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Abstract

The spread of Severe Acute Respiratory Syndrome 2 (SARS-CoV-2) and the resulting
Coronavirus Disease 2019 (COVID-19) pandemic caused unprecedented health
impacts, with over four million cases, 150,000 hospitalizations, and 30,000 deaths
recorded over the past four years in Belgium. The clear social gradient observed in
SARS-CoV-2 outcomes worldwide led to the pandemic being rapidly described as a
syndemic, highlighting the interplay between the virus and preexisting health and
social conditions. In Belgium, however, major knowledge gaps remained regarding
both the extent and drivers of social health inequalities in the COVID-19 pandemic,
as well as the long-term health impacts of the disease. This thesis addresses these
gaps by leveraging individual-level data from the Belgian adult population,
combined with innovative causal inference and machine learning techniques. The
findings revealed significant social inequalities in COVID-19-related health
behaviors, mortality, and morbidity, the latter being partly driven by unequal
vaccine uptake and comorbidity burden, as well as long-term organ complications
following severe infection. These results underscore the critical need to
systematically integrate social equity into pandemic preparedness and response
policies, and to implement long-term care monitoring for post-COVID organ

damage.
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General introduction

1. Characterization of SARS-CoV-2

1.1. Emergence and origins

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the 7" member of
the coronaviruses family, is one of the three highly pathogenic zoonotic
coronaviruses endemic to humans, alongside with severe acute respiratory
syndrome coronavirus (SARS-CoV) and Middle East respiratory syndrome
coronavirus (MERS-CoV) [1]. SARS-CoV was responsible for an epidemic that
originated in China and lasted from 2002 to 2004, while MERS-CoV was first
identified in 2012 in the Middle East and is since causing intermittent outbreaks
[2,3]. SARS-CoV-2 was first detected in Wuhan, China, in December 2019, among a
cluster of patients suffering from pneumonia of unknown origin and is the

causative agent of coronavirus disease 2019 (COVID-19) [4].

These three coronaviruses, i.e., SARS-CoV, MERS-CoV, and COVID-19 are classified
as emerging infectious diseases (EIDs) [5]. According to the World Health
Organization (WHO), an EID is defined as “one that either has appeared and
affected a population for the first time, or has existed previously but is rapidly
spreading, either in terms of the number of people getting infected, or to new

geographical areas” [6].



1.2. Pathogenesis

SARS-CoV-2 is an enveloped ribonucleic acid (RNA) virus characterized by the
presence of Spike proteins on its surface. These proteins allow viral entry via two
mechanisms, each resulting in viral replication and subsequent infection of the host

cell (Figure 1) [7-9]:

e Endocytosis: the Spike protein first binds to the host cell receptor,
angiotensin converting enzyme 2 (ACE2), further activated by the enzyme
Cathepsin L, enabling the fusion between the endosomal and viral
membranes;

e Membrane fusion: after binding to ACE2, the Spike protein triggers the
direct fusion of the viral and cellular membranes. This process is mediated
by the transmembrane protease serine 2 (TMPRSS2), co-expressed with

ACE2.

ACE2 receptors are expressed on the surface of different type of organic cells,
including pneumocytes, cardiomyocytes, small intestinal enterocytes, and

glomerular and peritubular capillary endothelial cells in the kidney [1,10,11].
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Figure 1. SARS-CoV-2 viral pathways. Source: Pislar et al. (2020) [12].

1.3. Transmission

Human-to-human transmission of SARS-CoV-2 occurs mainly via the emission of
microdroplets when sneezing or coughing. These droplets can be inhaled at close
range (i.e., airborne transmission) or come into direct contact with eyes, nose or
mouth (i.e., droplet transmission) infecting the exposed individual [13]. The virus
enters the body through the nasal or oral cavities, initially infecting cells in the

upper respiratory tract [1].

1.4. Symptomatology

While some individuals may develop an asymptomatic infection, this early stage
typically leads to mild symptoms such as cough, fever or headache, emerging after

an incubation period of 2 to 14 days and usually resolving within a few weeks [14].
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In some individuals, the virus can further replicate in the lower respiratory tract,
infecting the pulmonary alveoli and progressing to moderate symptoms, such as
hypoxemia or dyspnea [1,15]. In some cases, SARS-CoV-2 infection can causes
critical symptoms, such as pneumonia or respiratory failure, requiring hospital care

and which can lead to death [1,15].

Beyond pneumocytes, the presence of ACE2 receptors on other human cells, such
as cardiovascular cells or central nervous system neurons, broadens the spectrum
of acute SARS-CoV-2 symptoms, with severity ranging from mild to critical [16,17].
As a result, acute cardiovascular complications (e.g., arrythmia, myocardial
infarction or cardiovascular death) and neurological complications (e.g., anosmia,

stroke, encephalitis) may occur among infected individuals [18—20].

2. The COVID-19 pandemic: historical context and epidemiological
evidence

The spread of the SARS-CoV-2 resulted in a COVID-19 outbreak, characterized by
the WHO as a public health emergency of international concern (PHEIC) in January
2020. On 11 March 2020, the WHO declared COVID-19 a pandemic and officially
ended the PHEIC on 5 May 2023 [21,22]. By the end of 2024, more than 777 COVID-

19 cases and 7 million COVID-19 deaths were recorded worldwide [23].



2.1. Epidemiological situation of COVID-19 in Belgium

In Belgium, the first COVID-19 case was reported on 3 February 2020 in a group of
individuals repatriated from Wuhan, China [24]. The virus spread rapidly leading to
a first COVID-19 wave, from 1 March to 21 June 2020, in response to which a first
lockdown was implemented from 18 March to 5 April 2020. A second lockdown was
announced from 2 November to 13 December 2020 in response to the second
COVID-19 wave, which occurred from 31 August 2020 to 14 February 2021. This was
followed by eight more COVID-19 waves, resulting in a total of ten waves by May

2023 (Figure 2).

By May 2023, 5,287,822 COVID-19 cases, 100,613 COVID-19 hospitalizations,
including 8,046 intensive care unit (ICU) admissions, and 34,227 COVID-19 deaths
were recorded in Belgium. The highest daily number of COVID-19 cases was
recorded during the 5" wave, with a total of 76,079 cases recorded on 24 January
2022. The peak in the daily number of COVID-19 hospitalizations occurred during
the 2"* wave with a total of 7,461 hospital admissions recorded on 3 November
2020. The first COVID-19 death was reported on 11 March 2020 in a 90-year-old
woman. The daily number of COVID-19 deaths peaked during the 1% wave, with a
total of 323 deaths occurring on 8 April 2020, before gradually decreasing over
time, particularly following the introduction of the vaccine on 28 December 2020

(Figure 2).
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2.2. The burden of COVID-19 in Belgium

The COVID-19 crisis led to significant excess mortality and morbidity in Belgium,
particularly among individuals aged over 65 years [26-28]. COVID-19 was
particularly lethal during the first two waves with approximatively 67% of all
cumulative COVID-19 deaths occurring during this time period, predominantly in

hospitals and nursing homes [28].

2.2.1. COVID-19 mortality rate

In 2020 and 2021, COVID-19 was the first leading cause of death in Belgium for both
males and females, with annual mortality rates per 100,000 persons of 191.31 and
86.32, respectively [29]. Table 1 shows the crude mortality rates (CMRs) of COVID-
19 per 100,000 persons from the 1 to 7" waves in Belgium. Across all waves
combined, the CMR of COVID-19 was 281. The highest COVID-19 CMRs occurred
during the 1%t and 2" epidemic waves, with CMRs of 84 and 104, respectively. The
COVID-19 CMR during the 2" wave was higher due to its length, but the highest

peak in deaths occurred during the 1°t wave (Figure 2).

Table 1. COVID-19 crude mortality rates (CMRs) per 100,000 persons from the 1% to the
7th waves in Belgium. Source: Jurcevic et al (2023) [28].

COVID-19 waves Time period CMRs per 100,000
persons

All waves 01/03/2020 - 11/09/2022 281

Wave 1 01/03/2020 - 21/06/2020 84




Table 1. Continued

COVID-19 waves Time period CMRs per 100,000
persons

Inter wave 1-2 22/06/2020 - 30/08/2020 3

Wave 2 31/08/2020 - 14/02/2021 104

Wave 3 15/02/2021 - 27/06/2021 29

Inter wave 3-4 28/96/2021 - 03/10/2021 4

Wave 4 04/10/2021 - 26/12/2021 22

Wave 5 27/12/2021 -27/02/2022 17

Wave 6 28/02/2022 - 29/05/2022 13

Wave 7 30/05/2022 - 11/09/2022 7

The CMRs are calculated as the number of COVID-19 deaths per wave over the Belgian population

on January 1% of the corresponding year.

2.2.2. Excess mortality

Excess mortality is a useful measure to quantify the mortality burden of the

pandemic by comparing the number of deaths from all-causes observed with the

number of deaths expected based on mortality over the last five years [30].

During the early phases of the pandemic, two episodes of significant excess

mortality were recorded. During the 1% epidemic wave (from 20 March to 20 April

2020), Belgium experienced a 64 % excess mortality, with 96% likely attributable to

COVID-19. During the 2" epidemic wave, a significant period of excess mortality

was identified from 20 October to 24 December 2020, with a 41.6% excess mortality

(Figure 3) [31-33].
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Figure 3. Expected number of deaths and confidence intervals, observed number of deaths (blue),
and COVID-19 deaths (orange), January 2020 — December 2020, Belgium. Significant excess or under-
mortality are identified when the total daily number of deaths exceed the lower or upper limits of the

prediction interval. Source: Sciensano [30].
2.2.3. Burden of disease of COVID-19

The burden of disease of COVID-19, measured in disability-adjusted life years
(DALYs), which combine years of life lost (YLLs) due to premature mortality and
years lived with disabilities (YLDs), was estimated at 253,577 in 2020 and 139,979
in 2021 per 100,000 persons. Premature mortality accounted for 98.5% and 94% of
the total burden of disease in 2020 and 2021, respectively [26]. In terms of
morbidity, a total of 3,863 and 8,303 YLDs per 100,000 persons due to acute
infection and post-acute symptoms following infection were estimated in 2020 and

2021, respectively [26].
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2.3.

2.3.1.

COVID-19: a vaccine preventable disease

Available vaccines in Belgium

In response to the COVID-19 pandemic, COVID-19 vaccines were developed in

record time. Following robust effectiveness clinical trial data and the meet of the

European Union (EU) criteria for efficacy, safety, and quality, five COVID-19

vaccines have been approved to date by the European Medicine Agency (EMA) in

Belgium [34—36]. These five vaccines are based on three different technologies:

(2)

MRNA-1273 vaccine by Moderna (approved on 21 December 2020) [37]
and the BNT162b2 vaccine by Pfizer and BioNTech (approved on 6 January
2021) [35]. To trigger an immune response, MRNA vaccines deliver
synthetic mRNA that provides instructions to the cells on how to produce a
harmless portion of the Spike protein. The immune system recognizes this
protein as foreign and responds by generating antibodies, leading to an
immune response [38].

two-dose AZD1222 vaccine by AstraZeneca (approved on 29 January 2021)
[39] and the one-dose Ad26.COV.2.s vaccine by Johnson & Johnson
(approved on 11 March 2021) [40]. Viral-vector vaccines use a harmless

modified version of the virus, called a vector virus, to introduce genetic
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material encoding a piece of the Spike protein into cells. The protein is
recognized as foreign by our immune system, leading to the creation of
antibodies and triggering an immune response [41].

Belgium, the NVX-CoV2373 vaccine by Novavax (approved on 20 December
2021) [42]. Protein-based vaccines directly deliver a piece of the Spike
protein along with an adjuvant into the body, helping the immune system
produce antibodies. This triggers the immune system to recognize and

respond to the viral protein, building immunity [43].

2.3.2. The Belgian vaccination campaign

The first Belgian vaccination campaign started on 28 December 2020, based on a
broad automated invitation process, with each Belgian region (i.e., Brussels,
Flanders, and Wallonia) responsible for its vaccination rollout. Priority population
groups for vaccination included nursing home residents, healthcare staff,
individuals aged over 65 years, and individuals with comorbidities. The vaccination
campaign was then extended to all individuals aged 18 years and over, in

descending order of age [44].

Figure 4 shows the cumulative COVID-19 vaccination coverage in Belgium as of 28
December 2020. By the end of December 2021, a vaccination plateau for a first

vaccine dose and the primary course was reached, with a vaccination coverage of
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approximately 80%. The vaccination campaign for the first booster started on 28

April 2021 and reached a vaccination plateau of 60% by March 2022.

—— Atleast one dose First booster —— Third booster
—— Primary course Second booster —— Fourth booster
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Figure 4. COVID-19 vaccination coverage (in %) in Belgium, December 2020 — December 2024.

Source: figure created using Sciensano Open data [25].

The rapid development of the vaccine and concerns about its side effects created
significant vaccine hesitancy among Belgian residents, with only 34% reporting a
definite willingness to be vaccinated before the start of the vaccination campaign
[45,46]. However, Belgium achieved the 7™ highest vaccination coverage for the
primary course in the EU and shows a higher cumulative vaccination coverage for
all vaccine doses administered to Belgian residents compared to the EU average

(Figure 5).
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Figure 5. Cumulative COVID-19 vaccination coverage (%) as of 10 May 2023 for the total population
in Belgium compared to the European Union (EU) and European Free Trade Association (EFTA)
countries. Source: figure created using European Center for Disease Prevention and Control (ECDC)

open data [47].

2.3.3. COVID-19 vaccine effectiveness

The vaccine has proven to be an effective public health tool in reducing
symptomatic COVID-19, hospitalizations, and deaths [48-51]. Overall, compared to
viral-vector and protein-based vaccines, mRNA vaccines, along with a two-dose
vaccination schedule, demonstrated higher vaccine effectiveness (VE) against
symptomatic COVID-19 and severe health outcomes [49,50,52,53]. In addition to
vaccine-induced immunity, immunity acquired through prior SARS-CoV-2 infection

also offers protection against viral transmission and severe health outcomes.
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Moreover, hybrid immunity, resulting from both vaccination and prior infection,

has been shown to provide the strongest and most durable protection [54].

When SARS-CoV-2 replicates, it naturally undergoes genetic mutations over time,
leading to the emergence of new SARS-CoV-2 strains. While some genetic
mutations are neutral, others can impact the virus’s transmissibility, severity, or
vaccine-induced immunogenicity. Such mutations may result in the classification of
a strain as a variant of concern (VOC), as opposed to a variant of interest (VOI)
[55,56]. To date, the WHO has classified five variants as VOCs: Alpha, Beta, Gamma,
Delta, and Omicron [57]. Figure 6 shows the proportion of each of the five VOCs

over time in Belgium, alongside the daily number of reported COVID-19 cases.

The vaccine was initially developed to target the primary strains of SARS-CoV-2,
resulting in an escape from vaccine-induced immunity for Delta and Omicron. The
escape of vaccine-induced immunity by Delta and Omicron was the origin of the 4t
and 5™ COVID-19 waves in Belgium, from 4 October 2021 to 27 February 2022,
despite a vaccination coverage of about 80% for the primary course and the start

of the vaccination campaign for the first booster (Figure 6) [58].
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Figure 6. Proportions of identified variants and daily number of COVID-19 cases over time in

Belgium, February 2021 - May 2023. Source: figure created using Sciensano open data [25].

Delta and Omicron had different impacts on VE and disease severity. The Delta
variant resulted in more severe health outcomes than Omicron, with higher
hospitalization and death rates [59,60]. However, Omicron, due to numerous
mutations in the Spike protein, was more transmissible and resulted in higher case

rates (Figure 6) [61,62].

These differences in severity and VE between Delta and Omicron are illustrated in
Table 2, which compares rates of infection, hospitalization, ICU admission, and
mortality, as well as VE against symptomatic infection and hospitalization during

each VOC period in Belgium.
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Table 2. Comparison of SARS-CoV-2-related infection, hospitalization, intensive care unit
(ICU) admission, and mortality rates per 100,000 inhabitants in Belgium, along with
vaccine effectiveness (VE), during the Delta and Omicron predominant periods,
respectively. Sources: Rate estimates: open data available via Sciensano on Epistat [63];
Vaccine effectiveness estimates: Braeye et al. (2022) [64].

Period of predominance * 12/07/2021 - 04/01/2022 -
22/12/2021 26/05/2022
Infection rate ** 8,344.4 10,130.02
Hospitalization rate ** 1,198.20 965.69
ICU admission rate ** 476.17 121.31
Mortality rate ** 25.05 9.86

VE against symptomatic infection

Primary vaccination

0-50 days 80% [95% CI 80-81] 33% [95% CI 30-36]

50-100 days 68% [95% Cl 67 — 68] 24% [95% Cl 22 - 26]
Booster vaccination

0-50 days 85% [95% Cl 84-85] 50% [95% Cl 49-50]

50-100 days 80% [95% CI 78 — 81] 34% [95% ClI 33 - 35]

VE against hospitalization

Primary vaccination

0-50 days
50-100 days

Booster vaccination

0-50 days
50-100 days

93% [95% Cl 92-95]
93% [95% Cl 92 — 93]

96% [95% Cl 95-96]
92% [95% CI 90 — 93]

53% [95% Cl 29-78]
52% [95% CI 36 — 70]

87% [95% Cl 86-89]
81% [95% CI 79 - 83]

*A variant is considered predominant when it accounted for more than 80% of the infections

recorded over the period considered.

**The total number of Belgian inhabitants as of 15t of January 2021 and 2022 was used as the
reference population to calculate the rates for Delta and Omicron, respectively.
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In addition to the decline in vaccine-induced immunity due to viral mutations, VE
also decreased over time as immunity waned, as observed in Table 2 [50,65].
However, the administration of booster doses has been shown to restore immunity

and further reduce the risk of severe COVID-19 health outcomes [50,65-67].

2.4, Long COVID

The WHO defines long COVID as “the continuation or development of new
symptoms three months after the initial SARS-CoV-2 infection, with these symptoms
lasting for at least two months with no other explanation” [68]. Long COVID may
also be referred to as “Post-acute sequelae of COVID-19” (PASC) or “Post-COVID-

19 conditions” (PCC).

Several meta-analyses have estimated the worldwide pooled prevalence of long
COVID to range between 36% and 43% [69-72]. In Europe, pooled prevalence
estimates range between 39% and 46% [69-71]. In Belgium, the COVIMPACT
project [73], which follows a cohort of individuals who tested positive for SARS-
CoV-2 to unravel its long-term impacts, found that 48% of the participants reported
at least one SARS-CoV-2-related symptom three months following the diagnosis

[74].

Figure 7, based on a meta-analysis by O’'Mahoney et al. [72], shows the most
frequent PASC among hospitalized and non-hospitalized cases, highlighting the

wide range of symptoms characterizing long COVID. Overall, the prevalence of
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reporting at least one PASC is largely higher among hospitalized cases (52.63%)
compared to non-hospitalized cases (34.46%). Although some symptoms, such as
fatigue or dyspnea, are frequently reported in both groups, the symptomatology
differs. Non-hospitalized cases more often report classic viral symptoms (e.g.,
cough, headache, nasal symptoms, gastrointestinal symptoms) (Figure 7.A),
whereas hospitalized cases frequently report neurocognitive and psychological
symptoms, including memory and concentration impairments, post-traumatic

stress disorder, anxiety, and depression (Figure 7.B).

