of death 
(OCOD) relative to survival; and (3) COVID-19 specific 
deaths relative to all OCOD.

Materials and methods
Data sources and study population
Pseudonymized individual level data for the entire Bel-
gian population (over 11  million individuals) were pro-
vided by Statistics Belgium (Statbel) who performed a 
record linkage between four exhaustive data sources 
linked at the individual level using the Belgian social 
security number: (1) the Belgian national register provid-
ing yearly stock files including demographic indicators 
and mortality data for all individuals officially residing 
in Belgium as of 1st January of each year; (2) the admin-
istrative census 2011 providing data on education and 
housing; (3) the tax register providing data on yearly net 
taxable personal income; and (4) death certificates pro-
viding data on causes of death.

As cause-specific mortality data on COVID-19 were 
available from January 1st 2020 to December 31st 2020 
only, we limited our analysis to 2020, using the yearly 
stock file of 2020 and the individual cause-specific mor-
tality data for that year. In order to determine the SE 
characteristics properly, the study population consisted 
of 8,254,632 adults aged 25 years and older officially 
residing in Belgium. A flowchart demonstrating the study 
population selection process is available in Supplemen-
tary Fig. 1.

Variables
Mortality outcomes
Two mortality outcomes, occurring over the period 
from January 1st 2020 to December 31st 2020, were 
considered in our study: COVID-19 specific death and 
all other causes of death (OCOD). The individual cause-
specific mortality data, classified according to the Inter-
national Standard Classification of Disease and Related 
Health Problems 10th Revisions (ICD-10), enabled the 
identification of COVID-19 specific death using the 
ICD-10 codes U07.1 (COVID-19, virus identified) and 
U07.2 (COVID-19, virus not identified). We considered 
as COVID-19 deaths, deaths with one of these 2 codes 
as underlying cause of death. OCOD were identified by 

Conclusions  This study identified important SD and SE disparities in COVID-19 mortality, with living in collectivities 
highlighted as the strongest predictor. This underlines the importance of implementing preventive measures, 
particularly within the most vulnerable populations, in infectious disease pandemic preparedness to reduce virus 
circulation and the resulting lethality.
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any ICD-10 codes not falling within the aforementioned 
COVID-19 specific ICD-10 categories.

Figure 1 shows the daily number of COVID-19 deaths 
and all other causes of death during the year 2020 by age 
groups in Belgium. The first COVID-19 death recorded 
in Belgium occurred on 11th March 2020.

Sociodemographic and socioeconomic characteristics
To identify correlates of COVID-19 specific death and all 
OCOD, we selected a set of relevant SD and SE variables 
regarding their association, previously demonstrated in 
several national and international studies, with COVID-
19 mortality, excess mortality during the pandemic or 
all-cause mortality [16–18, 20–23]. Age group, sex, 
migration background, and living situation were included 
as SD characteristics. Migration background was based 
on the individual’s country of birth, nationality of origin 
and nationality of citizenship, as well as the country of 
birth of the parents. Individuals born outside Belgium 
have been classified as ‘First-generation migrants’. Indi-
viduals born in Belgium with a nationality of origin and 
a nationality of citizenship equivalent to Belgian, and 
whose parents were both born in Belgium were classified 
as ‘Belgian natives’. Individuals born in Belgium with at 
least one nationality other than Belgian, or at least one 
parent born outside Belgium have been classified as 
‘Second-generation migrants’. The living situation, par-
tially reflecting the social environment, was categorized 
into five groups: ‘With a partner’, ‘Without a partner’, 
‘Care homes’, ‘Other collectivities (no care home)’ (e.g., 

individuals living in prison), and ‘Other’ (e.g. adult chil-
dren still living with their parents, other co-residents, 
individuals living in atypical households). As SE predic-
tors, we included education and income levels. Education 
level was classified into five categories based on the Inter-
national Standard Classification of Education (ISCED): 
‘Primary or less’ (ISCED 0 to ISCED 1), ‘Lower second-
ary’ (ISCED 2), ‘Upper secondary’ (ISCED 3 to ISCED 
4), ‘Higher education’ (ISCED 5 to ISCED 8), and ‘Miss-
ing’. Income data was available as the deciles of the yearly 
net taxable income per person and distinguished: ‘Low 
income’ (deciles 1 to 4), ‘Middle income’ (deciles 5 to 7), 
‘High income’ (deciles 8 to 10), and ‘Missing’.

Statistical analyses
First, the descriptive analysis shows the distribution (fre-
quencies and percentages) of all SD and SE characteris-
tics in the total study population among individuals who 
died from COVID-19, from all OCOD, or survived as 
of 31st December 2020. Supplementary Table 1 shows 
the distribution (frequencies and percentages) of all SD 
characteristics in the study population with missing SE 
variables.

Second, the methodology includes two complementary 
statistical methods allowing a more in-depth exploration 
of the data: multivariable logistic regression models on 
the one hand and conditional inference tree (CIT) algo-
rithms on the other hand.

Fig. 1  : Daily number of COVID-19 deaths and all other causes of death by age groups in 2020 in Belgium
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Multivariable logistic regression models
In a first step, adjusted odds ratios (ORs) and Wald 95% 
confidence intervals (CIs) were estimated by fitting 
multivariable logistic regression models. A first logis-
tic regression model was fitted considering COVID-19 
specific deaths as cases and survivors as controls, while 
excluding individuals who died from all OCOD from the 
model. A second regression model was fitted consider-
ing all OCOD as cases and survivors as controls, while 
excluding individuals who died from COVID-19 from 
the model. Finally, a third regression model, applied on 
all deaths occurring in 2020 only, was fitted considering 
COVID-19 specific deaths as cases and all OCOD as con-
trols. All three multivariable logistic regression models 
were adjusted for all SD and SE covariates included in 
our study.