A

Fatigue/weakness

At least one symptom
Dyspnea

Muscles pain/myalgia
Affected sleep

Loss of smell

Loss of taste
Gastro-intestinal symptoms
Cough
Headache/migraine
Nasal symptoms
Chest pain

Joint pain

Sore throat
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Poocled prevalence (%)

At least one symptom
Fatigue

General pain/Discomfort
Affected sleep

Dyspnea

Impaired usual activity
Impaired memory
Exertional breathlessness
Poor concentration
Cognitive dysfunction
PTSD

Impaired walking/Mobility
Joint pain

Anxiety

Depression
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Pooled prevalence (%)
Figure 7. Global pooled prevalence (in %) of post-acute sequelae of COVID-19 among non-
hospitalized infected cases (A) and hospitalized infected cases (B). Source: figure created using data
from the meta-analysis by O’'Mahoney et al. (2022) [72]. Abbreviations: PTSD: post-traumatic stress

disorder.
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2.4.1.

Pathogenesis of long COVID

The pathogenesis of PASC is not fully understood yet. However, the following main

pathophysiological mechanisms have been suggested to explain post-acute

damage across multiple organ systems [75-77]:

Direct viral damage: SARS-CoV-2 directly infects cells expressing high levels
of ACE-2 receptors, which enable viral entry into the cell. These receptors
have been shown to be particularly overexpressed in cardiomyocytes,
pneumocytes, and kidney tubular epithelial cells, making these tissues
particularly susceptible to direct viral injury [78];

Excessive inflammatory response: a secondary effect due to excessive
inflammation induced by high levels of inflammatory cytokines.
Inflammatory responses can lead to viral persistence and tissue damage
[77,79];

Post-viral autoimmunity: an autoimmune response triggered by the
infection can lead to an increase in autoantibodies, such as antinuclear
autoantibodies, which have been identified in COVID-19 patients up to 12
months after acute infection and can target components of the cell nucleus,
promoting inflammation and damaging organ systems [80];
Hypercoagulability: endothelial damage, platelet activation, and an

exaggerated inflammatory response contribute to a hypercoagulable state,
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increasing the risk of thrombotic events. This may be further increased by
disseminated intravascular coagulation, immobilization, and venous stasis
in ICU patients [77,81];

e Genetic susceptibility: emerging evidence suggests that genetic factors
may influence variability in long COVID. For instance, a genome-wide study
identified a significant association between variations at the FOXP4 locus,
a gene critical for lung development and immune regulation, and
susceptibility to long COVID. These genetic differences may affect
pulmonary function and immune responses, contributing to prolonged

symptoms [82].

These pathophysiological mechanisms frequently overlap and may vary across
organ systems, with PASC likely resulting from a complex interplay of these factors
[76,77,83].
3. The social patterns of the COVID-19 pandemic: is COVID-19 a
syndemic?

3.1. The social determinants of health

The WHO defines the social determinants of health (SDOH) as “The non-medical
factors that influence health outcomes. They are the conditions in which people are
born, grow, live, and age, and the wider set of forces and systems shaping the

conditions of daily life. These forces and systems include economic policies and
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systems, development agendas, social norms, social policies, and political systems”
[84]. SDOH can be categorized into five key domains: economic stability (e.g.,
employment, food security), education access and quality, health care access and
quality, neighborhood and built environment (e.g., housing, basic amenities, and
the environment), and social and community context (e.g., social inclusion and non-

discrimination) [84,85].

3.1.1. Social determinants of health inequalities

Whether in the context of communicable or non-communicable diseases (NCDs),
SDOH influence health equity, defined by the Centers for Disease Control and
Prevention (CDC) as “The state in which everyone has a fair and just opportunity to
attain their highest level of health” [86]. Social health inequalities exist between
and within countries. Globally, life expectancy at birth was 18.1 years lower in low-
income countries compared to high-income ones in 2019 [87]. In Belgium, between
1998 and 2019, men and women living in the most deprived areas, compared to
those living in the least deprived, were 1.96 and 1.78 times more likely to die
prematurely, respectively, with socioeconomic (SE) inequalities accounting for
approximately 28% of all premature deaths [88]. According to Margaret
Whitehead, the head of the WHO Collaborating Centre for Policy Research on the
SDOH, social inequalities in health are “socially produced, they are potentially

avoidable, and are widely considered unacceptable in a civilized society” [89].
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3.2. Social health inequalities in previous viral respiratory emerging infectious

diseases: the case of the 1918 Spanish flu and 2009 H1N1 influenza pandemics

The 1918 Spanish and the 2009 H1N1 influenza pandemics resulted in
approximately 50 million and 250,000 deaths worldwide, respectively [90,91].
Although both were airborne viral respiratory EIDs, socially vulnerable populations

were disproportionally affected.

In the United States (U.S.), during the 1918 Spanish flu pandemic, Grantz et al. [92]
found that a higher rate of transmissibility was associated with higher rates of
illiteracy, population density, and unemployment, and that a higher mortality rate
was associated with a higher rate of illiteracy. In Spain, an income gradient was
identified in excess mortality during the 1918 Spanish Influenza pandemic, with
average excess mortality rates of 29%, 62%, and 69% among high-, middle-, and

low-income groups, respectively [93].

Similar social health inequalities were identified in the 2009 HIN1 influenza
pandemic, with higher hospitalization rates among ethnic minorities, individuals
with high material deprivation, and those with lower levels of education [94,95]. In
England, HIN1 mortality rates were three times higher in the most deprived
population than in the least deprived, and 1.7 times higher in urban areas than in

rural ones [96].
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3.3. The COVID-19 pandemic: are we really in this together?

In March 2020, after UK Prime Minister Boris Johnson was infected with SARS-CoV-
2, the following declaration was made by politicians: “The virus does not
discriminate. We are all at risk.” [97]. However, similar to previous viral respiratory
EID pandemics, social inequalities in COVID-19-related health outcomes were
rapidly identified. Higher risks of SARS-CoV-2 infection and related severe health
outcomes (e.g., hospitalizations, deaths) were found among socially vulnerable
populations (e.g., lower levels of income and education, unemployment,
overcrowded households) and ethnic minorities [98,99]. The COVID-19 pandemic

was therefore described as a syndemic pandemic [100,101].

3.3.1. Why is COVID-19 a syndemic?

The term “Syndemic” was introduced by Merrill Singer in the 1990s, who defined
syndemics as “The aggregation of two or more diseases or health conditions in a
population in which there is some level of deleterious biological or behavior
interface that exacerbates the negative health effects of any or all of the diseases
involved.” [102]. In other words, a syndemic arises when there is a synergy between
a disease and pre-existing social inequalities in both health conditions and SDOH,
exacerbating pre-existing biological, economic, and social conditions and

worsening health outcomes [100-102].
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Figure 8, by Bambra et al. [100], illustrates the syndemic of the SARS-CoV-2 virus
and pre-existing health and social conditions, underlying social inequalities in SARS-

CoV-2-related health outcomes.

Figure 8. The syndemic of COVID-19, non-communicable diseases (NCDs), and the social

determinants of health. Source: Bambra et al. (2020) [100].

For example, socially vulnerable populations are more vulnerable to severe COVID-
19 outcomes due to the higher burden of comorbidities, such as diabetes or
respiratory diseases, as a result of inequalities in SDOH, such as working conditions
or access to and quality of healthcare [103—105]. Inequalities in SDOH, such as

education or housing, can lead to increased virus transmissibility among socially
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vulnerable groups due to lower adoption of preventive measures, overcrowded
households, or limited access to outdoor spaces [106—109]. All these factors
accumulate and interact, creating social inequalities in SARS-CoV-2 infection and

related severe health outcomes, exacerbating those already rooted in our society

[105].
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Objectives and outline of the thesis

Sciensano, the Belgian institute for health, was legally responsible for the
epidemiological surveillance of the COVID-19 pandemic [110]. In collaboration with
regional and federal health authorities, as well as healthcare actors, national
electronic health record surveillance systems were established to monitor the
evolution of the pandemic in real time [111]. These systems collected key data on
laboratory tests (including genome sequencing data), hospitalizations,
vaccinations, and deaths [112-116], which were publicly available in aggregated

form via the Epistat website [63].

The epidemiological data collected by Sciensano allowed real-time monitoring of
the COVID-19 crisis and quantification of disease incidence, morbidity, and
mortality. However, these surveillance systems focused less on identifying specific

vulnerable demographic and SE subgroups during the pandemic.

This thesis therefore aims to unravel social health inequalities in the COVID-19
crisis and to assess the long-term direct health impacts of the disease in Belgium.
This thesis is structured into three sections, each addressing a specific knowledge
gap and contributing to the main research objective. The sections, related

knowledge gaps, chapters, and research questions, are outlined below.
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1. Section I. What are the social patterns of COVID-19-related health

behaviors?

1.1. Knowledge gap

Internationally, beyond social inequalities in morbidity and mortality, the 2009
H1N1 influenza pandemic demonstrated social disparities in vaccine uptake, with
coverage generally increasing with education and income levels [117]. During the
COVID-19 pandemic, prior to the rollout of vaccination campaigns, international
findings showed that deprived SE groups exhibited lower adoption rates of
preventive health behaviors, such as mask-wearing and handwashing, as well as

decreased willingness to receive the COVID-19 vaccine [45,107].

In Belgium, despite its high-performing universal health system, social inequalities
in health behaviors, including the use of preventive treatments and services, have
been documented [118]. Given the syndemic nature of COVID-19, which
exacerbates preexisting health and social inequalities, and the proven effectiveness
of the COVID-19 vaccine in preventing severe illness [48], it is important to assess
whether or not vaccine coverage is equitably distributed across the Belgian
population. Yet, to our knowledge, no research has examined social disparities in

COVID-19 vaccine uptake in Belgium from the early phases of the pandemic.

Furthermore, beyond assessing equity in vaccination coverage at the national level,
it is also important to assess equity at the regional level, as Belgium’s federal
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structure, in which each region is responsible for the vaccination rollout, may have
led to regional differences in outreach and communication. However, each Belgian
region has a distinct sociodemographic and socioeconomic profile, making it
essential to ensure that vaccination campaigns effectively reached the population

in line with its specific characteristics and needs.

This knowledge will provide policymakers with evidence to identify gaps in
vaccination coverage, tailor outreach strategies to vulnerable groups, and design
future public health interventions that reduce health inequities and improve the

overall effectiveness of vaccination campaigns.

1.2. Outline of thesis chapters and related research questions

In Chapter 1, we aim to assess the association between SD and SE determinants
and COVID-19 vaccination coverage among Belgian adults at the national and

regional levels, as each Belgian region was responsible for the vaccination rollout.

2. Section Il. What are the social patterns of COVID-19-related

morbidity and mortality?

2.1. Knowledge gap

As described in the introduction, the COVID-19 pandemic was quickly recognized as

a syndemic, with emerging international evidence of social inequalities in SARS-
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CoV-2 infections, hospitalizations, excess mortality, and COVID-19-related

mortality.

In Belgium, however, early research primarily focused on demographic and
socioeconomic disparities in COVID-19 incidence at aggregated levels, and on
excess mortality during the first wave [119-121]. To our knowledge, no studies at
that time had quantified social inequalities across multiple severe COVID-19 health

outcomes at the individual level beyond the first wave.

Filling this gap is particularly important, as Belgium recorded one of the highest
COVID-19 mortality rates in Europe during the first waves [122,123], and faces a
high burden of chronic conditions [29], conditions that are strong risk factors for
severe COVID-19 [124], but also unequally distributed across social groups [125].
Leveraging the surveillance systems implemented during the pandemic, collecting
data on morbidity and mortality, is therefore crucial to assess the extent to which
social inequalities are present in severe COVID-19 outcomes. These insights are
critical for identifying the groups at risk of severe COVID-19 in order to design

equitable and tailored public health responses for future health crises.

2.2. Outline of thesis chapters and related research questions

Chapter 2 aims to investigate the association between the education level and the

likelihood of being hospitalized with a confirmed COVID-19 diagnosis. In addition,

32



we aim to identify the extent to which this association is mediated by vaccination,

working in healthcare, and underlying health conditions.

In Chapter 3, our purpose is to identify the key SD and SE predictors of COVID-19-

related death among the Belgian adult population.

3. What are the long-term direct health impacts of severe COVID-19

and related social patterns?

3.1. Knowledge gap

The previous SARS-CoV pandemic demonstrated persistent impairments in
pulmonary function among patients even years after hospitalization [75]. Similarly,
evidence on PASC following SARS-CoV-2 infection has been emerging [68]. In
Belgium, approximately 4% of the population aged over 15 report PASC three
months post-infection [126]. Nevertheless, long-term follow-up studies on PASC
among hospitalized COVID-19 patients, who face a higher risk of PASC than non-
hospitalized cases, remain limited internationally and are currently lacking in
Belgium. Evidence on how SDOH influence PASC among hospitalized patients, a
particularly vulnerable group characterized by advanced age and a high burden of
chronic conditions, is also scarce. Addressing this gap is essential to quantify the
burden of PASC among hospitalized patients and to guide policymakers in planning

targeted long-term follow-up, rehabilitation, and care services.
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3.2. Outline of thesis chapters and related research questions

In Chapter 4, two objectives are considered: 1) assess whether COVID-19
hospitalization leads to the development of one-year post-acute organ
complications, compared to non-COVID-19 hospitalization; 2) assess the
association between SE determinants and the development of one-year post-acute

organ complications among COVID-19 hospitalized patients.
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PART Il

Methodological framework
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Population data linkages

Table 3 provides an overview of the population data linkages used across the thesis
chapters. These three population data linkages, i.e., LINK-VACC, DEMOBEL, and

HELICON, are described in detail in the following sections.

Table 3. Overview of the research outcome, study population, and population data
linkage by thesis chapter.

outcome data
linkage

I. What are the social 1 First COVID-19 Belgian adult LINK-VACC
patterns of COVID-19- vaccine dose population tested
related health uptake at least once for
behaviors? SARS-CoV-2
Il. What are the social 2 COVID-19 Belgian adult LINK-VACC
patterns of COVID-19- hospitalization population with a
related morbidity and positive SARS-
mortality? CoV-2 test

3 COVID-19 death  Belgian adult DEMOBEL

population

Ill. What are the long 4 Post-acute organ Belgian adults HELICON
term direct health complications hospitalized
impacts of severe following
COVID-19 and related hospitalization

social patterns?
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DEMOBEL

Demobel is the demographic database of Statistics Belgium (Statbel), the Belgian
statistical office. Statbel collects, produces and disseminates reliable data on the
national economy, society, and territory via administrative and survey data sources
[127]. Demobel consists of a nationwide record linkage of multiple administrative
data sources, providing demographic data up to 1991 and covering almost 30 years
of Belgian demographic history. It covers the entire Belgian population recorded in
the national register on January 1° of each year. The Belgian population includes
Belgians and non-Belgians admitted or authorized to settle or reside in the country.
However, non-Belgians staying for less than three months, asylum seekers, and

non-Belgians in an irregular situation are not included [128].

Demobel is updated annually and has both a structural (e.g., population structure
by age, sex, marital status) and dynamic (e.g., births, deaths, migratory movements)
component. Demobel’s structural component is enriched by the censuses
conducted every 10 years, which provide data on education and the labor market

[128].

The Demobel data used in this thesis originate from a record linkage of the
following administrative data sources: 1) the national register, providing yearly
stock files with sociodemographic information for all individuals officially residing

in Belgium as of 1°' January of each year; 2) the administrative censuses, providing
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data on education and employment; 3) the tax register, providing yearly income
data; and 4) death certificates, providing yearly data on the date and causes of
death using the International Statistical Classification of Diseases and Related
Health Problems 10%™ Revision (ICD-10), a global system for coding causes of death

established by the WHO [129].
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LINK-VACC

1. Project description

The LINK-VACC project was established by Sciensano in January 2021 to monitor
post-authorization surveillance of COVID-19 vaccines. Three main objectives are
considered in this project: 1) determining the uptake and coverage of COVID-19
vaccines; 2) determining the effectiveness of the vaccine; and 3) contributing to the
monitoring of vaccine safety [130]. This thesis contributes to the first objective of

the LINK-VACC project through Chapter 1 (see Table 3).

2. Data linkage process and data sources available

To achieve the objectives of the LINK-VACC project, Sciensano established a
retrospective cohort by linking COVID-19 surveillance registries with various
existing national health and social sector registries. This linkage was conducted at
the individual level using the National Identification Number of Social Security
(NISS), within a pseudonymized environment hosted by Healthdata.be. Developed
by Sciensano, Healthdata.be is a platform designed to facilitate and standardize the
collection of health data from multiple healthcare providers, thereby enhancing
research quality and efficiency in a reliable and secure manner through encryption

[131,132].
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The LINK-VACC project links eight data sources of which five are hosted by
Healthdata.be within Sciensano and three come from external data sources (Figure

9).
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Figure 9. Data linkage of COVID-19 surveillances registries with existing national social and health
sector registries to build the LINK-VACC population data linkage. Source: Van Goethem et al. (2021)
[133].

2.1. Data sources hosted by Healthdata.be within Sciensano

2.1.1. Surge Capacity and Clinical Hospital surveys

The Surge Capacity survey (SCS) and the Clinical Hospital survey (CHS) are two
complementary hospital-based surveillance systems designed to collect data on
COVID-19 hospitalizations. Both surveys started in March 2020. Participation in the

SCS was mandatory, whereas participation in the CHS was not mandatory but highly
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recommended. To complete both surveys, healthcare staff had to fill out a secure
online questionnaire created using LimeSurvey and submit it to Sciensano on a daily

basis [112,134].

The objective of the SCS was to monitor bed and medical device occupancy rates in
103 Belgian general hospitals (excluding psychiatric and specialist hospitals) for
patients hospitalized with a laboratory confirmed (by Polymerase Chain Reaction
(PCR) or antigen test) or suspected COVID-19 diagnosis. Outpatients and day
hospitalizations were not included. Prevalence and incidence data obtained
through the SCS are described in Table 4. The SCS data were collected at an

aggregated level, per hospital accreditation number [112].

Table 4. Aggregated-level data collected through the Surge Capacity Survey. Source: Van
Goethemetal. [112].

Prevalence data Number of hospitalized COVID-19 patients in all units of the
hospital (including ICU)
Number of hospitalized COVID-19 patients in ICU
Number of hospitalized COVID-19 patients under IV
Number of hospitalized COVID-19 patients under ECMO

Incidence data Number of new COVID-19 hospital admissions in the last 24 hours
Number of COVID-19 discharges in the last 24 hours

Number of COVID-19 deaths in the last 24 hours

ICU: Intensive Care Unit ; IV: invasive ventilation; ECMO: Extra-Corporeal Membrane Oxygenation.
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The objectives of the CHS were to study the demographic and comorbidity profiles
of COVID-19 patients and their acute health outcomes. The CHS collects data at
both admission and hospital discharge for hospitalized patients with a COVID-19
diagnosis confirmed by laboratory testing (PCR or antigen test) or computed
tomography scan. On 14 September 2020, an ICU discharge form was implemented.
Data obtained through the CHS were collected at the individual level and are based
on the WHO case report for COVID-19 and recommendations from hospital

clinicians [112].

Table 5 provides a summary of data collected through the admission, hospital
discharge, and ICU discharge forms included in the CHS. A detailed version of the
three questionnaires, as well as the dates of additions or modifications to the

guestionnaires as the pandemic evolves can be found in Appendix A.

Table 5. Individual-level data collected through the Clinical Hospital Survey. Source: Van
Goethem et al. [113].

Admission data Demographic data (data of birth, sex, ethnicity, postal code)
Exposure risk (e.g., travel to risk region)
Clinical presentation (e.g., symptoms at admission)
Pre-existing comorbidities
Uptake of ACE inhibitors and ARBs

Diagnostic information (e.g., method of diagnostic)
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Table 5. Continued

Hospital discharge data  Severity indicators (e.g., ARDS, sepsis, stroke)
Laboratory data
COVID-19 treatments details
Admission in ICU
Use of IV or ECMO

Status at discharge (deceased or alive)

ICU discharge data Use of respiratory support (invasive vs non-invasive)

Use of ECMO

ACE: Angiotensin-Converting Enzyme; ARBs: Angiotensin Il Receptor Blockers; ICU: Intensive Care
Unit; IV: Invasive Ventilation; ECMO: Extra-Corporeal Membrane Oxygenation.

Since participation in the CHS was not mandatory, and given the limited testing
capacity during the early phases of the pandemic, as well as the criteria for case
definition, the CHS is not exhaustive. Overall, it covers approximately 50% of all
COVID-19 hospitalized patients in Belgium, based on comparisons with the
exhaustive SCS. However, this coverage can vary significantly depending on the

time period considered.

2.1.2. The COVID-19 laboratory test result database

The COVID-19 laboratory test result database collects PCR and antigen SARS-CoV-2
test results since 5 May 2020. Test result data are gathered from general
practitioners (GPs), hospital doctors, sampling-triage centers, and clinical

microbiology laboratories (CMLs). Positive, negative, and inconclusive test results
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are reported. Reporting diagnostic test results is mandatory for reimbursement. In
addition to test results, the database includes information on the sample collection
date, result date, type of diagnostic test, and demographic variables (postal code,

date of birth, and gender) [114,135].

2.1.3. The COVID-19 sequencing result database
The National Reference Center (NRC) for respiratory diseases established genomic
surveillance for SARS-CoV-2 in Belgium, later expanding into a federal sequencing

consortium with 17 laboratories [133].

In December 2020, sequencing focused on returning travelers, atypical PCR results,
and outbreaks investigations due to the emerging VOCs. Baseline surveillance
started in January 2021, with a network of laboratories sending a representative
proportion of positive samples for sequencing to ensure geographical and clinical
diversity. The goal is to sequence about 10% of positive cases, supplemented by
targeted active surveillance of reinfections, vaccine breakthrough cases, and
immunocompromised patients. Some hospitals also conduct additional sequencing

on ICU patients or all hospitalized cases [133].

Since March 2021, sequencing laboratories have been reported SARS-CoV-2 variant
data to Sciensano. After sequencing, variants are classified using the Pangolin

lineage system for standardized nomenclature [133,136].
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2.1.4. The Belgian vaccine registry

All COVID-19 vaccine doses administered to Belgian residents are recorded in the
national vaccine registry (Vaccinnet+) by healthcare providers. Vaccinnet+ includes
data on administered vaccine doses, including the brand, lot number,
administration date, and registration date. It also contains demographic
information about the vaccinated person, including age, gender, and place of

residence [133,137].

2.2. Data sources outside Sciensano

2.2.1. Statbel
Statbel provides demographic, SE, and mortality data for all individuals officially
residing in Belgium as of January 1% of each year via the Demobel database. This

database is described in detail in the previous section “DEMOBEL”, page 38.

2.2.2. Common Base Registry for Healthcare Actors

The Common Base Registry for HealthCare Actors (CoBRHA) database identifies all
individuals licensed to practice a healthcare profession in Belgium. It includes data
on the type of profession, authorized practices, and responsibilities associated with

each healthcare provider or institution [138].
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2.2.3. InterMutualistic Agency

The InterMutualistic Agency (IMA) database collects data from the seven health
insurances in Belgium, which are organized by the public health system. As the
health insurance system is compulsory in Belgium, IMA covers more than 99% of
the total Belgian population [139]. IMA collects and provides data for analysis and
research purposes on healthcare expenditures, hospitalization, and prescribed and

reimbursed medicines dispensed in public pharmacies [140].

Due to the lack of information on pre-existing chronic conditions in Belgium, IMA
data on prescribed and reimbursed medicines have been used to create a proxy,
called pseudo pathologies. This proxy was created by a group of experts from the
National Institute for Health and Disability Insurance (RIZIV-INAMI). Groups of
pseudopathologies are created on the basis of Anatomical Therapeutic Chemical
(ATC) codes established by the WHO [141]. An individual is assigned to a
pseudopathology group when the total number of defined daily doses (estimated
quantity of active ingredient for a 70 kg adult per day of a drug prescribed for its
main action) for all ATC codes in this group is greater than or equal to 90 [142]. A
summary of all pseudo pathologies included in IMA, along with corresponding ATC

codes, can be found in Appendix B.
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HELICON

1. Project description

The HELICON project was set up by Sciensano in January 2021 to unravel the social
inequalities and the long-term and indirect health effects of the COVID-19 crisis in
Belgium. HELICON involves six national public institutions, fostering collaboration
among clinicians, epidemiologists, sociologists, demographers, and health
economists [143]. To meet its main objective, HELICON includes three scientific
work packages (WPs): (WP1) identifying the social patterns of COVID-19; (WP2)
investigating the long-term health impacts of severe COVID-19 infections; and
(WP3) assessing the indirect health effects of the COVID-19 crisis on healthcare

resource use and associated costs [143].

This thesis contributes to WP1 and WP2 of the HELICON project. Consequently, the
following description of data sources and study design focuses on the population
data linkage established to support objectives within these two WPs. The objectives
within WP3 have been explored through other data linkages, as described

elsewhere by Khan et al. [144-146].
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2. Study design and data sources available

To investigate the social patterns of COVID-19 and the long-term health impact of
severe infections, HELICON established an individual-level data linkage between
three national health and social sector registries using the pseudonymized NISS
number. Those three data sources are as follows: 1) the CHS, described in detail in
the section “Surge Capacity and Clinical Hospital surveys”, page 41; 2) the IMA
database, described in detail in the section “InterMutualistic Agency”, page 47; and
3) Demobel, provided by Statbel, described in detail in the section “DEMOBEL”,
page 38.

The HELICON project relies on a case-cohort study design, as depicted in Figure 10.
According to this study design, a 10% random subcohort from the Belgian
population as of 1% January was sampled. This subcohort includes cases (i.e., any
individual hospitalized with a confirmed COVID-19 diagnosis in a Belgian general
hospital) and controls (i.e., individuals not hospitalized with a confirmed COVID-19
diagnosis). In addition to the controls and cases from the subcohort, remaining
cases from the general Belgian adult population were added. Case identification
started from July 2020 to July 2022. All participants were followed over a 4-year

period with annual updates of all data sources.

The use of a case-cohort study design offers several advantages by combining the

design of a cohort study and a nested case-control study. First, compared to a
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cohort study, data on exposure and covariates are only needed for cases from the
population, as well as for cases and controls from the subcohort, leading to time
and cost savings. In addition, compared to a nested case-control study, controls
from the subcohort can be used as the comparative group to study multiple health
outcomes, preventing the creation of a new control group for each research

guestion [147].

Sample Case identification Follow=up Follow-up Follow-up
1 January 2020 July 2020-July 2022 July 2023 July 2024 July 2025

BELGIAN POPULATION
BELGIAN POPULATION

SUBCOHORT

SUBCOHORT
10%

. STUDY POPULATION ‘
e 3 FOLLOW-UP
% | [ — .
Cg?ch | | e -

Figure 10. Schematical overview of the case-cohort study design within the HELICON project. Source:

De Pauw et al. (2023) [148].
3. Data linkage process

Table 6, adapted from De Pauw et al. [148], describes the three-step process to

build the HELICON population data linkage.
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Table 6. Data linkage process to build the HELICON population data linkage. Source: adapted from De Pauw et al. [143].

STEPS LINKAGE

1. A list of identifiers of cases and controls from the subcohort is
sent to Healthdata.be by Statbel via eHealth, an electronic platform.
eHealth is a federal public health institution that aims to promote
and support the mutual electronic exchange of information
between healthcare professionals, while guaranteeing the security
of information and the protection of patients and healthcare
providers and medical confidentiality [149]. A list of identifiers for
cases from the Belgian population is sent back from Healthdata.be
to Statbel via eHealth. Both are joined to create the full cohort.

Statbel

DATASETS LINKED SQL JOIN

Union

A

A

Healthdata.be .

2. Statbel transfers data on the subcohort and cases from the
population to Healthdata.be. eHealth is responsible for the linkage
through a series of (de)pseudonymization steps. Healthdata.be
hosts the linked data.

Statbel

Left join
Healthdata.be Q

3. The Crossroads Bank of Social Security (CBSS) transfers IMA data
on the subcohort and cases from the population to Healthdata.be.
The CBSS acted as a Trusted Third Party (TTP) of the health insurance
agencies. This federal public institution collects, validates, and
manages data from over 3000 actors in the social sector [150].
eHealth was responsible for linkage through a series of
(de)pseudonymization processes. Healthdata.be hosts the final
HELICON population data linkage.

IMA

Left join

Healthdata.be ()
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4. Characterization of the HELICON cohort

The full HELICON cohort includes 1,230,103 individuals, of which 1,149,264
individuals from the subcohort (1,121,448 and 27,816 controls and cases,

respectively), and 80,839 cases from the Belgian population (Figure 11).

Full HELICON cohort
N=1,230,103

:

Subcohort
(10% of the Belgian population as of 1
January 2020)
N=1,149,264

Cases from the
subcohort

Cases from the
Belgian population

N=27,816 N=80,839

Total cases
N=108,655

Figure 11. Number of controls from the subcohort, cases from the subcohort, and cases from the
Belgian population constituting the HELICON cohort. Cases are defined as any individuals hospitalized
with a confirmed COVID-19 diagnosis as recorded in the Clinical Hospital Survey (CHS) database.
Controls are defined as any individual without a history of COVID-19 hospitalization, as recorded in the

CHS database.
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Table 7 presents a comparison between the HELICON cohort and the Belgian
population as of January 1% 2020. On that date, the entire Belgian population
included 11,492,641 inhabitants. Females accounted for 50.8% of the Belgian
population (N=5,832,577) and 50% of the HELICON cohort (N=620,273). In terms of
regional distribution of Belgian inhabitants as of 1% January 2020, 10.6%
(N=1,218,255) resided in Brussels, 57.7% (N=6,629,143) in Flanders, and 31.7%
(N=3,645,243) in Wallonia. Similar regional distributions were observed in the

HELICON cohort.

Table 7. Demographic characteristics of the HELICON entire cohort compared to the
Belgian population as of 1st of January 2020.

Demographic HELICON cohort Belgian population as of
characteristics 1 of January 2020
All 1,230,103 (100%) 11,492,641 (100%)
Sex
Females 620,273 (50.4%) 5,832,577 (50.8%)
Males 603,770 (49.1%) 5,660,064 (49.2%)
Missing 6,060 (0.5%) 0 (0%)
Region
Brussels 130,102 (10.6%) 1,218,255 (10.6%)
Flanders 682,596 (55.5%) 6,629,143 (57.7%)
Wallonie 389,894 (31.7%) 3,645,243 (31.7%)
Missing 27,511 (2.2%) 0 (0%)
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Summary of variables included in each thesis chapter by

population data linkage and time frame

Table 8 provides a summary of the population data linkages from which each
variable used in each thesis chapter is derived, along with their respective time

frames.
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Table 8. Summary of variables and time frame according to each of the three population data linkages used within each thesis

chapter.

I. What are the social patterns
of COVID-19-related health
behaviors?

Vaccination status

Vaccinnet+ (31/08/2021)

Age groups National register (2021)
Gender National register (2021)
Region National register (2021)
Migration Statbel (2021)
background

Household type

Statbel (2021)

Income Statbel, tax register
(2018)
Education Statbel, census (2017)

Employment status

Statbel (2019)

Healthcare degree

CoBRHA (2021)

Il. What are the social patterns
of COVID-19-related morbidity
and mortality?

Positive SARS-CoV-2
tests

COVID-19
hospitalization

Test Results database
(01/09/2021-
01/09/2022)

CHS database
(01/09/2021-
01/09/2022)
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Table 8. Continued

Section Chapter Variables LINK-VACC DEMOBEL HELICON
Il. What are the social patterns 2 Age National register
of COVID-19-related morbidity (01/01/2021)
and mortality? Gender National register
(01/01/2021
Province National register
(01/01/2021)
Migration background Statbel (01/01/2021)
Education Statbel, census
(2017)
Vaccination status Vaccinnet+ (14 days

before the date of
hospital admission)

Underlying health IMA (2020)
conditions
Healthcare degree CoBRHA (2021)
Il. What are the social patterns 3 Date and causes of Death certificates
of COVID-19-related morbidity death (01/01/2020)
and mortality? Age National register
(01/01/2020)
Gender National register
(01/01/2020)
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Table 8. Continued

Section

Chapter

Variables

Living situation

LINK-VACC

DEMOBEL

National register

HELICON

(01/01/2020)
Migration National register
background (01/01/2020)
Income Tax register 2018
Education Census 2011
Ill. What are the long-term 4 COVID-19 CHS (01/07/2020
direct health impacts of severe hospitalization —31/12/2020)
COVID-19 and related social ICU admission/ARDS CHS (01/07/2020
patterns? —31/12/2020)
Age Demobel
(01/01/2020)
Gender Demobel
(01/01/2020)
Region Demobel
(01/01/2020)
Migration Demobel
background (01/01/2020)
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Table 8. Continued

Section Chapter Variables LINK-VACC DEMOBEL HELICON

Living situation Demobel
(01/01/2020)

Education Demobel, census
2017

Income Demobel, tax
register 2018

Date of death Demobel (2020 &
2021)

Underlying health IMA (2020 &

conditions 2021)

Abbreviations : Statbel: Statistics Belgium ; CoOBRHA: Common Based Registry for Healthcare Actors; IMA: InterMutualistic Agency; CHS: Clinical
Hospital Survey
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Statistical methodologies

Table 9 provides an overview of the statistical methods and frameworks used,

according to the research questions and thesis chapters.

Within the associational inference framework, multivariable logistic regression
models were used in Chapters 1, 3, and 4, as well as competing risk models in
Chapter 3. Associational inference refers to the process of estimating associations
among variables under static conditions. These methods typically rely on (semi-

)parametric statistical assumptions that are, in principle, testable [151,152].

In Chapters 2 and 4, two statistical methods within the causal inference framework
were used: mediation analyses using interventional effect models in Chapter 2, and
overlap propensity score weighting in Chapter 4. Causal inference aims to estimate
the effect of an exposure on an outcome by comparing what would happen under
different exposure conditions. In observational studies, the potential outcomes
framework is the most widely used framework for causal inference. Within this
framework, the causal effect for a given unit is defined as the difference between
its outcome value under the exposure and under the control condition, both

measured at the same point in time [151,153,154].

This leads to the Fundamental Problem of Causal Inference (FPCI), as for each unit,

only one of these potential outcomes can be observed, while the other remains
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counterfactual [154]. Nevertheless, valid inference of causal effects from
observational data is possible by relying on three key and often untestable

assumptions [151,153-157]:

e Conditional exchangeability: conditional on observed covariates, the
assignment to treatment is independent of the potential outcomes,
mimicking the randomness of a controlled trial;

e Positivity: each level of covariates for which exchangeability is required has
a non-zero probability of receiving each treatment level;

e (Consistency: variability in the exposure should not lead to different

outcomes, in other words, the exposure should be sufficiently well-defined.

In Chapter 3, a machine learning method was applied, i.e., conditional inference
tree algorithms. Machine learning refers to a set of computational methods that
enable algorithms to identify patterns and make predictions based on data.
Machine learning methods can handle high-dimensional data and complex, non-

linear relationships between variables [158].

This section of the thesis aims to describe the following statistical methods:
mediation analyses using interventional effect models, overlap weighting based on
propensity scores, conditional inference tree algorithms, and competing risk

models.
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To ensure consistency throughout this section, notations have been harmonized:
the exposure is denoted by A4, the outcome by Y, covariates by X, and mediators by

M (Figure 12).

Figure 12. Schematic overview of notations used in this thesis: exposure (A), outcome (Y), covariate

(X), and mediator (M).

61



Table 9. Overview of statistical methods and frameworks used by research question and thesis chapter.

Sections

Chapters

Research questions

Statistical methods

Statistical

frameworks

I. What are the social 1 What are the SD and SE determinants Multivariable logistic Associational
patterns of COVID-19- associated with the uptake of a first COVID- regression models inference
related health behaviors? 19 vaccine dose?

Does the association between SD and SE Multivariable logistic Associational

determinants and the uptake a first COVID- regression models inference

19 vaccine dose differ by region? with interaction

effect

Il. What are the social 2 Does a lower level of education increase the Mediation  analysis Causal inference
patterns of COVID-19- likelihood of being hospitalized for COVID- using interventional
related morbidity and 19, and is this causal effect mediated by effect models
mortality? vaccination status, underlying health

conditions, and working in healthcare?

3 What are the SD and SE determinants Multivariable logistic Associational

associated with COVID-19 death and all
OCOD, respectively?

What are the strongest SD and SE predictors
of COVID-19 death 0CoD,
respectively?

and all

regression models

Conditional inference
tree algorithms

inference

Machine learning

62



Table 9. Continued
Sections

Chapters

Research questions

Statistical methods

Statistical
frameworks

What are the relative hazards of COVID-19
death, accounting for all OCOD as
competing risk, and of all OCOD, accounting
for COVID-19 death as competing risk,
respectively?

Competing risk
models (i.e., Fine and
Gray subdistribution
hazard multivariable

regression models)

Associational
inference (survival
analysis)

Ill. What are the long-term 4
direct health impacts of
COVID-19
related social patterns?

severe and

Are COVID-19 hospitalized patients,
compared to non-COVID-19 hospitalized
controls, more likely to develop post-acute
organ complications after balancing
confounders (i.e., SD and SE characteristics,

and baseline health status)?