Conditional inference tree algorithm
In a second step, CIT algorithms were computed, com-
plementing logistic regression models. CIT algorithm, a 
non-parametric class of classification tree, is a valuable 
machine learning method to assess the predictive asso-
ciation between a dependent variable and a set of pre-
dictors. This method relies on the concept of statistical 
significance, employing p-values. Specifically, we used 
conditional recursive partitioning tree algorithms, a sub-
type of CIT. This method uses binary recursive partition-
ing within a conditional inference framework to model 
a regression relationship. The p-values used in the algo-
rithm construction are obtained from conditional per-
mutation tests [24–26]. The algorithm works as follows 
[24, 25, 27]:

1)	 The algorithm initiates with the entire sample and 
seeks to identify the optimal binary initial split to 
form the root node. For this purpose, it assesses the 
correlation (ρXjY ) between the response variable (Y) 
and any random variable from the set of predictors 
(Xj ). The null hypothesis (H0: ρXjY = 0) between 
Y and Xj  is assessed using a statistical test (i.e. 
conditional permutation test). If H0 is rejected (H1

: ρXjY �= 0),  the predictors Xj  with the strongest 
association (i.e. the lowest p-value) to Y is selected 
and constitutes the root node.

2)	 For each subset created, the algorithm recursively 
applies the conditional permutation tests for all 
predictors Xj  and selects the one that maximizes 
the pre-specified significance level α for splitting 
that subset. The algorithm stops when the stopping 
criteria are met.

3)	 The algorithm checks whether the specific stopping 
criteria are met at each recursive step. When the 
stopping criteria are met, the algorithm stops 
splitting the subset and the current subsets become 

the terminal nodes of the tree. The stopping 
criterium can be, for example, that H0 can no longer 
be rejected at a pre-specified level α, or that a specific 
tree depth or a minimum number of observations in 
a terminal node has been achieved.

Logistic regression and CIT offer a comprehensive exam-
ination of the data, each method possessing distinct 
advantages. Logistic regression is useful to quantify the 
association between a response variable and covariates, 
providing probability levels and confidence intervals for 
regression coefficients [28]. However, multicollinearity is 
not handled and the inclusion of interactions can become 
complicated to interpret. Classification tree, serving as 
a valuable complement to standard regression methods, 
addresses these limitations by handling complex, non-
linear interactions between variables, in which subgroups 
are formed through optimal splitting variables, leading 
to the natural emergence of interactions as new starting 
population [26]. The multicollinearity issues are man-
aged by the algorithm by selecting the most important 
of the two colinear variables and dealing with the non-
selected variables by calculating importance scores, indi-
cating their role as a substitute for primary divisions [29]. 
While some classification trees are prone to overfitting 
(e.g. Classification and Regression Tree) [24, 29], the CIT 
algorithm mitigates the overfitting issue by employing a 
statistical testing approach at each node. Instead of grow-
ing the tree without constraints, the CIT algorithm used 
the significance of a test (i.e. permutation tests) to deter-
mine whether a split is statistically significant, preventing 
the algorithm from creating overly complex structures 
that may not generalize well to new data. This approach 
helps maintain a more accurate and less overfitted model, 
enhancing the reliability of predictions [24, 25]. Finally, 
the classification tree provides a clear and easy hierarchi-
cal understanding of the relationship between the predic-
tors and the outcome that can help policymakers target 
their interventions [26].

In our analyses, three CIT algorithms were computed 
to identify and rank in order of importance the SD and SE 
predictors of cause-specific mortality. Following exactly 
the same approach applied to the multivariable logistic 
regression models, the first CIT considered COVID-19 
deaths as cases and survivors as controls while the sec-
ond CIT considered all OCOD as cases and survivors 
as controls. The third CIT was applied only on all death 
occurring in 2020 and considered COVID-19 deaths as 
cases and all OCOD as controls.

By applying these two complementary statistical meth-
ods to each outcome, this methodological approach 
allows first to explore separately the SD and SE pat-
terns associated with COVID-19 death and all OCOD 
in comparison with survivors, respectively. Additionally, 
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comparing COVID-19 death with all OCOD further 
helps characterize and understand how COVID-19 death 
differs from all OCOD, contributing to the identification 
of its specific patterns that distinguish it from ‘regular’ 
mortality in 2020. This approach deepens the analysis 
and contributes to a more robust understanding of the 
multi-faceted dynamics underlying mortality during the 
early stages of the COVID-19 pandemic.

Sensitivity analyses
To test the robustness of our results, we estimated sub-
distribution hazard ratios (SHR) and 95% confidence 
intervals using Fine and Gray competing risk models to 
identify the SD and SE predictors of COVID-19 death 
and all OCOD. Three competing risk models were per-
formed. The first model (Supplementary Table 2) con-
sidered COVID-19 death as cases and survival as the 
competing event, while excluding individuals who died 
from all OCOD. The second model (Supplementary 
Table 2) considered all OCOD as cases and survival as 
the competing event, while excluding individuals who 
died from COVID-19. The third model (Supplementary 

Table 3) considered COVID-19 deaths as cases and all 
OCOD as the competing event, while excluding survi-
vors. Due to the use of large datasets leading to compu-
tation constraints, the first and second competing risk 
models could only be performed on a 50% random subset 
representative of the total study population.

In our analyses, we set a significance level α of 0.05 and 
imposed a maximum tree depth of four levels. A four-
level tree allowed to maintain accuracy in the informa-
tion provided by the CIT while avoiding an excessive 
number of terminal nodes making visual interpretation 
and the message to be conveyed to policymakers more 
complex. For each CIT, the prevalence of cases in the 
study population of interest was used as the predictive 
threshold. CIT were trained on 70% of the data, 30% of 
the data was used to validate the performance of the algo-
rithm. CIT performances were measured by the means of 
sensitivity [95%CI] and specificity [95%CI]. All analyses 
were performed in R version 4.2.0 [30]. The package “Par-
tykit” was used for computing the CIT algorithms [31].