Overlap  propensity
score-weighted
logistic

model

regression

Causal inference

What are the SE and SD determinants
associated with the onset of post-acute
complications among COVID-19
hospitalized patients?

organ

Multivariable logistic
regression models

Associational
inference

Does the effect of SD and SE determinants
on post-acute organ complications differ
between COVID-19 non-COVID-19
hospitalized patients?

and

Multivariable logistic

regression models
with interaction
effect

Associational
inference

Abbreviations : SD=sociodemographic ; SE=socioeconomic ; OCOD=other causes of death.
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Mediation analyses using interventional effect models

1. Mediation analysis: a valuable method for unraveling causal
mechanisms

Mediation analysis is a valuable method for disentangling the mechanisms by which
an exposure affects an outcome, through both direct and indirect pathways.
Indirect pathways involve one or multiple mediators, which are intermediate
variables that lie on the causal pathway between the exposure and the outcome.
These mediators can partially or fully explain the exposure-outcome association,
thereby helping to unravel the underlying causal mechanisms [159,160]. By offering
insights into how and why an effect occurs, mediation analysis moves beyond the
“black-box” view of causality and enables causal explanations that support

evidence-based decision-making across a variety of disciplines [159].

2. Traditional parametric mediation analyses

Traditional mediation analysis uses a model-based approach within the framework
of linear structural equation modeling (LSEM), often relying on the product-of-
coefficients or the difference-in-coefficients methods to estimate the mediation

effect [159,161].
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In the simplest setting, where both the outcome and the mediator are continuous,
traditional mediation analysis using the product-of-coefficients method is based on

three parametric linear models (Eq. 1 to 3) [161-163]:

E(Y|A,X) = By + BaA + PxX (Eq. 1)

where Y denotes the outcome, A the exposure, and X a set of covariates. Here, 8,4

represents the total effect (TE) of Aon'Y.

E(MlA,X) =agp+ aAA + axx (Eq. 2)

where M denotes the mediator. The regression coefficient a4 captures the effect

of Aon M.

EY|AM,X) =y, +vaA+yuM +yxX (Eq. 3)

where y4 represents the direct effect (DE) of A on Y after adjusting for M, while y,,

represents the effect of M onY.

The indirect effect (IE) of A on Y through M is estimated as the product of the effect
of A on M and the effect of M on Y (i.e., a4Yy). Thus, the TE is the sum of the DE
and the IE. Using a Directed Acyclic Graph (DAG) [164], Figure 13 illustrates the
decomposition of the TE into IE and DE through the product-of-coefficients method

[161,162].
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° E(Y|A,X) = fo+ BaA + fxX
E(M|AX) = ap + auA + axX
E(YIAMX)=yo +vaAd+ M+ yeX

IE=ab =ay

a M
/ \ DE=c" =y,

TE=c=p4=1E+DE

Figure 13. Traditional approach using the product-of-coefficients method to estimate the direct
effect (DE), indirect effect (IE), and total effect (TE) as functions of regression coefficients. The
outcome is denoted by Y, the mediator by M, the exposure by A and the covariate by X. Source:

adapted from Nguyen et al. [161].
In a similar setting, traditional mediation analysis using the difference-in-
coefficients method estimates the IE as the difference between 4 from Eq. 1 and

Y4 from Eq. 3 [162,163].

When both the outcome and the mediator are continuous and modeled using linear

regression models, the relationship a,yy = B4 — ¥4 holds.

2.1. Limitations of traditional parametric mediation analysis

Since traditional parametric mediation models are developed within the LSEM
framework, the relationship a,yy = B4 — ¥4 does not generalize to non-linear
regression models (e.g., logistic regression models) or to non- or semi-parametric

models [159,162,163,165].
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Additionally, traditional approaches rely on the assumption of no interaction
between the exposure and the mediator, an assumption that is rarely satisfied in

real-world settings [162,163,165,166].

3. Causal mediation analyses

To overcome the limitations of traditional mediation analysis, causal mediation
analysis has been developed, distinguishing the definition of causal effects (i.e.,
whether effects are identifiable) from their estimation (i.e., how to infer them from
data) [159,161,162]. Since the effect definitions are non-parametric, causal
mediation analyses are broadly applicable than traditional parametric methods,
even in non-linear models or when exposure-mediator interactions are present

[165,167].

3.1. Causal mediation within the potential outcomes framework

A formal approach to causal mediation analysis has been developed within the
potential outcome framework, enabling the decomposition of the TE into the
natural direct effect (NDE) and the natural indirect effect (NIE). Using a binary
outcome and within a single mediator setting, the NDE quantifies the change in the
outcome due to a shift in the exposure from a = 0 to a = 1, while holding the
mediator fixed at the value it would naturally take when a = 0. Conversely, the NIE
guantifies the change in the outcome solely due to a shift in the mediator from

M(a = 0) to M(a = 1), when holding the exposure fixed at a = 0 [162,165,168].
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3.1.1. Causal assumptions in a single mediator setting

The estimation of natural (in)direct effects requires key assumptions for valid causal
inference, known as “sequential ignorability” assumptions. These include the
absence of confounders for the exposure-mediator, exposure-outcome, and

mediator-outcome relationships [162,165,167—-169].

3.1.2. Causal assumptions in a multiple mediator setting

Defining the natural indirect effects of each mediator in a multiple mediators
setting is challenging, as strong extra assumptions are required regarding
mediators: 1) known causal ordering among the mediators; and 2) no unmeasured
confounding between the mediators [170]. Defining the correct causal structure
among the mediators and adjusting for all potential confounders is challenging and
usually not feasible in practice. When these assumptions do not hold, relying on

natural effects may lead to biased causal inference [169,171].

3.2 Causal mediation within the interventional effects framework

To address these limitations, causal mediation analysis has been developed within
the interventional effects framework. This framework extends the potential
outcomes framework by estimating indirect effects through simulated
interventions on mediator distributions. This enables a more flexible approach

when the true causal structure among the mediators is unknown [161,169,172].
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3.2.1. Interventional effects definition

While natural effects are defined in terms of individual-specific counterfactual
mediator values, interventional effects shift the focus to the population level
[170,173]. Interventional effects address the question: “What would happen to Y if
we randomly drew the mediator M from the distribution of M conditional on A?”.
By contrast, natural effects aim to answer: “What would happen to Y if we changed
A, while holding M fixed at the value it would take under the alternative

treatment/exposure?”

Specifically, the mediator is treated as a random draw from its conditional
distribution given A and baseline covariates X, denoted M (a*|X) [161,173]. This

yields to the definition of four interventional (in)direct effects [161,171]:
two interventional direct effects (IDE):

— IDE(0) =E[Y(1,M(a" = 0|X))] — E[Y(0,M (a* = 0]X))]

— IDE(1) =E[Y(1,M(a* = 11X))] — E[Y(0,M (a* = 1]X))]
and two interventional indirect effects (lIE):

— HE0) = E[Y(0,M(a* = 11X))] — E[Y(0,M (a* = 0]X))]

- HEQ) =E[Y (L, m(a* = 11X))] — E[Y (1, M (a* = 0|X))]
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Because these effects rely on random draws from conditional mediator

distributions, they are interpretable only at the population level [161,169,173].

3.2.2. Causal assumptions

Interventional (in)direct effects are identified under three weaker assumptions
than those required for natural effects in a multiple mediator setting: 1) no
unobserved exposure-outcome confounders; 2) no unobserved mediators-
outcome confounders; and 3) no unobserved exposure-mediators confounders

[171,172].

3.2.3. Interventional effects estimation

Interventional (in)direct effects can be estimated using a set of linear regression
models. Then, the interventional effect estimates align with those obtained from
parallel path models, commonly used in a multiple mediator setting but assuming
that they are not causally linked, using the product-of-coefficients method
[169,171,172], described previously (see p. 64). Chapter 2 constitutes a practical
example of the estimation of the interventional effects using a set of linear

regressions for a setting with three mediators.
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Overlap weights based on propensity scores

1. Propensity score to correct for confounding bias

Confounding bias can be mitigated using propensity scores (PSs), which estimate
the conditional probability of an individual being exposed, given a set of measured
confounders [174-176]. By balancing the distribution of confounders between
exposed and unexposed groups, PS aims to replicate the effect of random
assignment achieved in randomized controlled trials (RCTs), thereby reducing
baseline differences between groups and enabling more accurate comparisons.
However, unlike RCTs, PS methods can only adjust for measured confounders and

cannot account for unmeasured baseline characteristics [175,177].

1.1. Propensity score model specification for a binary exposure

When considering a binary exposure, the PS model is typically specified for each

individual using logistic regression as follows:
logit {P(A=1|X1,Xp, ... Xp)} = Bo+ PuXs + BoXy + -+ BpX, (Eq. 4)

where P(A=1|X;,X,,...,X,) represents the individual probability of being
exposed, conditional on a set of measured confounders. Interaction terms can also
be added to the PS model if necessary. Once the PS model is specified, the
individuals probabilities of exposure, conditional on measured baseline

confounders, are obtained [175,177].
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2. Inverse probability of treatment weighting as the standard
propensity score-based balancing weight method

Inverse probability of treatment weighting (IPTW) is the most commonly used PS-
based weighting method applied to control for baseline differences between
exposed and unexposed groups, by creating a weighted pseudo-population in
which confounders are equally distributed [177-179]. Conventional IPTWs are
estimated for each individual as 1/PS for exposed individuals and 1/(1 — PS) for
unexposed individuals. As a result, larger weights are assigned to exposed
individuals with a lower probability of exposure, and vice versa, thereby increasing

their relative influence in the weighted pseudo-population [177].

2.1. Limitations of inverse probability of treatment weighting

When the exposure is rare in certain groups of individuals, extreme PSs may arise,
resulting in large weights when using IPTW, violating the positivity assumption. This
can lead to poor covariate balance and biased causal effect estimates, with inflated

variances [177,178,180-182].

A common approach to address this issue is to exclude observations with extreme
PS values. However, this raises concerns about selecting an appropriate PS-based
cutoff criterion and the resulting reduction in sample size [181,183]. Moreover, the
impact of existing methods for determining this cutoff on bias and the precision of

causal effect estimates remains uncertain [181,183].
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3. Overlap weights for unbiased causal effect estimates in the presence
of extreme propensity scores
Overlap weights (OWs) have been shown to mitigate the aforementioned issues
caused by extreme PSs when using IPTW by down-weighting observations at the
tails of the PS distribution, thereby reducing their influence in the weighted pseudo-
population without excluding any observations. Simultaneously, OWs up-weight
observations in regions where the PS distributions overlap, i.e., including
individuals whose characteristics are similar regardless the exposure status.
Specifically, OWs are calculated as 1 — PS for exposed individuals and PS for
unexposed individuals [180,181,183,184]. As a result, OWs are bounded, leading to
reduced variance and greater precision compared to IPTW [181,183]. Notably,
unlike IPTW, OWs focus the causal estimates on the overlap population, meaning
the results primarily apply to individuals who are sufficiently similar to plausibly

belong to either treatment group, rather than to the entire study population [185].

Practical example

This example, adapted from Thomas et al. [180], uses a dataset of 100 individuals
simulated based on the distribution of variables included in the study by Mehta et

al. [186].
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This study aimed to assess whether the use of angiotensin-converting enzyme
inhibitors (ACEls) is associated with the likelihood of testing positive for SARS-CoV-
2, as well as other SARS-CoV-2-related outcomes, after balancing for a set of
confounders (i.e., age, sex, high blood pressure, diabetes, coronary heart disease,

heart failure, and COPD) [186].

The PSs are estimated as the conditional probabilities of receiving ACEI based on
age, sex, high blood pressure, diabetes, coronary heart disease, heart failure, and
COPD. Figure 14 shows the density distributions of PSs by ACEl uptake,

demonstrating the presence of extreme PS values.

15

10 No ACEI
ACEI

Density

0.0 0.2 0.4 0.6
Propensity score

Figure 14. Density distributions of propensity scores by angiotensin-converting enzyme inhibitors
(ACEI) uptake status. Source: adapted from Thomas et al. [180] and based on data simulated using

the distribution of the variables used in the study by Mehta et al. [186].
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Based on two variables (i.e., age and diabetes), whose mean and frequency were
higher at baseline in patients who received ACEls, Figure 15 shows their
distributions in the unweighted population according to ACEIl uptake, as well as the
relative contribution of each patient when using OWs compared to IPTWs. In the
overlap weighted pseudo-population (Figure 15 B), compared to the unweighted
population (Figure 15 A), outliers contribute less to the weighted population, while
those with overlapping characteristics between treatment groups contribute more.
Conversely, IPTWs increase the weight of individuals who are underrepresented in
the opposite treatment group (Figure 15 C). The R code to reproduce this example

is available in Appendix C.
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Figure 15. Effect of overlap weighting and inverse probability of treatment weighting on the relative
contributions of 100 patients simulated according to the distribution of the variables included in the
study by Mehta et al. (2020) [186] according to diabetes status and age. Source: adapted from
Thomas et al. (2020) [180].
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3.1. Standardized mean difference to assess balance of baseline characteristics

To assess the effectiveness of balancing weight methods in achieving balance in
baseline characteristics between exposed and unexposed groups, the standardized
mean difference (SMD) is commonly used [177,179,180]. The SMD quantifies the
difference in the means of baseline characteristics between exposed and
unexposed groups, for both continuous and categorical covariates, and is expressed
in units of standard deviation. A SMD lower than 10% usually indicates a negligeable
difference in baseline characteristics between groups after weighting
[175,177,179]. Based on our previous working example, Figure 16 shows a SMD of
zero for each covariate when using OWs, whereas IPTWs result in SMDs greater
than 0.1 for several covariates, indicating poor balance.

Male

HTA 1

HF A IPTW
Diabetes - ® oW
COPD A Unweighted
CAD 1

Age 1

05 1.0 15
Absolute SMD

o
o1 ® @ @& 0 o 0o ¢

Figure 16. Absolute standardized mean difference (SMD) assessing the effectiveness of inverse
probability of treatment weighting (IPTW) and overlap weighting (OW) based on propensity scores
in achieving covariate balance between treated and untreated individuals. Abbreviations: HBP= high
blood pressure; HF=heart failure; COPD=chronic obstructive pulmonary disease; CAD=coronary artery
disease. Source: adapted from Thomas et al. (2020) [180], using data simulated according to the
distribution of the variables included in the study by Mehta et al. (2020) [186].
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3.2. Overlap propensity score-weighted outcome model specification

After calculating OWs based on PS estimation, overlap PS-weighted logistic
regression models can be applied by incorporating OWs as weights. The outcome

model is specified as follows:

logit {P(Y =1]|A)} = Po + PsA (Eq. 5)

where each observation is weighted by its corresponding OW. Based on this
outcome model, the overlap PS-weighted ORs can be computed as exp(B,),
estimating disparities in the outcome between exposed and unexposed groups

after balancing for confounders [183].

3.3. Propensity score model misspecification

Compared to IPTW, OW estimators are more sensitive to misspecification of the PS
model, which can lead to biased causal effect estimates [182]. Such misspecification
may result from the omission of important confounders or interactions and should
be assessed using the SMD, as explained above [177]. Additionally, combining the
outcome regression model with overlap PS weighting can improve the robustness
of the estimators beyond weighting alone, provided that at least one of the models
is correctly specified. However, this approach does not generally yield doubly
robust estimations, which require specific methods, such as fitting a canonical link
GLM fitted via maximum likelihood with weighted score equations, followed by

regression standardization [187].

78



Conditional inference tree algorithms

1. Conditional inference trees: a class of classification trees

Conditional inference trees (CITs) are a class of classification trees (CTs), a powerful
machine learning technique that complements traditional regression models. CTs
are particularly useful for evaluating the predictive relationships between a
categorical outcome variable and a set of categorical or continuous predictors,
especially when the associations are non-linear or involve complex interactions

[188,189].

1.1. Limitations of classification trees

While CTs offer a clear and intuitive approach to modeling complex interactional
relationships within a non-parametric framework, they face two major issues [188—

191]:

e Overfitting: CTs do not incorporate the concept of statistical significance
when determining splits. As a result, even minimal and potentially non-
significant improvements in node purity can lead to additional splits. This
can cause the tree to overfit the training data by capturing noise rather
than meaningful patterns, thereby reducing the model’s generalizability

and robustness [189,191];
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e Biased variable selection: CT algorithms search for the optimal split by
simultaneously evaluating all possible splits across all variables, selecting
the one that maximizes a chosen splitting criterion (e.g., the Gini index).
This method tends to favor variables with more potential split points or a
higher number of missing values, regardless of their true predictive value

[191,192].

Although pruning procedures have proven effective in reducing overfitting and
generating more optimal trees [188], biased variable selection remains an issue in
CT interpretation, ultimately limiting the accuracy and reliability of its predictions
[191]. To overcome these issues, Horton et al. [191] introduced the CIT algorithm,

which incorporates statistical significance testing into the splitting process.

2. Conditional inference trees and the concept of statistical
significance

CITs integrate statistical significance testing into the tree-building process by using
p-values derived from conditional permutation tests. This approach, also known as
unbiased conditional recursive partitioning, recursively partitions the data based
on the strength of the association between the predictor variables and the
outcome, modeling regression relationships within a conditional inference

framework [190,191,193].
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2.1

Conditional inference tree algorithm mechanisms

The CIT algorithm operates through three main steps [190,191,194]:

(1)

(2)

(3)

Global null hypothesis testing and variable selection: the algorithm
initiates with the entire sample and seeks to identify whether there is any
association between the response variable and each predictor. For this

purpose, it assesses the correlation (pX].,y) between the response variable

(¥) and any random variable from the set of predictors (X;). The global null

hypothesis (Hy: Px;y = 0) between Y and X; is assessed using a statistical
test (i.e., conditional permutation test). If Hy is rejected (H;: Px;y * 0), the

predictor X; with the strongest association (i.e., the lowest p-value) with ¥
is selected to constitute the root node.

Binary split on the selected input variable: once a predictor is selected
based on its strongest association with the outcome, permutations tests
are used to evaluate all possible binary splits of that predictor.

Recursive application of steps 1 and 2: for each resulting subset, the
algorithm recursively applies conditional permutation tests to all predictor
variables X; and selects the one that maximizes the pre-specified
significance level a for splitting that subset. The process continues until the

stopping criteria are met.
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Practical example

Figure 17 presents the graphical output from a CIT fitted on a training dataset
including 70% of a simulated sample of 1,000 individuals, considering education

and income as predictors of disease status.

The CIT algorithm first identifies education as the predictor most strongly
associated with disease onset (p-value < 0.001), partitioning the root node into one
terminal node including individuals with high education, and one internal node
including those with low education. The algorithm then selects income as the next
most significant predictor (p-value<0.001), further splitting the internal node into

two terminal nodes based on whether individuals have low or high income.

Using a predictive threshold of 0.5, the model predicts disease onset among
individuals with both low income and low education, with a 70% disease prevalence
in this terminal node, compared to 40% in the other terminal nodes. The R code to

reproduce this example is provided in Appendix D.
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Figure 17. Conditional inference tree output considering diseased individuals as cases, healthy
individuals as controls, and income and education as predictors, fitted on a simulated training
dataset (N=700). A significance level of 5% (a = 0.05) and a predictive threshold of 0.5 have been

used.