Table 1  Characterization of the study population, January 1st 2020 – December 31st 2020, Belgium
All
n = 8 254 632 (100%)

COVID-19 specific death
n = 21 941
(0.27%)

All other causes of death
n = 103 591
(1.25%)

Survivors
n = 8 129 100 (98.48%)

Age groups, n(%)
  25–64 6 050 325 (73.30) 1 421 (6.48) 15 204 (14.68) 6 033 699 (74.22)
  65–84 1 869 239 (22.64) 9 483 (43.22) 45 823 (44.23) 1 813 933 (22.31)
  85+ 335 069 (4.06) 11 037 (50.30) 42 564 (41.09) 281 468 (3.46)
Sex, n (%)
  Females 4 247 959 (51.46) 11 253 (51.29) 52 889 (51.06) 4 183 817 (51.47)
  Males 4 006 673 (48.54) 10 688 (48.71) 50 702 (48.94) 3 945 283 (48.53)
Living situation, n (%)
  With partner 5 226 987 (63.32) 6 713 (30.6) 39 082 (37.73) 5 181 192 (63.74)
  Without partner 2 166 454 (26.25) 6 307 (28.75) 37 106 (35.82) 2 123 041 (26.12)
  Care homes 96 464 (1.17) 7 283 (33.19) 19 825 (19.14) 69 356 (0.85)
  Other collectivities (no care home) 35 857 (0.43) 655 (2.99) 2 021 (1.95) 33 181 (0.41)
  Other 728 870 (8.83) 983 (4.48) 5 557 (5.36) 722 330 (8.89)
Migration background, n (%)
  Belgian natives 5 668 832 (68.67) 17 175 (78.28) 83 628 (80.73) 5 568 029 (68.50)
  Second-generation migrants 923 599 (11.19) 1 630 (7.43) 8 034 (7.76) 913 935 (11.24)
  First-generation migrants 1 662 201 (20.14) 3 136 (14.29) 11 929 (11.52) 1 647 136 (20.26)
Income, n (%)
  Low 2 733 998 (33.12) 9 992 (45.54) 46 624 (45.01) 2 677 382 (32.94)
  Middle 2 319 805 (28.10) 8 814 (40.17) 40 005 (38.62) 2 270 986 (27.94)
  High 2 632 537 (31.89) 2 534 (11.55) 13 864 (13.38) 2 616 139 (32.18)
  Missing 568 292 (6.88) 601 (2.74) 3 098 (2.99) 564 593 (6.95)
Education, n (%)
  Primary or less 934 378 (11.32) 8 581 (39.11) 34 985 (33.77) 890 812 (10.96)
  Lower secondary 1 731 746 (20.98) 5 279 (24.06) 26 069 (25.17) 1 700 398 (20.92)
  Upper secondary 2 470 213 (29.93) 3 188 (14.53) 18 309 (17.67) 2 448 716 (30.12)
  Higher education 1 981 898 (24.01) 2117 (9.65) 12 437 (12.01) 1 967 344 (24.2)
  Missing 1 136 397 (13.77) 2776 (12.65) 11 791 (11.38) 1 121 830 (13.8)
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Results
Description of the study population
Our study population was composed of 8,254,632 indi-
viduals aged 25 years and over officially residing in Bel-
gium as of 1st January 2020 (see Supplementary Fig. 1). 
Table  1 characterizes the study population in detail. 
As of January 1st 2020, the study population included 
8,254,632 individuals officially residing in Belgium aged 
25 years and over. Individuals who died from COVID-
19 accounted for 0.27% (N = 21,941) of the total study 
population, while individuals who died from all OCOD 
accounted for 1.25% (N = 103,591) of the total study pop-
ulation. Individuals who survived as of December 31st 
2020 accounted for 98.48% (N = 8,129,100) of the total 
study population.

Supplementary Table 1 characterizes the study popula-
tion including individuals with missing SE information. 
The majority of individuals with missing SE information 

was aged 25 to 64 years (93.58%), was females (49.32%), 
lived with a partner (45.05%), and a first-generation 
migration background (89.61%).

Predictors of COVID-19 specific death and other causes of 
death vs. survival, respectively
Multivariable logistic regression model results
Table  2 shows the fully adjusted ORs and 95% CIs esti-
mated resulting from the multivariable logistic regression 
models to identify the association of SD and SE variables 
with COVID-19 death and all OCOD compared to sur-
vival, respectively.

A higher odds of dying from COVID-19 was found 
among the middle-aged (OR 19.53 [18.22–20.96]) and 
the elderly (OR 77.45 [71.92–83.40]), compared to the 
youngest age group. Men had a two times higher mortal-
ity from COVID-19 (OR 2.19 [2.11–2.26]) than women. 
Individuals living with a partner have lower odds of dying 

Table 2  Fully adjusted odds ratios (ORs) and their 95% confidence intervals (CIs) for the sociodemographic and socioeconomic 
characteristics associated with COVID-19 death and all other causes of death compared to survival, respectively

COVID-19 specific death* All other causes of death**
OR [95%CI] P-value OR [95%CI] P-value

Age group (in years)
  25–64 1 1 1 1
  65–84 19.53 [18.22–20.96] < 0.001 8.48 [8.29–8.69] < 0.001
  85+ 77.45 [71.92–83.40] < 0.001 32.64 [31.78–33.51] < 0.001
Sex
  Females 1 1 1 1
  Males 2.19 [2.11–2.26] < 0.001 1.83 [1.80–1.86] < 0.001
Living situation
  With partner 1 1 1 1
  Without partner 1.58 [1.51–1.65] < 0.001 1.62 [1.59–1.65] < 0.001
  Care homes 12.63 [12.04–13.27] < 0.001 6.41 [6.25–6.58] < 0.001
  Other collectivities (no care home) 7.29 [6.59–8.06] < 0.001 3.93 [3.71–4.17] < 0.001
  Other 1.72 [1.59–1.87] < 0.001 1.48 [1.42–1.53] < 0.001
Migration background
  Belgian natives 1 1 1 1
  Second-generation migrants 1.02 [0.96–1.08] 0.468 0.79 [0.77–0.81] < 0.001
  First-generation migrants 1.24 [1.18–1.30] < 0.001 0.92 [0.87–0.94] < 0.001
Income
  High 1 1 1 1
  Low 1.32 [1.24–1.40] < 0.001 1.52 [1.48–1.56] < 0.001
  Middle 1.18 [1.12–1.25] < 0.001 1.29 [1.25–1.32] < 0.001
  Missing 1.28 [1.14–1.44] < 0.001 1.40 [1.32–1.46] < 0.001
Education
  Higher education 1 1 1 1
  Primary or less 1.75 [1.65–1.87] < 0.001 1.46 [1.42–1.57] < 0.001
  Lower secondary 1.43 [1.35–1.53] < 0.001 1.24 [1.20–1.27] < 0.001
  Upper secondary 1.20 [1.12–1.28] < 0.001 1.08 [1.05–1.12] < 0.001
  Missing 1.51 [1.40–1.63] < 0.001 1.26 [1.22–1.31] < 0.001
* Individuals who died from COVID-19 were considered as cases (N = 21,941) and survivors as controls (N = 8,129,100). All ORs were fully adjusted for all SD and SE 
variables