2.1.1. Stopping criteria

At each recursive step, the algorithm evaluates whether specific stopping criteria
have been met. Once these criteria are satisfied, further splitting ceases, and the
current internal nodes become terminal nodes of the tree. Common splitting
criteria include: a) the null hypothesis (Hy) can no longer be rejected at a pre-
specified level a; b) a minimum node size is reached; or ¢) a maximum tree depth

is set to prevent the model from becoming overly complex [190,191,194].
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2.2. Evaluating the predictive performance of the conditional inference tree

Once the CIT model is trained on the training dataset, its ability to generalize and
make accurate predictions on new data that it has not encountered during training

(i.e., the test dataset) is assessed [189].

To this end, two commonly used metrics are sensitivity and specificity [195].
Sensitivity measures how well the algorithm classified truly diseased individuals
(i.e., true positives), while specificity identifies how well the algorithm classified
truly healthy individuals (i.e., true negatives) [195]. The closer the values of
sensitivity and specificity are to 1, the better the predictive performance of the
model. However, in practice, there is often a trade-off governed by the predictive

threshold: increasing sensitivity typically reduces specificity and vice versa [196].

One limitation of using sensitivity and specificity is their dependence on a single
threshold, requiring the selection of an appropriate trade-off between the two
statistical measures [197]. The Receiver Operating Characteristic (ROC) curve
provides a graphical representation of the trade-off by plotting sensitivity against
(1 - specificity) across a range of threshold values. The Area Under the Curve (AUC)
is then calculated and summarizes the model’s overall predictive performance. The
closer the AUC is to 1, the better the model’s predictive performance. A diagonal
line from (0,0) to (1,1) represents the ROC curve for random chance. An AUC value

below 0.5 indicates predictive performances worse than random chance [196].
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Practical example

Based on the previous working example, Table 10 presents the classification results
using a predictive threshold of 0.5. The CIT model has a sensitivity of 44%
(63/(63 + 80)), meaning that 44% of truly diseased individuals were correctly
classified. The specificity was 83% (131/(131 + 26)), meaning that 83% of truly
healthy individuals were correctly identified. The R code to calculate the sensitivity

and specificity and their 95% Cls for this example can be found in Appendix D.

Table 10. Contingency table comparing actual and predicted health status based on the
conditional inference tree model using a classification threshold of 0.5. TN: true negative;
FP: false positive, FN: false negative; TP: true positive.

Predicted health status

Healthy Diseased
Actual health Healthy 131 (TN) 26 (FP)
status Diseased 80 (FN) 63 (TP)

Figure 18 shows the ROC curve for the CIT model, along with the AUC and their 95%
Cl. The AUC was 0.66 [95% Cl 0.61 — 0.73], meaning that the model performs better
than random chance, though with moderate discriminative performance. The R

code for reproducing this analysis is available in Appendix D.
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Figure 18. ROC curve and AUC with 95% ClI for the conditional inference tree model applied to the
fictive test dataset (N=300), evaluating model’s ability to predict disease status based on income

and education.
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Competing risk models

1. Limitations of traditional survival analysis

Traditional survival analyses, such as the Kaplan-Meier (KM) estimator or the Cox
proportional hazard regression model, assume that individuals who do not
experience the event of interest remain at risk indefinitely. However, in many real-
world scenarios, individuals may experience an alternative event that prevents the
occurrence of the primary event, known as a competing risk. Once such an event

occurs, the individual is no longer at risk for the event of interest.

Traditional survival analyses treat these competing events as censored in the same
way as other conventional censoring, even though their true survival time for the
primary event is no longer observable [198,199]. However, this might lead to biased
estimates of survival probabilities and hazard rates by violating a key assumption
of conventional survival analysis: the assumption of non-informative (or
independent) censoring [198,199]. This assumption implies that the survival time

and the censoring time must be independent.

However, in competing risk settings, the assumption of non-informative censoring
does not hold because the occurrence of a competing event directly alters the
likelihood of the primary event occurring [200]. For example, in traditional survival

analyses, individuals who die from causes unrelated to the cause of death of
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interest are treated as censored, assuming that their removal from observation is
unrelated to their survival time. As a result, traditional survival analyses violate the
assumption of non-informative censoring and estimate what the survival
probability would have been if the competing event had not occurred, rather than

the actual survival probability of experiencing the event of interest [200].

Therefore, to address this limitation, competing risk models were developed,
providing a more accurate framework for analyzing survival data in the presence of

multiple possible outcomes [199].

2. Competing risk models to consider multiple outcomes

To take into account the competing nature of multiple events in modeling survival

data, competing risk models include [198,200-202]:

¢ The cumulative incidence function (CIF), which should be used instead of
the KM estimator in the presence of competing events. In addition, the
Gray’s test can be used instead of the log-rank test to compare the equality
of CIF curves between groups;

e The Fine & Gray subdistribution hazard regression model, which can be

used instead of the Cox proportional hazard model.
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2.1. The cumulative incidence function

The CIF is the cumulative probability of experiencing the event of interest at any
point between baseline and time t, while accounting for the presence of competing
events. For example, a CIF of 10% at time t means that the estimated probability of
experiencing the event of interest by time t is 10%, accounting for competing
events [198,199,201,203]. Mathematically, the CIF for the k" event is defined as

follows [201]:

CIF(©) = BieeS(4-1) R (8) = Zujee S(5-1) 2 (Eq. 6)

where $(t;_;) is the estimate of the overall survival probability at time ¢;_; and

Ek(tj) = dr"(—%) is the estimate of the hazard defined as the ratio between the
number of events of type k at time j, denoted d (j), divided by the number of
individuals at risk just before time j, denoted r(j). This means that, at each event
time, the contribution to the cumulative incidence is determined by the probability
of surviving without any event up to that time, i.e., §(tj_1), multiplied by the
instantaneous probability of experiencing the event of type k at that time, i.e.,
ﬁk(tj). Summing these contributions across all time points up to t yields the

cumulative probability of experiencing the event of interest by time t, while

appropriately accounting for the presence of competing risks.
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To better understand this mathematical definition, and to show how the CIF
properly accounts for competing risks, unlike the KM estimator which treats them
as censored, we consider the following example adapted from Satagopan et al.

[204].

Practical example

Let us take a sample of 10 individuals followed over a 10-month period, where the
event of interest is death from COVID-19, denoted k = 1, and the competing event

is death from all other causes, denoted k = 2 (Table 11).

Table 11. Sample of 10 individuals followed up over a 10-month period to assess the
probability of dying from COVID-19 (k=1) in the presence of a competing event, i.e., other
causes of death (k=2). OCOD=all other causes of death; CENS= censored.

(1) 2 t3) t@ t5) t6) t7) 8 9 t(10)

COVID CENS OCOD COVID COVID CENS OCOD OCOD CovID CENS
k=2 k=2 k=1 k=1 k=2 k=2 k=1

For example, at time t(4), the risk set decreases from 10 to 7 individuals as one
individual died from COVID-19 at £(1), one was censored at t(2), and another died
from OCOD at t(3), therefore considered as censored in the KM approach. The
survival probability at time t(4) is therefore calculated as 1 —1/7 = 0.86. The
overall survival probability at four months is then estimated by multiplying the

survival probabilities at t(1) and t(4): 0.9 * 0.86 = 77%.
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As a result, the incidence of COVID-19 death at t(4) is estimated as 1 — 0.77 =
23%. This process continues for each event time until the last one t(9), where the

incidence of COVID-19 death is estimated at 68% (Table 12).

Table 12. Estimation of the overall probability of surviving COVID-19 death (k = 1) using
the Kaplan-Meier estimator Sy (t;) considering the competing event, i.e., other causes

of death (k = 2), as censored. Source: adapted from Satagopan et al. [204].

Event  Risk Number of Survival KM estimator of Incidence
times set events of probability overall survival
typek =1 probability
tg) rQ) d-1(j) 1— dy-1 Skm(t)) 1-Seu(t)
r(j)

t(0) 10 0 1 1 0

t(1) 10 1 0.9 0.9 0.1
t(4) 7 1 0.86 0.77 0.23
t(5) 6 1 0.83 0.64 0.36
t(9) 2 1 0.5 0.32 0.68

Let us now consider deaths from OCOD as competing events in the estimation of
the cumulative incidence of death from COVID-19 (Table 13). The first step is to
estimate the overall survival probability using the KM estimator, but this time
accounting for all events, meaning that competing events are no longer treated as
censored. In this approach, the survival probability is updated at each event time,

whether the event is COVID-19 death or OCOD.

91



As a result, the overall survival probability at 9 months is estimated at 14%,
compared to 32% when competing events were treated as censored (see Tables 12

and 13, respectively).

The second step involves estimating the cumulative incidence of death from COVID-
19 (Table 13). In this step, only the event times at which the event of interest occurs
are considered. At each event times, the cause-specific failure probability (i.e., the
probability of failing from COVID-19 death at time t(j), given that the individual
was still at risk just prior to t(j)) is calculated by dividing the number of COVID-19
deaths at t(j) by the size of the risk set at £(j). Then, the incidence of COVID-19
death at t(j) is obtained by multiplying this failure probability by the overall
survival probability (from Step 1) just prior to that time point, such as:

Scr(tj-1) hx=1()). The CIF is then estimated as the sum of these products over all

relevant time points: CIF,—, (t) = X<t Scr(tj-1) Rie=1().

Using this method, the cumulative incidence of death from COVID-19 at 9 months
is estimated at 47% (Table 13), compared to 68% when using the KM estimator
(Table 12). This illustrates how the KM estimator can overestimate the incidence of
the event of interest when competing risks are present. However, when competing

risks are absent, both estimators are equivalent, therefore CIF,(t) =

thst§CR(tj—1) et () = 1= Sem ().
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Table 13. Estimation of the cumulative incidence of COVID-19 death (k = 1) when considering other causes of death (k = 2) as
competing risks. Source: adapted from Satagopan et al. [204].

Event times Risk set Number of Survival KM estimator of
events of type probability overall survival
k=1ork=2 probability

t(j) r(j) di=12() 1— dy=120) Skm(t))

r(j)

t(0) 10 0 1 1
t(1) 10 1 0.9 0.9
t(3) 8 1 0.88 0.79
t(4) 7 1 0.86 0.68
t(5) 6 1 0.83 0.56
t(7) 4 1 0.75 0.42
t(8) 3 1 0.67 0.28
t(9) 2 1 0.5 0.14
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Table 13. Continued

Event times Risk set Number of Failure KM estimator Incidence Cumulative incidence
events of probability for of overall
typek =1 eventk =1 survival
probability at
time t;_,
0 r(j) di=1 () Bcs® St Ser(0) B D) Sen(61) s 0)
_ di=10) )
() ’

t(0) 10 0 0 1 0 0
t(1) 10 1 0.1 1 0.1 0.1
t(4) 1 0.14 0.79 0.11 0.21
t(5) 1 0.17 0.68 0.11 0.33
t(9) 2 1 0.5 0.28 0.14 0.47




Figure 19 shows the estimated cumulative incidence of COVID-19 over time using
the KM estimator compared to the competing risk estimator. The KM estimator
clearly overestimates the probability of death from COVID-19, as the non-
informative assumption is violated. The R code to reproduce this example can be

found in Appendix E.
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Figure 19. Cumulative probability of dying from COVID-19 over a 10-month follow-up period

estimated via the Kaplan-Meier and competing risk methods, respectively.
2.1.1. Gray’s test to compare cumulative incidence functions
The Gray’s test, consisting in modified Chi-squared test, is a non-parametric
method to compare CIFs between groups. It tests the null hypothesis H, that the
CIFs of the groups are equal. This test does not rely on the assumption of
noninformative censoring, thus reducing the risk of bias in the comparison of the

CIFs [201,205].
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Practical example

Building on the previous example, where COVID-19 death is the event of interest
and OCOD are treated as competing risks, we now increase the sample size to 1,000
individuals and introduce a new variable: the education level (low vs. high). Figure
18 presents the CIFs for COVID death by education level, accounting for OCOD as
competing risks. At 10 months, the estimated CIF for individuals with low education

is 45% [39% - 51%] versus 25% [18% - 33%)] for those with high education.

o o = =] =
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o
o
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Follow-up (in months)

High education — Low education

Figure 20. Cumulative incidence function curves and 95% confidence intervals for COVID-19 death

by education level, accounting for all other causes of death as competing risks.
The Gray’s test indicates that the difference between the two CIFs is statistically

significant (p-value < 0.001). The R code to reproduce this example can be found in

Appendix F.
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2.2. Subdistribution hazard regression models

Traditional survival models, such as the Cox proportional hazard model, estimate
the effect of covariates on the cause-specific hazard function, where competing
events are considered as censored. These models therefore violate the assumption
of non-informative censoring, which may lead to biased estimates, as previously

described.

To address this issue, the Fine & Gray model was developed to directly assess the
effect of covariates on the CIF for the event of interest. This model is based on a
modified version of the hazard function, known as the subdistribution hazard

function [206].

The subdistribution hazard function represents the instantaneous rate at which the
event of interest occurs among individuals who have not yet experienced that
event, including those who have already experienced a competing event.

Mathematically, the subdistribution hazard function is expressed as follows [202]:

P(Et<T <t+At|Tc>t U T s<t,cr#c)
At ’

he,cip(t) = ﬂ"% Vt>0 (Eq. 7)
where T. is the time to the event of interest of type ¢, and T, is the time to a

competing event of type c’.

This formulation ensures that individuals who experience a competing event at

time t remain in the risk set for the event of type c at time t + 1, in contrast to the
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standard hazard function, where such individuals are treated as censored and
removed from the risk set [198]. Based on the subdistribution hazard function, the
effect of covariates on the CIF can be directly modeled through a CIF-based

proportional hazard model, expressed as follows [198,199,201]:

he, cir(8) = hoc, cir(8) exp(Xi-1 X; x ;) (Eq. 8)

where:

e h¢ ¢r(t) is the subdistribution hazard function for the event of interest ¢
at time ¢;

e (IF is the cumulative incidence function, representing the probability of
experiencing the event of interest ¢ while accounting for competing
events;

®  hoc crr(t) is the baseline subdistribution hazard function for cause c;

e X, represents a covariate;

e ], are the regression coefficients estimating the effect of covariates in the

presence of competing event.

The results from the Fine & Gray subdistribution hazard model are usually reported
using subdistribution hazard ratios (SHRs), calculated as exp(4;). The SHR
quantifies the relative change in the subdistribution hazard for a one-unit change

in the corresponding covariate [207].
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Chapter 1. Social health inequalities in COVID-19

vaccination coverage

Adapted from

Lisa Cavillot, Joris A.F. van Loenhout, Brecht Devleesschauwer, Chloé Wyndham-

Thomas, Herman Van Oyen, Jinane Ghattas, Koen Blot, Laura Van den Borre,
Matthieu Billuart, Niko Speybroeck, Robby De Pauw, Veerle Stouten, Lucy
Catteau & Pierre Hubin. Sociodemographic and socioeconomic disparities in
COVID-19 vaccine uptake in Belgium: a nationwide record linkage study. J

Epidemiol Community Health. 2023 Dec 26; 78(3): 176-83.
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Abstract

Background: recent studies have identified important social inequalities in SARS-
CoV-2 infection and related COVID-19 outcomes in the Belgian population. The aim
of our study was to investigate the sociodemographic and socioeconomic

characteristics associated with the uptake of COVID-19 vaccine in Belgium.

Methods: we conducted a cross-sectional analysis of the uptake of a first COVID-19
vaccine dose among 5,342,110 adults (=18 years) in Belgium on August 31st 2021.
We integrated data from four national data sources: the Belgian vaccine register
(vaccination status), COVID-19 Healthdata (laboratory test results), DEMOBEL
(sociodemographic/socioeconomic data), and the Common Base Register for
HealthCare Actors (individuals licensed to practice a healthcare profession in
Belgium). We used multivariable logistic regression analysis for identifying
characteristics associated with not having obtained a first COVID-19 vaccine dose

in Belgium and for each of its three regions (Flanders, Brussels, and Wallonia).

Results: during the study period, 10% (536,716/5,342,110) of the Belgian adult
population included in our study sample was not vaccinated with a first COVID-19
vaccine dose. A lower COVID-19 vaccine uptake was found among young
individuals, men, migrants, single parents, one-person households, and

disadvantaged socioeconomic groups (with lower levels of income and education,
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unemployed). Overall, the sociodemographic and socioeconomic disparities were

comparable for all regions.

Conclusions: the identification of sociodemographic and socioeconomic disparities
in COVID-19 vaccination uptake is critical to develop strategies guaranteeing a more

equitable vaccination coverage of the Belgian adult population.

106



1. Background

The presence of a social gradient in the Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2) infections and subsequent coronavirus disease 2019
(COVID-19) outcomes has been clearly demonstrated through various international
studies with a higher risk of getting infected and developing severe outcomes (e.g.
hospitalization, death) among certain sociodemographic (SD) groups (e.g. men,
elderly, migrants) and socioeconomic (SE) disadvantaged groups [208-210]. In
Belgium, the same patterns have been identified, whereby the most disadvantaged
SE groups presented a higher incidence of SARS-CoV-2 infection as well as higher

levels of excess mortality during the COVID-19 pandemic [121,211,212].

Vaccination is a powerful public health instrument to decrease the transmission of
the virus and lower the probability of developing severe COVID-19 health outcomes
[213,214]. However, vaccine equity concerns remain as some studies have shown
a lower COVID-19 vaccine uptake among SE disadvantaged groups [215-217]. The
vaccine uptake is influenced by a range of factors, including vaccine accessibility,
awareness (information about the disease and the vaccine), and willingness which
can be influenced by the socio-cultural environment, political and religious
orientation, or pre-existing health needs [218-220]. Understanding the social
patterns in COVID-19 vaccine uptake is crucial for future vaccination campaigns

against COVID-19 or other diseases and in the context of pandemic preparedness.
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Belgium’s nationwide vaccination campaign started on 28 December 2021,
targeting first nursing home residents and staff, hospital-based and frontline health
professionals, residents and staff of collective care facilities, individuals aged 65 and
over, and individuals with comorbidities, before extending the vaccination
campaign to all individuals aged 18 and over in order of decreasing age [44,47]. By
31 August 2021, 90% of the Belgian adult population invited for the vaccination had
received the first COVID-19 vaccine dose. The objective of the present study was to
investigate SD and SE disparities in the uptake of the first COVID-19 vaccine dose in

the Belgian adult population.