** Individuals who died from all other causes of death were considered as cases (N = 103,591) and survivors as controls (N = 8,129,100). All ORs were fully adjusted for 
all SD and SE variables
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from COVID-19 compared to individuals in any other 
type of living situation; individuals living in care homes 
presenting the highest odds of dying from COVID-19 
(OR 12.63 [12.04–13.27]). Compared to Belgian natives, 
first-generation migrants had higher odds of dying from 
COVID-19 (OR 1.24 [1.18–1.30]). A higher odds of 
dying from COVID-19 was identified among individu-
als with low (OR 1.32 [1.24–1.40]) and middle (OR 1.18 
[1.12–1.25]) income, compared to individuals with high 
income. Compared to individuals with higher educa-
tion, individuals with primary or less education (OR 
1.75 [1.65–1.87]), lower secondary education (OR 1.43 
[1.35–1.53]), and upper secondary education (OR 1.20 
[1.12–1.28]) had higher odds of dying from COVID-19, 
highlighting a clear gradient in COVID-19 mortality by 
education level.

Overall, the SD and SE patterns identified in all OCOD 
were similar to those observed in COVID-19 mortality. 
An important difference was reflected by the much lower 
ORs for individuals aged 65 to 84 and aged 85 and over 
(OR 8.48 [8.29–8.69] and OR 32.64 [31.78–33.51] com-
pared to individuals aged 25 to 64, respectively), as well 
as for individuals living in care homes and those living in 
other collectivities (no care homes) (OR 3.93 [3.71–4.17] 
and OR 6.41 [6.25–6.58] compared to individuals living 
with a partner, respectively) (Table 2). Another difference 
between all OCOD and COVID-19 death was observed 
for the migration background variable. Compared to 
Belgian natives, second-generation migrants (OR 0.79 

[0.77–0.81]) and first-generation migrants (OR 0.92 
[0.87–0.94]) had lower odds of dying from OCOD.

Conditional recursive partitioning tree algorithm results
Figure 2 presents the CIT algorithm considering COVID-
19 specific deaths as cases and survivors as controls to 
identify and rank in order of importance the SD and SE 
predictors of COVID-19 mortality. ‘Living situation’, ‘Age 
group’, ‘Sex’, and ‘Education’ emerged as the strongest 
predictors of COVID-19 death, ranked according to their 
statistical significance. The variable ‘Living situation’ was 
assigned to the root node and constituted the first split by 
dividing the total study population in two subgroups (i.e. 
individuals living in collectivities vs. those not living in 
collectivities). The tree continued to grow while 15 termi-
nal nodes were determined. The proportion of COVID-
19 deaths relative to the sample size of each terminal 
node is indicated in each of them. When the proportion 
of COVID-19 deaths in the terminal nodes exceeded 
its prevalence in the study population (i.e. 0.27%), they 
were categorized as ‘COVID-19 death’ and colored in 
red. Conversely, all terminal nodes with a proportion of 
COVID-19 deaths below 0.27% were categorized as ‘Sur-
vival’ and colored in light yellow.

The left branch of the tree, composed of individuals not 
living in collectivities, was secondly partitioned based on 
‘Age group’ between individuals aged 25 to 84 and those 
aged 85 and over. The subgroup composed of individuals 
aged 25 to 84 was thirdly partitioned between those aged 

Fig. 2  Conditional recursive partitioning tree algorithm considering COVID-19 specific death as cases and survivors as controls. The variable ‘Living situa-
tion’ was categorized as follows: 1=‘With partner’, 2=‘Without partner’, 3=‘Care homes’, 4=‘Other collectivities (no care home)’, 5=‘Other’. The variable ‘Age 
group’ (in years) was categorized as follow: 1=‘25–64’, 2=‘65–84’, 3=‘85+’. The variable ‘Sex’ was categorized as follow: 1=‘Females’, 2=‘Males’. The variable 
‘Education’ was categorized as follows: 1=‘Primary or less’, 2=‘Lower secondary’, 3= ‘Upper secondary’, 4=‘Higher education’, 5=‘Missing’. The percentages 
in the terminal nodes indicate the percentage of COVID-19 deaths relative to the sample size of each terminal node, denoted ‘n’. When the proportion 
of COVID-19 deaths in the terminal nodes exceeded its prevalence in the study population (i.e. 0.27%), they were categorized as ‘COVID-19 death’ and 
colored in red
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25 to 64 and those aged 65 to 84 while the subgroup com-
posed of individuals aged 85 and over was thirdly parti-
tioned between males and females. ‘Education’ finally 
partitioned the subgroups of individuals aged 25 to 64 
and 65 to 84 years in four terminal nodes, with the low-
est levels of education predicting highest proportions of 
COVID-19 deaths in both subgroups. The two terminal 
nodes composed of individuals aged 65 to 84 years pre-
dicted a twice higher proportion of COVID-19 deaths 
among those with the lowest or an unknown level of edu-
cation (0.59% of COVID-19 deaths) compared to the ter-
minal node composed of those with the highest levels of 
education (0.29% of COVID-19 deaths). ‘Living situation’ 
finally partitioned the subgroups of males and females 
aged 85 and over in four terminal nodes. Those four ter-
minal nodes predicted COVID-19 death with the high-
est proportion of COVID-19 deaths among males living 
without a partner or in other type of households (3.76% 
of COVID-19 deaths).

The right branch of the tree, composed of individuals 
living in collectivities, was secondly partitioned between 
individuals aged 25 to 64 and individuals aged 65 and 
over. The subgroup composed of individuals aged 25 to 
64 was thirdly partitioned based on ‘Living situation’ 
between those living in care homes, leading directly to 
a terminal node predicting COVID-19 death (2.77% of 
COVID-19 deaths), and those living in other type of col-
lectivities. The latter subgroup was finally partitioned 
based on ‘Sex’ with the terminal node composed of 

females predicting COVID-19 death (0.44% of COVID-
19 deaths). The subgroup composed of individuals aged 
65 and over was further splitted into four terminal nodes 
all predicting COVID-19 death based on ‘Sex’ and ‘Age 
group’ with the highest proportion of COVID-19 deaths 
among males aged 85 years and over (17.67% of COVID-
19 deaths). The sensitivity [95%] and specificity [95%] 
of the CIT were 0.956 [0.943–0.961] and 0.744 [0.740–
0.749], respectively.

Figure  3 presents the CIT algorithm considering all 
OCOD as cases and survivors as controls to identify 
and rank in order of importance the SD and SE predic-
tors of all OCOD. ‘Age group’, ‘Living situation’, and ‘Sex’ 
emerged as the three strongest predictors of all OCOD, 
ranked according to their statistical significance. The 
variable ‘Age group’ was assigned to the root node and 
constituted the first split by dividing the study population 
into two subgroups (i.e. individuals aged 25 to 84 years 
vs. individuals aged 85 years and over). The tree con-
tinued to grow resulting in 16 terminal nodes. The pro-
portion of all OCOD relative to the sample size of each 
terminal node is indicated in each of them. When the 
proportion of all OCOD in the terminal nodes exceeded 
its prevalence in the study population (i.e. 1.25%), they 
were categorized as ‘All OCOD’ and colored in red. Con-
versely, all terminal nodes with a proportion of all OCOD 
below 1.25% were categorized as ‘Survival’ and colored in 
light yellow.

Fig. 3  Conditional recursive partitioning tree algorithm considering all other causes of death (OCOD) as cases and survivors as controls. The variable 
‘Age group’ (in years) was categorized as follows: 1=‘25–64’, 2=‘65–84’, 3=‘85+’. The variable ‘Living situation’ was categorized as follow: 1=‘With partner’, 
2=‘Without partner’, 3=‘Care homes’, 4=‘Other collectivities (no care home)’, 5=‘Other’. The variable ‘Sex’ was categorized as follow: 1=‘Females’, 2=‘Males’. 
The variable ‘Education’ was categorized as follows: 1=‘Primary or less’, 2=‘Lower secondary’, 3= ‘Upper secondary’, 4=‘Higher education’, 5=‘Missing’. The 
percentages in the terminal nodes indicate the percentage of all OCOD relative to the sample size of each terminal node, denoted ‘n’. When the propor-
tion of OCOD deaths in the terminal nodes exceeded its prevalence in the study population (i.e. 1.25%), they were categorized as ‘COVID-19 death’ and 
colored in red
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The left branch of the tree, composed of individuals 
aged 25 to 84, was secondly partitioned between those 
living with a partner or in the category ‘Other’ and those 
living without a partner or in collectivities. The subgroup 
of individuals living with a partner or in the category 
‘Other’ was thirdly partitioned in four terminal nodes 
based on ‘Age group’ and divided between those aged 25 
to 64 and those aged 65 to 84. Among individuals aged 
25 to 64, the variable ‘Education’ performed the final 
split, with a three-fold higher proportion of all OCOD 
among those with the lowest level of education (0.45% 
of all OCOD), compared to those with highest levels 
of education (0.15% of all OCOD). Among individuals 
aged 65 to 84, the final split was performed by the vari-
able ‘Sex’ with the terminal nodes composed of males 
and females predicting all OCOD (2.47% and 1.41% of all 
OCOD, respectively). The subgroup of individuals living 
without a partner or in collectivities was further parti-
tioned based on ‘Living situation’ and ‘Age group’ in four 
terminal nodes. Out of these four nodes, three predicted 
all OCOD, with the highest proportion of all OCOD 

identified among individuals living in care homes aged 65 
to 84 (16.31% of all OCOD).

The right branch of the tree, composed of individu-
als aged 85 and over, was secondly partitioned between 
individuals living in collectivities and those not living 
in collectivities. The subgroup composed of individuals 
not living in collectivities was further partitioned into 
four terminal nodes based on ‘Sex’ and ‘Living situation’. 
Those four terminal nodes predicted all OCOD with the 
highest proportions of all OCOD identified among males 
living without a partner or in other types of household 
(13.61% of all OCOD), followed by females living in other 
types of household as well (13.58% of all OCOD). The 
subgroup composed of individuals living in collectivities 
was further partitioned based on ‘Sex’ and ‘Living situa-
tion’ into four terminal nodes, all predicting all OCOD, 
with the highest proportion of all OCOD among males 
living in care homes (33.33% of all OCOD). The sensitiv-
ity [95%CI] and specificity [95%CI] were 0.708 [0.697–
0.712] and 0.815 [0.810–0.817], respectively.

Table 3  Fully adjusted odds ratios (ORs) and their 95% confidence intervals (CIs) for the sociodemographic and socioeconomic 
characteristics associated with COVID-19 specific death compared to all other causes of death

OR [95%CI] P-value
Age groups (in years)
  25–64 1 1
  65–84 2.01 [1.87 – 2.16] < 0.001
  85+ 2.19 [2.03 – 2.35] < 0.001
Sex
  Females 1 1
  Males 1.22 [1.17 – 1.27] < 0.001
Living situation
  With partner 1 1
  Without partner 1.01 [0.96 – 1.06] 0.474
  Collectivities (care home) 2.04 [1.94 – 2.15] < 0.001
  Collectivities (no care home) 1.88 [1.68 – 2.10] < 0.001
  Other 0.98 [0.89 – 1.07] 0.62
Migration background
  Belgian natives 1 1
  Second-generation migrants 1.42 [1.35 – 1.50] 0.016
  First-generation migrants 1.50 [1.41 – 1.59] < 0.001
Income
  High 1 1
  Low 0.97 [0.91 – 1.04] 0.371
  Middle 0.99 [0.91 – 1.03] 0.320
  Missing 1.10 [0.97 – 1.25] 0.142
Education
  Higher education 1 1
  Primary or less 1.25 [1.16 – 1.34] < 0.001
  Lower secondary 1.16 [1.08 – 1.24] < 0.001
  Upper secondary 1.08 [1.01 – 1.16] 0.181
  Missing 1.18 [1.09 – 1.28] < 0.001
Individuals who died from COVID-19 (N = 21,941) were considered as cases. Individuals who died from all other causes of death (N = 103,591) were considered as 
controls. All ORs were fully adjusted for all SD and SE variables
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Predictors of COVID-19 death vs. all other causes of death
Multivariable logistic regression model results
Table  3 shows the fully adjusted ORs and 95% CIs esti-
mated with a logistic regression model applied to all 
deaths occurring in 2020 to quantify the association 
between SD and SE characteristics and COVID-19 spe-
cific death compared to all OCOD. Compared to indi-
viduals aged 25 to 64, those aged 65 to 84 (OR 2.01 
[1.87–2.16]) and 85 and over (OR 2.19 [2.03–2.35]) pre-
sented higher odds of dying from COVID-19 than from 
OCOD. Compared to females, higher odds of COVID-
19 death than from OCOD was found among males 
(OR 1.22 [1.17–1.27]). Individuals living in collectivities, 
either in care home (OR 2.04 [1.94–2.15]) or not (OR 1.88 
[1.68–2.10]), had higher odds of dying from COVID-19 
than from OCOD, compared to those living with a part-
ner. Second-generation migrants (OR 1.42 [1.35–1.50]) 
and first-generation migrants (OR 1.50 [1.41–1.59]) pre-
sented higher odds of dying from COVID-19 than from 
OCOD, compared to their Belgian native counterparts. 
Moreover, individuals with lower education, specifically 
those with primary or less education (OR 1.25 [1.16–
1.34]) and lower secondary education (OR 1.16 [1.08–
1.24]) demonstrated higher odds of COVID-19 death 
than from OCOD in contrast to those with higher educa-
tional attainment.