2. Materials & methods

2.1. Study design and data sources

In this nationwide record linkage study, we investigated SD and SE disparities in the
uptake of a first COVID-19 vaccine dose using data from the LINK-VACC project.
LINK-VACC was set-up by Sciensano, the Belgian Institute of Health, and contains,
within a pseudonymized environment, selected variables from multiple existing
national health and social sector registers linked at an individual level using the
Belgian social security number [130,133]. For the present study, four databases
were used: 1) The Belgian vaccine register (Vaccinnet+), containing data on COVID-
19 vaccine doses administered to Belgian residents as well as demographical data

on the vaccinated person, 2) the COVID-19 Healthdata test database, containing
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data from COVID-19 laboratory test performed in Belgium as well as demographical
data on the tested person, 3) DEMODEL database provided by the Statistics Belgium
(Statbel) containing variables related to SD and SE characteristics as well as
information on the status in the national register, 4) The Common Base register for
HealthCare Actors (CoBRHA) allowing the identification of individuals licensed to

practice a healthcare profession in Belgium.

2.2. Study population definition

The study population consists of all individuals residing in Belgium aged 18 years
and over tested at least once for COVID-19 (PCR and rapid antigen tests) before the
31t of August 2021, as recorded in the COVID-19 Healthdata test database
(n=5,661,661). Thanks to an individual linkage with DEMOBEL, SD and SE data were
available for 97.6% (n=5,525,634/5,661,661) of them. After this linkage, we
excluded individuals who were deregistered, migrated, and deceased based on
their status in the national register available in DEMOBEL database as well as
individuals with either age, sex, or region unknown. Our final study population was
composed of 5,342,110 adults (> 18 years) tested at least once in Belgium before
August 31% 2021, for whom Vaccinnet+ was consulted in order to determine their
vaccination status for a first COVID-19 vaccine dose. A flow chart demonstrating the

process for selecting our final study population is available in Figure 21.
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All adults (=18 years) tested for
COVID-19 in Belgium by August
31512021 registered in COVID-19

Healthdata test database
(n=5,661.661)
l No link with DEMOBEL
established (n=136,027)

All adults with available SD/SE
information in DEMOBEL database
(n=5,525,634)

Exclusion of adults who were

| deregistered (n=25.762), deceased

l (n=66.463), and migrated

I . (n=77,252)
All adults officially residing in
Belgium
(n=5,356,157)

l - Exclusion of adults with either age,
sex, or region missing (n=14,047)

All adults with available information
on age, sex, and region
(n=5.,342.110)

i A
First dose of COVID-19 First dose of COVID-19
vaccine administered by vaccine not administered by
August 315 2021 August 3152021
(n=4,805,394) (n=536,716)

Figure 21. Flowchart of the study population based on the COVID-19 Healthdata test database,
Belgium, December 28t 2020 — August 315t 2021.

2.3. Outcome

The outcome of this study was defined as the uptake of a first dose of any COVID-
19 vaccine (approved by the EU) between the start of the vaccination campaign
(December 28th 2020) and August 31st 2021. By this date, all individuals of 18 years
and over officially residing in Belgium should have received an invitation to be
vaccinated with a first dose and the opportunity to receive it. Figure 22 shows
COVID-19 first-dose vaccination coverage over time by region and age group in

Belgium. Moreover, administration of a first dose is a good predictor of a full
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primary course of vaccination. The proportion of those with a full primary course

among those who received at least one dose is close to 100% [25].

Age groups — 1824 — 3544 55-64 75-84 == All age groups
25-34 — 45-54 65-74 — 85+
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Vaccine coverage, at least one dose (%)

Date

Figure 22. Vaccination coverage of a first dose of COVID-19 vaccine over time by age groups and

regions, Belgium, December 28t 2020 — December 27th 2021.

2.4. Covariates

To identify characteristics associated with the uptake of a first COVID-19 vaccine
dose, we focused on several relevant SD and SE characteristics (Supplementary
Table 1). Age, sex, and region of residence were available in Vaccinnet+ and COVID-
19 Healthdata test database. Household type, migration background, income,
education, and employment status were available in DEMOBEL. Household type
was divided in one-person, couples without children, couples with children, single

parents, collectivity (e.g., prison, nursing homes), and other. Migration background
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was divided in Belgian natives, second-generation migrants, first generation
European migrants, and first-generation non-European migrants. Income was
available as deciles of the net household income and was further categorized into
low income (deciles 1 to 4), moderate income (deciles 5 to 7), and high income
(deciles 8 to 10). Education was classified in eight categories using the International
Standard Classification of Education (ISCED). We merged these different categories
into three main education levels: low (ISCEDO to ISCED2), moderate (ISCED3 to
ISCED4), and high (ISCED5 to ISCED 8). The employment status was defined as
employed or unemployed. Finally, we were able to determine whether individuals
had a healthcare degree using a variable provided by CoBRHA. Missing SD or SE
data were considered as a separate category as they were associated with certain
SD and SE characteristics and not randomly distributed in the population (see

Supplementary Table 2).

2.5. Statistical analyses

For each SD and SE level, the number and proportion of first COVID-19 vaccine
doses (not) administered were calculated. To compute adjusted odds ratios (aORs)
and Wald 95% confidence intervals (Cls), we fitted a first logistic regression model
including age, sex, region, migration background, household type, and income as
covariates. A second model was fitted only on individuals aged 25-years and older

adding education level and healthcare degree as additional covariates. Finally, a
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third model was fitted only on individuals aged between 25- and 65-years adding
employment status as additional covariate and removing income (highly correlated
variables). Following the same procedures, we fitted logistic regression models
stratified by regions (Flanders, Brussels, Wallonia) based on the individual postal
code of residence, in view of the important differences in vaccination coverage
between them (see Table 14 and Figure 22), and the responsibility of each regional
health authority for the roll-out and practical implementation of the vaccination

campaign [15].

We performed sensitivity analyses to determine whether adding interaction terms
between region and each covariate of the model, instead of stratifying by region,
had an influence on the results. To do this, we extracted and compared, for both
methods, the conditional probabilities of not having obtained a first COVID-19

vaccine dose according to all SD and SE characteristics (Supplementary Table 3).

All analyses were performed in R version 4.0.5 [221]. The package “Effects” was

used to compute conditional probabilities [222].

3. Results

3.1. Descriptive statistics

The final analyses included 5,342,110 Belgian residents. By August 31st 2021, 89.

95% of them received a first COVID-19 vaccine dose (Table 14).
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The vaccination coverage was lower among young age groups, with 84.88%
vaccinated among 18-24-years-olds compared to 97.06% vaccinated among 85-
years-olds and over. The vaccination coverage was similar between males and
females. The lowest vaccination coverage was observed in Brussels (78.02%
vaccinated), compared to Flanders (92.83% vaccinated) and Wallonia (88.03%
vaccinated). Second-generation migrants, first-generation European migrants, and
first-generation non-European migrants had a lower vaccination coverage (80.90%,
81.15%, 77.59% vaccinated, respectively), compared to Belgian native (94.79%
vaccinated). A lower vaccination coverage was observed among one-person
households (89.52% vaccinated), couples with children (89.08% vaccinated), and
single parents (84.50% vaccinated), compared to collectivities (96.59% vaccinated)

and couples without children (94.44% vaccinated).

The vaccination coverage was also lower among individuals with low education
(89.15% vaccinated), low income (84. 55% vaccinated), and without a healthcare
degree (89.59% vaccinated), compared to individuals with high education (94.13%
vaccinated), high income (94.94% vaccinated), and a healthcare degree (89.59%
vaccinated). The vaccination coverage was similar between employed and
unemployed individuals. Overall, the vaccination coverage was relatively low in

categories with data indicated as missing: missing household type (76.91%
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vaccinated), missing education level (80.93% vaccinated), missing income (82.71%

vaccinated), missing employment status (75.60% vaccinated).

Table 14. Sociodemographic and socioeconomic characteristics of the population
according to the uptake of a first dose of COVID-19 vaccine in Belgium, December 28t

2020 — August 31 2021.

Variables

Age groups (years)

18-24
25-34
35-44
45-54
55-64
65-74
75-84
85+

All
(n=5,342,110)

n ( %column)

First dose
administered by
August 31 2021

(n=4,805,394)

n ( %row)

First dose not
administered
by August 31°t
2021
(n=536,716)
n (%row)

645,416 (12-08)
1,051,576 (19-68)
978,478 (18-32)
903,514 (16-91)
797,786 (14-93)
511,784 (9-58)
296,974 (5-56)
156,582 (2-93)

547,826 (84-88)
886,846 (84-33)
857,111 (87-60)
827,999 (91-64)
752,601 (94-34)
492,092 (96-15)
288,939 (97-29)
151,980 (97-06)

97,590 (15-12)

164,730 (15-67)

121,367 (12-40)
75,515 (8-36)
45,185 (5-66)
19,692 (3-85)
8,035 (2:71)
4,602 (2:94)

Regions
Brussels
Flemish
Walloon

579,687 (10-85)
3,348,547 (62-68)
1,413,876 (26-47)

452,251 (78-02)
3,108,510 (92-83)
1,244,633 (88-03)

127,436 (21:98)
240,037 (7-17)
169,243 (11:97)

Sex
Women
Men

2,849,932 (53-35)
2,492,178 (46-65)

2,565,422 (90-02)
2,239,972 (89-88)

284,510 (9-98)
252,206 (10-12)

Migration background
Belgian natives
Second-generation
migrants
First-generation
European migrants
First-generation non-
European migrants

3,652,357 (68-37)
324,420 (6:07)

607,586 (11-37)

757,747 (14-18)

3,461,899 (94-79)
262,465 (80-90)

493,062 (81-15)

587,968 (77-59)

190,458 (5-21)
61,955 (19-10)

114,524 (18-85)

169,779 (22-41)
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Table 14. Continued

\EE]ES

Household type

One-person households

Collectivity
Couples without
children

Couples with children

Single parents
Missing
Other

All
(n=5,342,110)

n ( %column)

First dose
administered by
August 31 2021

(n=4,805,394)

n ( %row)

First dose not
administered
by August 31°t
2021
(n=536,716)
n (%row)

878,506 (16-44)
96,213 (1-80)
1,302,576 (24-38)

2,363,467 (44-24)
548,369 (10-27)
26,752 (0-50)
126,227 (2-36)

786,400 (89-52)
92,929 (96:59)
1,230,134 (94-44)

2,105,396 (89-08)
463,386 (84-50)
20,574 (76:91)
106,575 (84-43)

92,106 (10-48)
3,284 (3-41)
72,442 (5-56)

258,071 (10-92)
84,983 (15-50)
6,178 (23-09)
19,652 (15-57)

Education level
Low
Moderate
High
Missing

1,567,744 (29-35)
1,569,361 (29-38)
1,511,494 (28-29)
693,511 (12-98)

1,397,598 (89-15)

1,423,852 (90-73)

1,422,694 (94-13)
561,250 (80-93)

170,146 (10-85)
145,509 (9-27)
88,800 (5-87)

132,261 (19-07)

Income
Low
Moderate
High
Missing

1,815,339 (33-98)

1,564,464 (29-29)

1,762,607 (32-99)
199,700 (3-74)

1,534,829 (84-55)

1,431,971 (91-53)

1,673,416 (94-94)
165,178 (82-71)

280,510 (15-45)
132,493 (8-47)
89,191 (5-06)
34,522 (17-29)

Healthcare degree
Yes
No

423,852 (7-93)
4,918,258 (92-07)

398,902 (89-59)
4,406,492 (94-11)

24,950 (10-41)
511,766 (5-89)

Employment status

Unemployed
Employed
Missing

1,874,544 (35-09)
3,364,795 (62-99)
102,771 (1-92)

1,695,122 (90-43)
3,032,575 (90-13)
77,697 (75-60)

179,422 (9-57)
332,220 (9-87)
25,074 (24-40)

n(%column): absolute number with percentage of the total population; n(%row) : absolute number
with percentage of the subgroup per sociodemographic and socioeconomic characteristics.
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3.2. Predictors of first dose of COVID-19 vaccine uptake

Multivariable Model 1 (Table 15), applied on all age groups, showed an age gradient
in COVID-19 vaccination coverage from 25- to 84-years-olds: the younger the
individuals were, the more likely they were to be unvaccinated (aOR 5.49 [5.37-
5.62] for 25-34 age group, compared to 75-84 age group). Men had a slightly lower
COVID-19 vaccine uptake, compared to women (aOR 1.05 [1.04-1.06]). Individuals
with a migration background had higher odds of being unvaccinated, compared to
Belgian natives (aOR 2.25 [2.23-2.28] for second-generation migrants; aOR 2.90
[2.88-2.93] for first-generation European migrants; aOR 2.98 [2.95-3.00] for first-
generation non-European migrants). Compared to couples with children, one-
person households (aOR 1.18 [1.17-1.19) and single parents (aOR 1.27 [1.26-1.29])
had higher odds of being unvaccinated. Individuals with missing information on the
household type had also higher odds of being unvaccinated (aOR 1.04 [1.01-1.08]).
A lower COVID-19 vaccine uptake was identified among individuals with low (aOR
2.36 [2.34-2.38]), moderate (aOR 1.54 [1.52-1.55]), or missing income (aOR 1.93

[1.89-1.96]), compared to individuals with high income.

In Model 2 (Table 15), a lower COVID-19 vaccine uptake was identified among
individuals with a low (aOR 1.37 [1.36-1.39]), moderate (aOR 1.31 [1.30-1.32]), or

missing (aOR 1.19 [1.18-1.21]) education level, compared to individuals with a high
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education level. Not having a healthcare degree was associated with a lower

COVID-19 vaccine uptake (aOR 1.41 [1.39-1.43]).

In Model 3 (Table 15), being unemployed was associated with a higher odd of being
unvaccinated (aOR 1.46 [1.45-1.47]) as well as having a missing employment status
(aOR 1.16 [1.13-1.18]), compared to being employed. Overall, similar patterns
could be identified in all regions (Supplementary Tables 4 to 6). The crude ORs for
the Belgian models and those stratified by regions can be found in Supplementary

Tables 7 and Supplementary Tables 8 to 10, respectively.

Table 15. Adjusted odds ratios (aORs) and their 95% confidence intervals (Cls) for the
association between sociodemographic and socioeconomic characteristics and the odds
of not having received a first dose of COVID-19 vaccine, Belgium, December 28" 2020 -
August 31 2021.

aOR (95%Cl) aOR (95%Cl) aOR (95%Cl)
Age groups
18-24 4.78 (4.66-4.89) - -
25-34 5.49 (5.37-5.62) 5.98 (5.84-6.12) 2.75(2.71-2.78)
35-44 3.89(3.80-3.99) 4.22(4.12-4.32) 1.97(1.94-1.99)
45-54 2.67 (2.60-2.73)  2.83(2.76-2.90) 1.34(1.32-1.36)
55-64 2.15(2.10-2.21) 2.23(2.18-2.29) 1.00
65-74 1.43 (1.40-1.47) 1.47(1.43-1.51) -
75-84 1.00 1.00 -
85+ 1.19(1.14-1.23) 1.15(1.11-1.20) -
Sex
Women 1.00 1.00 1.00
Men 1.05(1.04-1.06) 0.99(0.98-1.00) 1.07 (1.06-1.07)
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Table 15. Continued

Regions
Flemish
Brussels
Walloon

aOR (95%Cl)

aOR (95%Cl)

aOR (95%Cl)

1.00
1.80 (1.78-1.81)
1.63 (1.62-1.64)

1.00
1.76 (1.74-1.78)
1.67 (1.66-1.68)

1.00
1.77 (1.75-1.78)
1.67 (1.66-1.68)

Migration background
Belgian natives
Second-generation
migrants

First-generation European
migrants

First-generation non-
European migrants

1.00
2.25(2.23-2.28)

2.90 (2.88-2.93)

2.98 (2.95-3.00)

1.00
1.94 (1.91-1.96)

2.64 (2.62-2.67)

2.76 (2.73-2.78)

1.00
2.12 (2.09-2.15)

3.10 (3.07-3.13)

3.45 (3.42-3.48)

Household type
Couples with children 1.00 1.00 1.00
Couples without children 0.88 (0.87-0.89) 0.84(0.83-0.84) 0.83(0.82-0.84)
Single parents 1.27(1.26-1.29)  1.32(1.30-1.33)  1.49 (1.47-1.51)
One-person households 1.18(1.17-1.19) 1.17(1.16-1.18) 1.26(1.25-1.27)
Collectivity 0.63 (0.60-0.65) 0.61(0.58-0.63)  0.53 (0.50-0.56)
Other 1.23(1.21-1.25) 1.24(1.22-1.26) 1.21(1.19-1.23)
Missing 1.04 (1.01-1.08) 1.04 (1.00-1.08) 1.16(1.13-1.18)
Income
High 1.00 1.00 -
Moderate 1.54 (1.52-1.55)  1.44 (1.43-1.46) -
Low 2.36(2.34-2.38)  2.08 (2.06-2.10) -
Missing 1.93(1.89-1.96) 1.68 (1.65-1.71) -
Education level
High - 1.00 -
Moderate - 1.31(1.30-1.32)
Low - 1.37 (1.36-1.39)
Missing - 1.19 (1.18-1.21)
Healthcare degree
Yes - 1.00 -
No - 1.41 (1.39-1.43)
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Table 15. Continued

aOR (95%Cl) aOR (95%Cl) aOR (95%Cl)
Employment status
Employed - - 1.00
Unemployed - 1.46 (1.45-1.47)
Missing - 1.16 (1.13-1.18)

a Logistic regression model applied on all age groups (n=5,342,110). OR are adjusted for age, sex,
region, migration background, household type, and income.

b | ogistic regression model applied only to individuals aged over 25 years (n=4,696,694). OR are
adjusted for age, sex, region, migration background, household type, income, education level, and
healthcare degree.

¢ Logistic regression model applied only to individuals aged 25 to 65 years (n=3,792,100). OR are
adjusted for age, sex, region, migration background, household type, and employment status.
Income being strongly correlated with employment status, OR are not adjusted for income when
employment status is included in the model.

4. Discussion

Although only 34% of the Belgian population stated that they were definitively
ready to be vaccinated against COVID-19 before the start of the vaccination
campaign, Belgium achieved the 7™ highest vaccination coverage for the primary
vaccination course in the European Union (with 89% of individuals over 18 years
old having completed their primary course on 8 April 2022) [44,45,47].
Nevertheless, despite this high rate and free vaccination, important SD and SE
disparities in COVID-19 vaccination coverage remained. Indeed, our findings
showed a lower COVID-19 vaccination coverage among young individuals, men,

migrants, single parents, one-person households, and disadvantaged SE groups
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(low income and education, unemployment). Similar patterns were observed for

each Belgian region.