Conditional recursive partitioning tree algorithm results
Figure 4 presents the results of the CIT algorithm applied 
to all deaths occurring in 2020 and considering COVID-
19 specific death as cases and all OCOD as controls to 
identify and rank in order of importance the SD and 
SE predictors specifically characterizing COVID-19 
mortality patterns compared to ‘regular’ mortality pat-
terns in 2020. ‘Living situation’, ‘Age group’, ‘Sex’, ‘Migra-
tion background’, ‘Income’ and ‘Education’ emerged as 
the strongest predictors of COVID-19 death compared 
to all OCOD, ranked according to their statistical sig-
nificance. The variable ‘Living situation’ was assigned to 
the root node by dividing the study population between 
individuals living in collectivities and those not living 
in collectivities. The tree continued to grow and was 
finally partitioned into 14 terminal nodes. The propor-
tion of COVID-19 deaths relative to the sample size of 
each terminal node is indicated in each of them. When 
the proportion of COVID-19 deaths in the terminal 
nodes exceeded its prevalence in the study population 
of interest (i.e. 17.5% : number of COVID-19 deaths out 
of all deaths occurring in 2020), they were categorized as 
COVID-19 death and colored in red. Conversely, all ter-
minal nodes with a proportion of COVID-19 deaths out 
of all deaths occurring in 2020 below 17.5% were catego-
rized as all OCOD and colored in light yellow.

The left branch of the three, composed of individuals 
not living in collectivities, was further partitioned based 

Fig. 4  Conditional recursive partitioning tree algorithm considering COVID-19 specific death as cases and all other causes of death (OCOD) as controls. 
The variable ‘Living situation’ was categorized as follows: 1=‘With partner’, 2=‘Without partner’, 3=‘Care homes’, 4=‘Other collectivities (no care home)’, 
5 =‘Other’. The variable ‘Age group’ (in years) was categorized as follow: 1=‘25–64’, 2=‘65–84’, 3=‘85+’. The variable ‘Sex’ was categorized as follow: 1=‘Fe-
males’, 2=‘Males’. The variable ‘Education’ was categorized as follows: 1=‘Primary or less’, 2=‘Lower secondary’, 3= ‘Upper secondary’, 4=‘Higher educa-
tion’, 5=‘Missing’. The variable migration background was categorized as follows: 1=‘Belgian natives’, 2=‘Second-generation migrants’, 3=‘First-generation 
migrants’. The variable ‘Income’ was classified as follows : 1=’Low’, 2=’Middle’, 3=’High’, 4=’Missing’. The percentages in the terminal nodes indicate the 
percentage of COVID-19 deaths relative to all deaths occurring in 2020 in each terminal subgroups whose sample size is denoted by ‘n’. When the propor-
tion of COVID-19 deaths in the terminal nodes exceeded its prevalence in the study population of interest (i.e. 17.5%), they were categorized as ‘COVID-19 
death’ and colored in red
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on ‘Age group’, ‘Migration background’, ‘Living situation’, 
‘Education’ and ‘Income’ into eight terminal nodes. Out 
of those eight terminal nodes, two predicted COVID-19 
death. Those two terminal nodes were composed of first-
generation migrants aged 85 and over with the lowest 
income level (22.76% of COVID-19 death) and those with 
higher or missing income levels (17.92% of COVID-19 
death).

The right branch of the three, composed of individu-
als living in collectivities, was further partitioned based 
on ‘Sex’, ‘Age group’, and ‘Migration background’ into six 
terminal nodes, all predicting COVID-19 death. Among 
males, the highest proportion of COVID-19 deaths was 
found among first-generation migrant aged 65 and over 
(37.90% of COVID-19 death). Among females, the high-
est proportion of COVID-19 deaths was found among 
first-generation migrant aged 85 and over (29.96% of 
COVID-19 deaths). The sensitivity [95%] and specific-
ity [95%] of the CIT were 0.647 [0.601–0.662] and 0.764 
[0.764–0.765], respectively (Fig. 4).

Sensitivity analyses
Supplementary Table 2 shows the SHRs and 95% CI using 
Fine and Gray competing risk models identifying SD and 
SE predictors of COVID-19 death and all OCOD, respec-
tively, taking into account survival as competing event, 
performed on a 50% random subset representative of the 
total study population. The results show similar trends 
to those obtained using the logistic regression models 
(Table  2). Supplementary Table 3 shows the SHRs and 
95% CI using Fine and Gray competing risk models iden-
tifying SD and SE predictors of COVID-19 death while 
taking into account all OCOD as competing event. The 
results show similar trends to those obtained using the 
logistic regression model (Table  3). This reinforces the 
robustness of our main results.

Discussion
Thanks to the implementation of two complementary 
statistical methods, i.e. multivariable logistic regression 
models and CIT algorithms, the identification and rank-
ing of SD and SE predictors of (1) COVID-19 death com-
pared to survival; (2) all OCOD compared to survival; 
and (3) COVID-19 death compared to all OCOD were 
performed providing more reliable estimates and an easy 
hierarchical visual way of understanding the patterns 
characterizing mortality during the early phases of the 
COVID-19 pandemic in Belgium.

Compared to individuals not living in collectivities, our 
results showed higher odds of dying from COVID-19 
among individuals living in collectivities (approximatively 
12-fold higher and 7-fold higher for individuals living in 
care homes and those living in other type of collectivi-
ties, respectively). These results were confirmed by the 

CIT algorithm, highlighting that living in collectivities 
was the strongest predictor of COVID-19 death across all 
age groups, whether compared to survival or all OCOD. 
This aligns with several studies reporting important 
excess mortality during the COVID-19 pandemic in col-
lectivities, whether in care homes or other settings (e.g. 
prisons) [18, 21, 32, 33]. This higher rate of COVID-19 
deaths can be attributed on one hand to a higher comor-
bidity burden among residents of certain collectivities, 
such as prisons [34] and especially care homes, given the 
frailty profile of the residents [33, 35, 36]. On the other 
hand, higher virus transmission in collective settings in 
addition to pandemic-induced shortage of medical staff 
and resources may have led to higher COVID-19 related 
lethality [33, 37, 38] especially during the first year of the 
pandemic characterized by shortage masks, hydroalco-
holic gels, and the unavailability of the vaccine at that 
time [39, 40].

Once individuals reside in collective settings, the CIT 
algorithm reveals that SD factors, i.e. age and sex, are 
the most important predictors of COVID-19 mortal-
ity, whether compared to survival or all OCOD. Age 
and gender are well known risk factors for COVID-19 
death [8, 9, 41] and for mortality in general [42]. Ageing 
increases the risk of mortality following COVID-19 via 
many biological and behavioral factors such as: the over-
expression of Angiotensin converting enzyme-2 (ACE-2) 
(receptor enzyme allowing the SARS-CoV-2 to enter the 
cell and replicate, leading to an acceleration of the rep-
lication of the virus in the lungs and thus a more severe 
infection) [22]; the presence of aging-associated comor-
bidities (e.g., diabetes, cardiovascular diseases) which are 
determinants in the progression towards a severe form 
of COVID-19 [43]; a change in lifestyle habits (malnu-
trition, decreased physical activity) also contributing to 
a more severe progression of the disease [22, 43]. The 
variation in susceptibility to infectious diseases between 
men and women can be explained by hormonal factors 
(e.g. higher plasma levels of ACE-2 in males) [20], genetic 
factors (e.g. high density of immune-related genes are 
located on the X chromosome giving women stronger 
immune response) [20], and behavioral factors (e.g. high-
risk behaviors among men such as decreased perception 
of risks, higher rate of tobacco and alcohol use) [44].

For individuals not living in collective settings dur-
ing the pandemic, the CIT identified, in addition to age 
and sex, education as one of the strongest predictors of 
COVID-19 mortality among individuals aged 65 to 84. 
Indeed, compared to individuals with higher levels of 
education, individuals with the lowest or an unknown 
level of education had a two times higher percentage of 
COVID-19 death. This was confirmed by the multivari-
able logistic regression model, which indicated that, com-
pared to individuals with the highest level of education, 
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those with the lowest level of education had a 75% higher 
COVID-19 mortality compared to survivors. Our multi-
variable logistic regression model results also showed a 
32% higher COVID-19 mortality among individuals with 
the lowest level of income, compared to those with the 
highest. Numerous studies documented social disparities 
in COVID-19 mortality or excess mortality during the 
pandemic [16–18, 45–50]. In Italy, Bello et al. identified 
a protective role of education on excess mortality during 
the first major COVID-19 outbreak. Their results showed 
that when the proportion of residents with at least sec-
ondary education increased by 10%, deaths per month 
decreased by 0.426 in the Northern region and by 0.081 
in the Southern region [46]. In Canada, van Ingen et al. 
found an adjusted relative COVID-19 mortality risk two 
times higher in the neighborhood with a high proportion 
of individuals with less than high school education [51]. 
In Belgium, similar SE patterns were observed in excess 
mortality during the first COVID-19 wave with a 23.4% 
and 21.3% excess mortality among females with the low-
est level of education not living in collectivities aged 25 
to 64 and 65 to 84 years, respectively [18]. Regarding 
income inequalities, a study conducted in the Eastern 
Mediterranean region found a 3.9% increase in COVID-
19 death per million population with a one unit increase 
in the Gini coefficient (a measure of income inequalities) 
[52]. In Belgium, during the first COVID-19 wave, simi-
lar patterns were observed by Decoster et al. who found 
a significant negative income gradient in excess mortal-
ity among people aged over 65 years, for both men and 
women [16]. In the Netherlands, Wouterse et al. found 
that, across all-age groups, COVID-19 mortality was 
more concentrated among low-income groups, com-
pared to all other causes of mortality [53]. In our study, 
we found no significant difference in the multivariable 
logistic regression model by income level when compar-
ing COVID-19 mortality to all OCOD. However, we did 
find significant differences by education level, with lower 
levels of education significantly increasing the odds of 
dying from COVID-19, compared with all OCOD. In 
addition, the CIT algorithm reported that income was 
a predictor of COVID-19 mortality compared with all 
OCOD in first-generation migrants aged 85 years and 
over.

A study conducted by Albani et al. identified that 
inequalities in transmission and in vulnerability were the 
two main factors explaining the highest proportion of 
COVID-19 mortality by deprivation [54]. Indeed, SE dis-
advantaged groups are more at risk of SARS-CoV-2 virus 
transmission and related severe COVID-19 outcomes 
due to increased vulnerability, susceptibility, exposure, 
and transmission [6]. SE disadvantaged groups are more 
vulnerable in terms of health conditions, as they are expe-
riencing a higher burden of comorbidities [55], which has 

been shown to increase COVID-19 mortality [56]. They 
are more susceptible to be infected and developed severe 
related COVID-19 outcomes due to poor living condi-
tions, isolation and chronic stress weakening the immune 
system, even without preexisting underlying health con-
ditions [6, 57]. Working in essential sectors (e.g. social 
sectors, education, defense, logistic and transportation, 
manufacturing, facilities) during the pandemic has been 
shown to led to higher rates of SARS-CoV-2 infection 
and COVID-19 death [58, 59]. Individuals with lower 
levels of education are more likely to hold essential jobs 
or work in lower-skilled occupations, limiting their abil-
ity to work remotely during the pandemic. This reduced 
access to remote work created obstacles to implementing 
preventive measures, potentially contributing to higher 
exposure to the virus among SE disadvantaged groups 
[6, 60, 61]. In addition, a lower adoption of preventive 
measures has been identified as highly correlated with 
the level of education due to decreased perception of the 
risk and trust in the effectiveness of preventive measures 
[62, 63]. Finally, SE disadvantaged groups experienced an 
increased transmission by living in overcrowded house-
holds and neighborhood with higher population density 
with restricted access to outside spaces [6, 60, 64].