A Swedish study also found that COVID-19 vaccination coverage was lower among
young individuals, with low income, living alone, and born outside Sweden [215]. A
Danish study identified a lower COVID-19 vaccination coverage among men,
individuals living in more deprived areas or urban areas, and ethnic groups other
than white [223]. In the United States, Williams et al. found a lower COVID-19
vaccine uptake among young people, SE disadvantaged groups, and all racial and
ethnic minority groups (except for Asians). They highlighted that age and SE factors
(such as health insurance, income, education, employment) accounted for a large
proportion of the social disparities and are therefore important key factors [216].
Our findings also partially confirm those of Barry et al. who identified a lower
COVID-19 vaccination coverage among single parents and individuals living in
counties with lower SE status and with a high percentage of households with
children [224]. In the United States, Farah et al. found a higher initial vaccination
coverage among healthcare workers compared to the general population national
average [225], similar to our results. A cohort study conducted by Azamgarhi et al.
during a time of high community COVID-19 prevalence in the United Kingdom also

reported high early vaccination rates among healthcare workers [226].
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Prior to the implementation of COVID-19 vaccination, numerous studies examined
SD and SE disparities in COVID-19 vaccine hesitancy and identified a higher vaccine
hesitancy among female, parents, ethnic minority, and disadvantaged SE groups
(i.e., with lower levels of education and income, unemployment, and poor
knowledge of COVID-19) [46,227-229]. Our study partially supports these findings
by showing lower vaccination coverage among migrants, single parents, and SE
disadvantaged groups. Although there may have been concerns about vaccination
among healthcare workers, Wang et al. [230] shown that they were less hesitant to
be vaccinated, compared to non-healthcare workers, which is consistent with our

findings.

Vaccine hesitancy in migrants and SE disadvantaged groups may be underlined by
several factors: the more severe direct and indirect impact that the crisis has had
on them (e.g., higher rate of COVID-19 infection, subsequent negative health
outcomes, and unemployment) may have increased distrust of governments,
healthcare systems, and immunization [208,209,231,232]; decreased willingness to
participate in public health measures as a result of decreased access to healthcare
and resources [232]; and raised concerns and negative assumptions about
vaccination due to a lack of health literacy and recognition of misinformation,
potentially accentuated by the rapid development of the COVID-19 vaccine which

has led to a higher level of mistrust of its benefits and concerns about its side effects
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(the strongest predictors of COVID-19 vaccine uptake) [220,227,232—-235]. Other
factors that may explain the disparities identified in COVID-19 vaccine uptake
include administrative hurdles which can partly explain the lower coverage in some
SE groups. Indeed, our results, demonstrating lower vaccine coverage among
individuals with missing SD or SE information, may be indicative of a hard-to-reach
population in the context of a broad automated invitation process. Language
barriers may also be an obstacle to accessing COVID-19 vaccination information,

primarily available in the Belgian official languages.

To our knowledge, this paper is the first large representative study investigating,
thanks to an individual data linkage established within the LINK-VACC project, SD
and SE disparities in COVID-19 vaccination coverage in Belgium and all regions with

up-to-date SD and SE information.

Our study has several limitations. First, individuals never tested for COVID-19
before August 31st 2021 are not included in our study population. Indeed, because
of the General Data Protection Regulation, individual’s SD/SE information from the
DEMOBEL database could not be obtained from the total Belgian population, the
master database used for the linkage consists of the COVID-19 Healthdata test
database obtained on the 31st of August 2021. This resulted in a slight over-
representation of vaccinated individuals in our study population compared to the

actual vaccination coverage in Belgium (90.0% vs 85.4%, respectively). However,
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despite this slight over-representation of vaccinated individuals in our study
population, it should be pointed out that the trends in vaccination coverage per
region, age group, and sex are very similar to those of the overall Belgian adult

population (see Supplementary Figure 1).

A second limitation is that our study sample does not include the unregistered
population, a group of about 100,000-150,000 individuals, independent of
vaccination status, as no information on this population was available in DEMOBEL.
Third, Belgian residents vaccinated abroad (e.g., frontier workers) are not

automatically registered in Vaccinnet+.

Future research should be focused on SD and SE disparities in COVID-19 vaccination
coverage among adolescents and children and on factors influencing the uptake of
the boosters. Another perspective would be to investigate the factors underlying
the refusal to be vaccinated to determine whether these inequities are based on

personal convictions or inequity in the distribution of the vaccine.

5. Conclusion

Despite the success of the vaccination campaign in Belgium (89% of adults
vaccinated with primary course), free vaccination, and the efforts made by the
regional health authorities to reach all citizens, important SD and SE inequalities in

COVID-19 vaccine uptake were identified. Our study contributes to a better
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identification of disparities in COVID-19 vaccination and helps to better target
vaccination strategies to more vulnerable groups with the goal of acquiring the
broadest possible vaccine coverage to limit the circulation of the virus and the
development of severe negative health outcomes, whether in the context of the

COVID-19 pandemic or other potential health threats.
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Supplementary Figure 1. Vaccination coverage of a first dose of COVID-19 vaccine according to
region, age group, and sex in the 2021 Belgian adult population and in our study population
including only adults tested at least once in Belgium by August 315t 2021, Belgium, December 28"
2020 - August 31°t 2021.
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Supplementary Table 1. Data holder and time frame for all sociodemographic and
socioeconomic variables included as covariates in the logistic regression models, Belgium,

December 28t 2020 - August 31t 2021.

Age National register March 2022

Sex National register March 2022
Region National register March 2022
Migration background Statistics Belgium August 2021
Household type Statistics Belgium August 2021
Income Statistics Belgium 2018 (fiscal year 2019)
Education level Statistics Belgium Census 2017
Employment status Statistics Belgium Year 2019
Healthcare degree Common Base Registry for January 2021

HealthCare Actor

132



Supplementary Table 2. Characterization of the population with at least one missing
information regarding household type, education level, income, or employment status
relative to the total population by each sociodemographic and socioeconomic
characteristic.

Variables Total At least one At least one
(n=5,342,110) missing missing
information information to
(n=764,857) the total
population
n n Y%orow
Age groups (years)
18-24 645,416 55,991 8:66
25-34 1,051,576 182,302 17-34
35-44 978,478 192,936 19-72
45-54 903,514 133,289 1475
55-64 797,786 76,903 9-64
65-74 511,784 46,103 9-01
75-84 296,974 37,353 12-58
85+ 156,582 39,980 25-53
Regions
Brussels 579,687 205,993 35.53
Flemish 3,348,547 392,471 11.72
Walloon 1,413,876 166,393 11-77
Sex
Women 2,849,932 401,457 14-09
Men 2,492,178 363,400 14-58
Migration background
Belgian natives 3,652,357 181,359 4-97
Second-generation 324,420 13,868 4-27
migrants
First-generation European 607,586 265,626 43-72
migrants
First-generation non- 757,747 304,004 40-12

European migrants
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Supplementary Table 3. Conditional probabilities of not having receive a first dose of COVID-19 vaccine obtained by logistic regression
models stratified by region and logistic regression models including region as an interaction term between each sociodemographic

and socioeconomic characteristic, Belgium, December 28" 2020 - August 31° 2021.

Variables

Probabilities (1C95%)

Probabilities (1C95%)

Probabilities (1C95%)

Age (years) @
18-24

25-34

35-44

45-54

55-64

65-74

75-84

85+

Stratification Interaction Stratification Interaction Stratification Interaction
0-076 0-086 0-301 0-197 0-133 0-133
(0-075-0-077) (0-085-0-087) (0-298-0-305) (0-194-0-201) (0-132-0-135)  (0-131-0-135)
0-089 0-010 0-262 0-169 0-176 0-176
(0-088-0-090) (0-099-0-101) (0-260-0-264) (0-167-0-171) (0-175-0-178)  (0-175-0-178)
0-065 0-073 0-203 0-129 0-129 (0-128- 0-129
(0-064-0-065) (0-:072-0-074) (0-201-0-206) (0-127-0-131) 0-131) (0-128-0-130)
0-046 0-052 0-150 0-093 0-089 0-089
(0-045-0-047) (0-051-0-052) (0-148-0-152) (0-091-0-095) (0-088-0-090)  (0-087-0-090)
0-037 0-041 0-130 0-079 0-071 0-071
(0-036-0-038) (0-:041-0-042) (0-127-0-132) (0-077-0-081) (0-070-0-072)  (0-070-0-072)
0-023 0-026 0-101 0-061 0-049 0-050
(0-022-0-023) (0-:025-0-027) (0-098-0-104) (0-059-0-062) (0-048-0-051)  (0-048-0-051)
0-015 0-017 0-078 0-047 0-038 0-038
(0-014-0-015) (0-016-0-018) (0-075-0-083) (0-044-0-049) (0-036-0-039)  (0-036-0-039)
0-017 0-020 0-087 0-052 0-046 0-046

(0-016-0-018)

(0-019-0-020)

(0-081-0-093)

(0-048-0-056)

(0-044-0-049)

(0-044-0-049)
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Supplementary Table 3. Continued

Variables Probabilities (1C95%) Probabilities (1C95%) Probabilities (1C95%)
Stratification Interaction Stratification Interaction Stratification Interaction
Sex?
Women 0-047 0-053 0-190 0-110 0-096 0-097
(0-046-0-047) (0-054-0-057) (0-188-0-191) (0-108-0-111) (0-096-0-097)  (0:096-0-102)
Men 0-050 0-057 0-188 0-109 0-101 0-101

(0-049-0-050)

(0-057-0-059)

(0-186-0-189)

(0-107-0-110)

(0-100-0-102)

(0-101-0-102)

Migration background @
Belgian natives

Second generation
migrants

First generation European
migrants

First generation non-
European migrants

0-036
(0-036-0-037)
0-092
(0-090-0-093)
0-141
(0-140-0-143)
0-109
(0-107-0-110)

0-038
(0-038-0-038)
0-096
(0-095-0-097)
0-147
(0-146-0-148)
0-114
(0-113-0-115)

0-106
(0-104-0-107)
0-218
(0-215-0-222)
0-208
(0-206-0-210)
0-253
(0-251-0-255)

0-084
(0-082-0-085)
0-178
(0-175-0-182)
0-169
(0-167-0-171)
0-208
(0-206-0-210)

0-080
(0-079-0-080)
0-127
(0-126-0-129)
0-150
(0-149-0-152)
0-171
(0-169-0-173)

0-080
(0-079-0-080)
0-128
(0-126-0-129)
0-150
(0-149-0-152)
0171
(0-169-0-173)

Household type ?
Couples with children

Couples

0-046
(0-046-0-047)
0-043
(0-043-0-044)

0-053
(0-052-0-053)
0-049
(0-049-0-050)

0-202
(0-200-0-204)
0-153
(0-151-0-156)

0-119
(0-118-0-121)
0-088
(0-087-0-090)

0-094
(0-093-0-095)
0-089
(0-088-0-091)

0-094
(0-094-0-095)
0-090
(0-089-0-091)
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Supplementary Table 3. Continued

(0-066-0-070)

(0-073-0-076)

(0-179-0-186)

(0-116-0-122)

(0-118-0-126)

Variables Probabilities (1C95%) Probabilities (1C95%) Probabilities (1C95%)
Stratification Interaction Stratification Interaction Stratification Interaction
Single parents 0-061 0-070 0-216 0-129 0-116 0-117
(0-061-0-062) (0-070-0-071) (0-213-0-219) (0-126-0-131) (0-115-0-118)  (0-116-0-119)
One person households 0-059 0-067 0-186 0-109 0-119 0-119
(0-058-0-060) (0-067-0-068) (0-184-0-188)  (0-107-0-112) (0-117-0-120)  (0-118-0-121)
Collectivity 0-031 0-035 0-142 0-083 0-055 0-055
(0-030-0-033) (0-033-0-037) (0-131-0-153) (0-076-0-090)  (0-052-0-058)  (0-052-0-058)
Other 0-064 0-073 ( 0-178 0-104 0-125 0-125
(0-063-0-066) 0-071-0-074) (0-173-0-182) (0-102-0-108)  (0-122-0-129) (0-121-0-129)
Missing 0-046 0-057 0-181 0-113 0-076 0-099
(0-044-0-048) (0-054-0-059) (0-173-0-190) (0-107-0-119)  (0-071-0-081)  (0-093-0-105)
Income ?
High 0-032 0-036 0-109 0-068 0-068 0-069
(0-031-0-032) (0-036-0-036) (0-107-0-111) (0-067-0-070) (0-068-0-069)  (0-:069-0-070)
Moderate 0-048 0-054 0-182 0-119 0-095 0-096
(0-048-0-049) (0-054-0-055)  (0-180-0-185) (0-117-0-121)  (0-094-0-096)  (0-095-0-097)
Low 0-075 0-083 0-234 0-155 0-137 0-138
(0-074-0-075) (0-083-0-084) (0-232-0-235) (0-153-0-157) (0-136-0-138)  (0:137-0-139)
Missing 0-068 0-075 0-183 0-119 0-122 0-122

(0-119-0-126)
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Supplementary Table 3. Continued

Variables

Probabilities (1C95%)

Probabilities (1C95%)

Probabilities (1C95%)

Stratification Interaction Stratification Interaction Stratification Interaction
Population aged 25 years and over (n=4,696,694)
Education level ®
High 0-038 0-043 0-144 0-082 0-081 0-081
(0-037-0-038) (0-042-0-043) (0-141-0-146) (0-081-0-084) (0-080-0-082)  (0-081-0-083)
Moderate 0-049 0-055 0-213 0-127 0-096 0-098
(0-048-0-049)  (0-055-0-056) (0-211-0-216) (0-124-0-129) (0-095-0-097)  (0-096-0-098)
Low 0-050 0-057 0-210 0-125 0-103 0-104
(0-049-0-051)  (0-056-0-057) (0-208-0-213) (0-123-0-128) (0-102-0-104)  (0-102-0-105)
Missing 0-049 0-055 0-153 0-088 0-095 0-096

(0-048-0-050)

(0-055-0-056)

(0-151-0-155)

(0-087-0-090)

(0-094-0-097)

(0-094-0-097)

Healthcare degree ®

Yes 0-034
(0-033-0-035)
No 0-046

(0-046-0-046)

0-039
(0-038-0-039)
0-053
(0-052-0-053)

0-124
(0:120-0-128)
0-174
(0-172-0-175)

0-076
(0-073-0-078)
0-108
(0-107-0-109)

0-071
(0-069-0-072)
0-095
(0-095-0-096)

0-071
(0-069-0-072)
0-095
(0-095-0-096)

Population aged between 25 and 65 years (n=3,792,100)

Employment status ¢
0-055
(0-055-0-056)

Employed

0-062
(0-062-0-063)

0-193
(0-191-0-194)

0-122
(0-120-0-123)

0-109
(0-108-0-109)

0-111
(0-110-0-111)
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Supplementary Table 3. Continued

Variables Probabilities (1C95%) Probabilities (1C95%) Probabilities (1C95%)
Stratification Interaction Stratification Interaction Stratification Interaction
Missing 0-074 0-082 0-184 0-116 0-134 0-136

(0-072-0-077)  (0-080-0-084)

(0-179-0-189)

(0-112-0-120)

(0-129-0-140)

(0-130-0-141)

Population aged between 25 and 65 years (n=3,792,100)
Employment status ©

Employed 0-055 0-062
(0-055-0-056)  (0-062-0-063)

Unemployed 0-084 0-094
(0-083-0-085)  (0-093-0-095)

Missing 0-074 0-082

(0-072-0-077)  (0-080-0-084)

0-193
(0-191-0-194)
0-242
(0-239-0-244)
0-184
(0-179-0-189)

0-122
(0-120-0-123)
0-155
(0-153-0-158)
0-116
(0-112-0-120)

0-109
(0-108-0-109)
0-146
(0-144-0-147)
0-134
(0-129-0-140)

0-111
(0-110-0-111)
0-149
(0-147-0-150)
0-136
(0-130-0-141)

a Logistic regression model applied on all age groups (Flanders, n=3,348,547; Brussel, n=579,687; Wallonia, n=1,413,876). Probabilities are adjusted

for age, sex, region, migration background, household type, and income;

b [ogistic regression model applied only to individuals aged over 25 years (Flanders, n=2,955,807; Brussel, n=505,082; Wallonia, n=1,235,805).
Probabilities are adjusted for age, sex, region, migration background, household type, income, education level, and healthcare degree.;

¢ Logistic regression model applied only to individuals aged 25 to 65 years (Flanders, n=2,357,375; Brussel, n=436,356; Wallonia, n=998,369).
Probabilities are adjusted for age, sex, region, migration background, household type, and employment status. Income being strongly correlated with

employment status, probabilities are not adjusted for income when employment status is included in the model.
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Supplementary Table 4. Adjusted odds ratios (aORs) and their 95% confidence intervals
(Cls) for the association between sociodemographic and socioeconomic characteristics
and the odds of not having received a first dose of COVID-19 vaccine in Flanders, Belgium,
December 28t 2020 - August 31t 2021.

aOR (95%Cl) aOR (95%Cl) aOR (95%Cl)

Age (years)

18-24 5-46 (5-26-5:66) - -

25-34 6-46 (6:24-6-69) 7-02 (6:77-7-27)  2:79(2-74-2-83)
35-44 4.57 (4-41-4-74) 491 (4-73-5-09) 2:02 (1-98-2-05)
45-54 3-19(3-07-3-30)  3:35(3-23-3-47) 1-39(1-36-1:41)
55-64 2:51(2:43-2:61) 2-60 (2:51-2:70) 1-00
65-74 1.55(1-49-1-61) 1-59(1-53-1:66) -

75-84 1-00 1-00 -

85+ 116 (1-10-1-23)  1-13(1-07-1-19) -

Sex
Women 1-00 1-00 1-00
Men 1.07 (1-06-1-08) 1.00(0-99-1-01) 1-08 (1-07-1-10)

Migration background

Belgian natives

Second generation migrants
First-generation European
migrants

First-generation non-
European migrants

1-00
268 (2:63-2:72)
4-35(4-29-4-40)

3-23(3-20-3-27)

1-00
2-33 (2-28-2-38)
3.77 (3-71-3-82)

2-83 (2:79-2-87)

1-00
2-55 (2-49-2-60)
4-76 (4-70-4-83)

3-75 (3-70-3-79)

Household type

Couples with children 1-00 1-00 1-00

Couples without children 0-93 (0-92-0-94) 0-87 (0-86-0-89) 0-87 (0-86-0-88)
Single parents 1-35(1-33-1-37)  1-41(1-39-1-44) 1.60 (1-57-1-62)
One-person households 1.29(1-27-1-31)  1-27(1-25-1-29) 1-39(1-37-1-41)
Collectivity 0-65(0-62-0-69) 0:64 (0:60-0-67) 0-58 (0-54-0-63)
Other 1-41(1-37-1-44)  1-42 (1-38-1:46) 1-41(1-37-1-45)
Missing 1.08 (1.03-1.13) 1.09 (1-03-1-15) 1.03 (0.97-1.09)
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Supplementary Table 4. Continued

Income level
High
Moderate
Low
Missing
Education level
High
Moderate
Low
Missing
Healthcare degree
Yes
No
Employment status
Employed
Unemployed
Missing

aOR (95%Cl)

1-00
1-54 (1-52-1-56)
2:44(2-41-2-47)
2:17(2:12-2-22)

aOR (95%Cl)

1-00
1-45 (1-43-1-47)
2-17 (2:14-2-20)
1-84 (1-79-1-90)

1-00
1-31(1-29-1-32)
1-35(1-33-1:37)
1-31(1-29-1-33)

1-00
1-38 (1-35-1-41)

aOR (95%Cl)

1-00
1-56 (1-54-1-58)
1-35(1-31-1-39)

* Logistic regression model applied on all age groups (n=3,348,547). OR are adjusted for age, sex,

region, migration background, household type, and income.