We identified in the multivariable logistic regression 
model a lower risk of all OCOD compared to survival up 
to 21% among first- and second-generation migrants. The 
lower migrant mortality, or migrant mortality advantage, 
is often explained by a selection effect (i.e. the healthiest 
individuals are able to immigrate) and healthier lifestyle 
habits (e.g. the Mediterranean diet leads to lower rates 
of chronic diseases) [65–67], leading to lower mortality 
in the destination country, at least in the early stages of 
immigration [65]. Conversely, we identified in the mul-
tivariable logistic regression model results a 24% higher 
COVID-19 mortality, compared to survival, among 
first-generation migrants, even when controlling for 
SE characteristics. This is in line with numerous stud-
ies reporting a higher risk of COVID-19 death among 
ethnic minorities [10, 13, 17, 68–70]. In addition, when 
comparing COVID-19 death to all OCOD, this percent-
age rises to 50% in the multivariable logistic regression 
model. This may suggest that, in the case of highly trans-
missible infectious diseases such as the SARS-CoV-2, 
the migrant mortality advantage is not applicable. This 
can be explained by poorer migrant’s living conditions 
leading to a higher SARS-CoV-2 virus transmission and 
resulting in higher mortality from COVID-19 [71, 72]. 
Indeed, two studies reported that living in area with high 
density population, favoring virus exposure and infec-
tion, was the main factor explaining up to 60% of the dis-
parities in COVID-19 mortality among ethnic minorities 
[13, 68]. Migrant’s working conditions may also contrib-
ute to these disparities, as they are disproportionately 
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represented in essential and public-facing jobs, which 
increases their exposure to the virus [73]. In addition, 
once infected, difficulties in accessing health care ser-
vices among migrants may have arisen due to language 
and cultural barriers as well as a lack of support system 
or digital literacy [74–76]. The CIT algorithm also iden-
tified the variable ‘Migration background’ as one of the 
strongest predictors of COVID-19 death compared to 
all OCOD among first-generation migrants aged 85 
and over not living in collectivities and first-generation 
migrants aged 65 and over living in collectivities. This is 
probably due to the fact that advanced age leads to frailty 
combined with an attenuation of the migrant mortality 
advantage once individuals have immigrated for some 
time.

Our study has several limitations. Firstly, we were 
unable to adjust for the health status prior to COVID-19 
outbreak (i.e. comorbidities), an essential factor to control 
for when analyzing cause-specific mortality data. Adjust-
ing for some mediating factors of the socioeconomic dis-
parities in COVID-19 severe outcomes such as the type 
of occupation, the adoption of preventive measures (e.g. 
mask wearing), and access to healthcare resources and 
services would have better captured the underlying path-
ways of cause-specific mortality during the COVID-19 
pandemic. Second, the dataset used in this study con-
tains individuals officially residing in Belgium. We there-
fore missed unregistered individuals, a more vulnerable 
part of the population (e.g. undocumented migrants), 
who may have had higher exposure to the SARS-CoV-2 
virus and higher related COVID-19 mortality leading to 
an underestimation of cause-specific mortality for cer-
tain SD and SE groups. Third, the exact cause of death 
of individuals who died abroad were not available in the 
death certificate, deaths recorded abroad were therefore 
automatically categorized as all OCOD. This has poten-
tially led to an underestimation of COVID-19 deaths 
among our study sample given that 21,792 deaths were 
recorded abroad, or 17% of the total number of deaths 
recorded in 2020. Fourth, the lack of testing at the start 
of the pandemic, and the fact that healthcare profession-
als might be still unfamiliar with the symptomatology of 
the COVID-19, which could potentially be confused with 
another respiratory virus, may have also led to an under-
estimation of COVID-19 deaths. Conversely, an overesti-
mation of COVID-19 deaths during the first and second 
COVID-19 waves can be expected in care homes. Finally, 
the use of the income variable, which is based on taxes 
records, may not accurately represent certain population 
groups, such as those working in the informal economy, 
individuals earning below certain eligibility thresholds, 
or wealthier people benefiting from special tax arrange-
ments. However, the direction and magnitude of this bias 
on the results remain uncertain.

Our study has several strengths. First, using an exhaus-
tive dataset on the Belgian adult population allows to 
generalize our results at the national level. Second, the 
use of microlevel cause-specific mortality data allowed to 
distinguish COVID-19 specific death from all OCOD in 
our analyses. Belgium recorded COVID-19 related deaths 
with fairly good accuracy compared with other European 
countries, despite limited testing capacity during the 
first wave of the COVID-19 pandemic and difficulties in 
determining cause of death due to overlap with comor-
bidities [77]. Third, the use of two complementary meth-
ods provided a more in-depth investigation of the data. 
Thanks to the CIT algorithm, we were able to account for 
multicollinearity and interactions between the different 
SD and SE predictors, leading to robust conclusions (also 
with regard to the good performances of the CIT algo-
rithms measured in terms of sensitivity and specificity). 
As the vaccination campaign started on 28 December 
2020 in Belgium, the effect of the vaccine on cause-spe-
cific mortality is beyond the scope of this article. Given 
the SD and SE disparities identified in the COVID-19 
vaccine uptake in Belgium [78], future research should 
focus on the effect of the vaccination campaign on SD 
and SE disparities in COVID-19 specific mortality during 
the pandemic.

Conclusion
In conclusion, we identified important sociodemographic 
and socioeconomic disparities in COVID-19 mortal-
ity. Living in collectivities mainly predicts the risk of 
COVID-19 death across all age groups, highlighting the 
importance of preventive measures in reducing the trans-
mission of the virus. For young and middle-aged indi-
viduals not living in collective settings during the early 
phases of the pandemic, having a low level of education 
plays a key role in predicting COVID-19 death. Our 
results are useful for future pandemic preparedness and 
suggest that policymakers should implement political 
measures and communication strategies promoting pre-
ventive behaviors adapted and targeted to the most vul-
nerable populations more exposed to the virus.
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