** Logistic regression model applied only to individuals aged over 25 years (n=2,955,807) OR are

adjusted for age, sex, region, migration background, household type, income, education level, and

healthcare degree.

*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=2,357,375). OR are

adjusted for age, sex, region, migration background, household type, and employment status.

Income being strongly correlated with employment status, OR are not adjusted for income when

employment status is included in the model.
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Supplementary Table 5. Adjusted odds ratios (aORs) and their 95% confidence intervals
(Cls) for the association between sociodemographic and socioeconomic characteristics
and the odds of not having received a first dose of COVID-19 vaccine in Brussels, Belgium,
December 28t 2020 - August 31t 2021.

aOR (95%Cl) aOR (95%Cl) aOR (95%Cl)

Age (years)

18-24 5-01(4-73-5-32) - -

25-34 4-15(3-92-4-39) 4-64 (4-38-4-91) 2-44 (2-38-2-50)
35-44 3-01(2-85-3-19) 3:48(3:39-3-69) 1-76(1-72-1-81)
45-54 2:08 (1-97-2-:21) 2:34(2-21-2:48) 1-24(1-20-1-27)
55-64 1.75(1-65-1-86) 1-88 (1-77-1-99) 1-00
65-74 1-32(1-24-1-41) 1-36(1-28-1:45) -

75-84 1-00 1-00 -

85+ 1-12 (1-02-1-24)  1-07 (0-97-1-17) -

Sex
Women 1-00 1-00 1-00
Men 0-99 (0-98-1-00) 0-94 (0-93-0-96)  1-01 (1-00-1-03)

Migration background

Belgian natives

Second generation migrants
First-generation European
migrants

First-generation non-
European migrants

1-00
2:37(2-31-2-44)
2:22(2:17-2:27)

2-87(2-81-2-93)

1-00
1-83 (1-77-1-90)
2-14 (2-08-2-19)

2-63 (2:57-2-70)

1-00
2:20 (212-2-28)
2-45 (239-2-51)

3-51 (3-43-3-60)

Household type

Couples with children 1-00 1-00 1-00

Couples without children 0-72(0-70-0-73) 0-71(0-69-0-73) 0-67 (0-65-0-69)
Single parents 1-09(1-07-1-11)  1-13 (1-10-1:15)  1-25 (1-22-1-28)
One-person households 0-90 (0-89-0-92) 0-92(0-90-0-93) 0-93 (0-92-0-95)
Collectivity 0-67 (0-61-0-73) 063 (0-57-0-:69)  0-56 (0-49-0-63)
Other 0-86(0-84-0-89) 0-89 (0-86-0-92) 0-83 (0-80-0-86)
Missing 0-94(0-89-0-99) 0-93(0-87-0-99) 0-94 (0-91-0-98)
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Supplementary Table 5. Continued

aOR (95%Cl)

aOR (95%Cl)

aOR (95%Cl)

Income level
High 1-00 1-00 -
Moderate 1-84(1-79-1-88) 1-66 (1:62-1-71) -
Low 2:51(2:45-2-57) 217 (2-12-2:23) -
Missing 1-83(1-78-1-89) 1-69 (1:63-1-75) -
Education level
High - 1.00 -
Moderate - 1-61(1-57-1:65) -
Low - 1-59(1-55-1-63) -
Missing - 1-08(1:05-1-11) -

Healthcare degree
Yes - 1-00 -

No - 1-48 (1-43-1-54) -
Employment status

Employed - - 1-00

Unemployed - - 1-32(1-30-1:35)

Missing - - 0-94 (0-91-0-98)

* Logistic regression model applied on all age groups (n=579,687). OR are adjusted for age, sex,
region, migration background, household type, and income.

** Logistic regression model applied only to individuals aged over 25 years (n=505,082) OR are
adjusted for age, sex, region, migration background, household type, income, education level, and
healthcare degree.

*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=436,356). OR are
adjusted for age, sex, region, migration background, household type, and employment status.
Income being strongly correlated with employment status, OR are not adjusted for income when
employment status is included in the model.
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Supplementary Table 6. Adjusted odds ratios (aORs) and their 95% confidence intervals
(Cls) for the association between sociodemographic and socioeconomic characteristics
and the odds of not having received a first dose of COVID-19 vaccine in Wallonia, Belgium,
December 28t 2020 - August 31 2021.

aOR (95%Cl) aOR (95%Cl) aOR (95%Cl)

Age (years)

18-24 3-91(3:75-4-07) - -

25-34 5-45(5-24-5-67) 5-70(5-48-5-93) 3-03 (2:97-3-09)
35-44 3.77(3-63-3-93) 3.97(3-81-4-13)  2-:11(2:06-2-15)
45-54 2:47(2-38-2:57) 2:58(2:47-2:68) 1-37 (1-34-1-40)
55-64 1.94(1-87-2:02) 1-99(1-91-2.08) 1-00
65-74 1-32(1-27-1-38)  1-35(1-29-1:41) -

75-84 1-00 1-00 -

85+ 1.24 (1-17-1-32)  1-21(1-14-1-29) -

Sex
Women 1-00 1-00 1-00
Men 1.05(1-04-1-06) 0-99 (0-98-1-01) 1:06 (1-05-1-08)

Migration background

Belgian natives

Second generation migrants
First-generation European
migrants

First-generation non-
European migrants

1-00
1-69(1-66-1-72)
2-04(2:01-2-07)

2-38(2:34-2-41)

1-00
1-54 (1-51-1:57)
1-90 (1-87-1-93)

2:24 (2-21-2-28)

1-00
1-62 (1-59-1-66)
2-11 (2-07-2-14)

2-62 (2-58-2-66)

Household type

Couples with children 1-00 1-00 1-00

Couples without children 0-95(0-93-0-96) 0-89 (0-88-0-91) 0-90 (0-88-0-92)
Single parents 1-27(1-25-1-29)  1-30(1-27-1:32)  1.47 (1-44-1-49)
One-person households 1-30(1-28-1:32) 1-26(1-24-1-28) 1:39(1:37-1-42)
Collectivity 0-56 (0-52-0-60)  0-55(0-51-0-59) 0-46 (0-42-0-51)
Other 1-37(1-32-1-42)  1-33(1-28-1:38) 1-30(1-25-1-36)
Missing 1.06 (0-99-1-13) 1.07 (0-99-1-16)  1-00 (0-92-1-09)
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Supplementary Table 6. Continued

aOR (95%Cl)

aOR (95%Cl)

aOR (95%Cl)

Income level
High 1-00 1-00 -
Moderate 1-43(1-41-1-45) 1-35(1-32-1-37) -
Low 2:15(2-12-2-18) 1-91 (1-88-1-94) -
Missing 1-87(1-81-1-94) 1-61 (1-55-1-68) -
Education level
High - 1-00 -
Moderate - 1.20(1-18-1-22) -
Low - 1-30 (1-28-1-32) -
Missing - 1-18(1-16-1-21) -
Healthcare degree
Yes - 1-00 -
No - 1-39(1-35-1-42) -
Employment status
Employed - - 1-00
Unemployed - - 1-40(1-38-1-42)
Missing - - 1.26(1-20-1-32)

* Logistic regression model applied on all age groups (n=1,413,876). OR are adjusted for age, sex,

region, migration background, household type, and income.

** Logistic regression model applied only to individuals aged over 25 years (n=1,235,805) OR are

adjusted for age, sex, region, migration background, household type, income, education level, and

healthcare degree.

*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=998,369). OR are

adjusted for age, sex, region, migration background, household type, and employment status.

Income being strongly correlated with employment status, OR are not adjusted for income when

employment status is included in the model.
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Supplementary Table 7. Crude odds ratios (cORs) and their 95% confidence intervals (Cls)
for the association between sociodemographic and socioeconomic characteristics and the
odds of not having received a first dose of COVID-19 vaccine, Belgium, December 28t 2020
- August 31t 2021.

cOR (95%Cl)

cOR (95%Cl)

cOR (95%Cl)

Age groups
18-24 6-41 (6:26-6-56) -
25-34 6-68 (6-53-6:83) 6-68 (6-53-6-83) 3-13 (3-10-3:16)
35-44 5-09 (4-98-5-21) 5-09 (4-98-5-21) 2:39 (2:36-2:41)
45-54 3-28 (3-20-3:36) 3-28 (3-20-3-36) 1-54 (1-52-1-56)
55-64 2:16 (2:12-2:21) 2:16 (2:11-2-21) 1-00
65-74 1-44 (1-40-1-48) 1-14 (1-40-1-48) -
75-84 1-00 1-00 -
85+ 1-09 (1-05-1-13) 1-09 (1:05-1-13) -
Sex
Women 1-00 1-00 1-00
Men 1-02 (1-01-1-02) 0-99 (0-99-1-00) 0-99 (0-98-0-99)
Region
Flemish 1-00 1-00 1-00
Brussels 3-65 (3:62-3-68) 3-52 (3:49-3-55) 3:34 (3-:31-3:37)
Walloon 176 (1-75-1-77) 1-81 (1-80-1-82) 177 (1-75-1-78)

Migration background
Belgian natives
Second-generation
migrants
First-generation
European migrants
First-generation non-
European migrants

1.00
4-29 (4-25-4-33)

4-22 (4-19-4-26)

5-249
(5-211-5-286)

1-00
3-70 (3-65-3-75)

3-98 (3-95-4-01)

5-12 (5-08-5-16)

1-00
3-29 (3-25-3-34)

3.73 (3-70-3-76)

4-52 (4-48-4-55)

Household type
Couples with children
Couples
Single parents
One-person
households
Collectivity

1-00
0-48 (0-48-0-49)
1-50 (1-48-1-51)
0-96 (0-95-0-96)

0-29 (0-28-0-30)

1-00
0-47 (0-46-0-47)
1-48 (1-46-1-49)
0-94 (0-93-0-95)

0-27 (0-26-0-28)

1-00
0-63 (0-62-0-63)
1-53 (1-51-1-54)
1-22 (1-21-1-23)

0-62 (0-58-0-65)
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Supplementary Table 7. Continued

Other
Missing

cOR (95%Cl)

cOR (95%Cl)

cOR (95%Cl)

1-50 (1-48-1-53)
2-45 (2:38-2-52)

146 (1-44-1-49)
2:31(2:23-2-39)

1-59 (1-56-1-62)
2:33 (2:25-2-41)

Income
High
Moderate
Low
Missing

1-00
1-74 (1-72-1-75)
3-43 (3-40-3-46)
3.92 (3-87-3-97)

1-00

1-70 (1-68-1-72)
3-12 (3-10-3-15)
3-35 (3-30-3-40)

Education
High
Moderate
Low
Missing

1.00
1.65 (1.64-1.67)
1.56 (1.54-1.57)
3.54 (3.51-3.57)

Healthcare degree

Yes
No

1-00
1-71 (1-69-1-73)

Employment status

Employed
Unemployed
Missing

1-00
1-67 (1-65-1-68)
2:72 (2:68-2-77)

* Logistic regression model applied on all age groups (n=5,342,110).
** | ogistic regression model applied only to individuals aged over 25 years (n=4,696,694).
*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=3,792,100).
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Supplementary Table 8. Crude odds ratios (cORs) and 95% confidence intervals (Cls) for
the association between sociodemographic and socioeconomic characteristics and the
odds of not having received a first dose of COVID-19 vaccine in Flanders, Belgium,
December 28t 2020 - August 31t 2021.

cOR (95%Cl)

cOR (95%Cl)

cOR (95%Cl)

Age groups
18-24 6-90 (6:67-7-15) - -
25-34 7:29 (7-04-7-54) 7-29 (7-04-7-54) 322 (3:17-3:27)
35-44 552 (5-:34-5-71) 5-52 (5-:33-5-71) 2:44 (2-40-2-48)
45-54 3-53 (3-41-3:66) 3.53 (3-41-3-66) 1-56 (1-54-1-59)
55-64 2:29 (2:21-2:37) 2:29 (2:21-2:37) 1-00
65-74 1-:49 (1-43-1-55) 1-49 (1-43-1-55) -
75-84 1-00 1-00 -
85+ 1-08 (1-:02-1-14) 1-08 (1:02-1-14) -

Sex
Women 1-00 1-00 1-00
Men 1-05 (1-:04-1-06) 1-02 (1-01-1-03) 1-02 (1-:01-1-03)

Migration background
Belgian natives
Second-generation
migrants
First-generation
European migrants
First-generation non-
European migrants

1.00
4-55 (4-48-4-62)

5-63 (5-56-5-69)

5.54 (5.49-5.60)

1-00
3-96 (3-88-4-04)

5-30 (5-23-5-37)

5.36 (5.30-5.42)

1-00
3-51 (3-44-3-59)

5-02 (4-95-5-08)

4.64 (4.58-4.69)

Household type
Couples with children
Couples
Single parents
One-person
households
Collectivity
Other
Missing

1-00
0-49 (0-48-0-49)
1-52 (1-51-1-54)
0.95 (0.94-0.96)

0.30 (0.29-0.32)
1-70 (1-66-1-74)
2-98 (2-85-3-11)

1-00
0-47 (0-46-0-48)
1.51 (1.49-1.53)
0.93 (0.92-0.94)

0.28 (0.26-0.29)
1-66 (162-1-71)
2-86 (2-72-3-00)

1-00
0-64 (0-63-0-65)
1-56 (1-54-1-59)
1.24 (1.22-1.26)

0.72 (0.67-0.78)
1-84 (1-79-1-89)
2-89 (2:75-3-04)
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Supplementary Table 8. Continued

cOR (95%Cl)

cOR (95%Cl)

cOR (95%Cl)

Income level
High 1-00 1-00 -
Moderate 1-73(1-71-1-76) 1-69 (1-67-1-72) -
Low 3-33(3:29-3:36)  3-01 (2-98-3:05) -
Missing 4.54 (4-45-4-63)  3-91(3-82-3-99) -
Education level
High 1.00 -
Moderate 1-58 (1-56-1-60) -
Low - 1-44 (1-42-1-46) -
Missing - 4-31 (4-25-4-36) -

Healthcare degree
Yes - 1-00 -

No - 173 (1-70-1:77) -
Employment status

Employed - - 1-00

Unemployed - - 1.70 (1-68-1-72)

Missing 3-56 (3-47-3-65)

* Logistic regression model applied on all age groups (n=3,348,547). OR are adjusted for age, sex,
region, migration background, household type, and income.

** Logistic regression model applied only to individuals aged over 25 years (n=2,955,807) OR are
adjusted for age, sex, region, migration background, household type, income, education level, and
healthcare degree.

*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=2,357,375). OR are
adjusted for age, sex, region, migration background, household type, and employment status.
Income being strongly correlated with employment status, OR are not adjusted for income when
employment status is included in the model.
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Supplementary Table 9. Crude odds ratios (cORs) and 95% confidence intervals (Cls) for
the association between sociodemographic and socioeconomic characteristics and the
odds of not having received a first dose of COVID-19 vaccine in Brussels, Belgium,
December 28t 2020 - August 31t 2021.

cOR (95%Cl)

cOR (95%Cl)

cOR (95%Cl)

Age groups
18-24 7:74 (7-32-8:19) - -
25-34 5-38 (5-09-5-68) 5-38 (5-09-5-68) 2:42 (2-36-2:48)
35-44 4-55 (4-31-4-81) 4.55 (4-31-4-81) 2:05 (2-:00-2-10)
45-54 3-16 (2-99-3:34) 3-16 (2-99-3-34) 1-42 (1-38-1:46)
55-64 2:25(2-13-2:39) 2:25(2:13-2:39) 1-00
65-74 1-47 (1-38-1:56) 1-47 (1-38-1-56) -
75-84 1-00 1-00 -
85+ 0-89 (0-81-0-98) 0-89 (0-81-0-98) -

Sex
Women 1-00 1-00 1-00
Men 0-96 (0-94-0-97) 0-93 (0-92-0-94) 0-91 (0-90-0-92)

Migration background
Belgian natives
Second-generation
migrants
First-generation
European migrants
First-generation non-
European migrants

1.00
4-80 (4-68-4-93)

3.07 (3-01-3-14)

4.38 (4.29-4.47)

1-00
3-26 (3-15-3-38)

2-83 (2-76-2-89)

4.25 (4.16-4.34)

1-00
2-88 (2-78-2-99)

2:51 (2-45-2-58)

3.85(3.77-3.94)

Household type
Couples with children
Couples
Single parents
One-person
households
Collectivity
Other
Missing

1-00
0-47 (0-47-0-48)
1-19 (1-17-1-21)
0.70 (0.69-0.71)

0.23 (0.21-0.25)
0-83 (0-81-0-86)
1-08 (1-03-1-14)

1-00

0-49 (0-48-0-50)
1-18 (1-16-1-21)
0.72 (0.71-0.74)

0.22 (0.20-0.24)
0-84 (0-81-0-87)
1-02 (0-96-1-08)

1-00
0-59 (0-58-0-61)
1-20 (1-18-1-23)
0.83 (0.81-0.85)

0.45 (0.39-0.51)
0-84 (0-81-0-87)
1-01 (0-95-1-07)
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Supplementary Table 9. Continued

cORs cORs cORs

Income level

High 1-00 1-00 -

Moderate 2:23(2:18-2:29) 2:15(2:10-2:21) -

Low 3-62 (3:54-3-69) 3-24 (3-17-3:32) -

Missing 294 (2-86-3-:03) 2-53 (2-46-2-61) -
Education level

High - 1.00 -

Moderate - 2:48 (2:42-2-53) -

Low - 2:25(2:20-2:30) -

Missing - 2:19 (2-15-2-24) -
Healthcare degree

Yes - 1-00 -

No - 1-74 (1-68-1-80) -
Employment status

Employed - - 1-00

Unemployed - - 1-49 (1-47-1-51)

Missing - - 1-26 (1-22-1-29)

* Logistic regression model applied on all age groups (n=579,687). OR are adjusted for age, sex,
region, migration background, household type, and income.

** Logistic regression model applied only to individuals aged over 25 years (n=505,082) OR are
adjusted for age, sex, region, migration background, household type, income, education level, and
healthcare degree.

*** | ogistic regression model applied only to individuals aged 25 to 65 years (n=436,356). OR are
adjusted for age, sex, region, migration background, household type, and employment status.
Income being strongly correlated with employment status, OR are not adjusted for income when
employment status is included in the model.

150



Supplementary Table 10. Crude odds ratios (cORs) and 95% confidence intervals (Cls) for
the association between sociodemographic and socioeconomic characteristics and the
odds of not having received a first dose of COVID-19 vaccine in Wallonia, Belgium,
December 28t 2020 - August 31t 2021.

cOR (95%Cl) cOR (95%Cl) cOR (95%Cl)

Age groups
18-24 4-31 (4-14-4-47) - -
25-34 5-48 (5-28-5:69) 5-48 (5-28-5-69) 3-10 (3-04-3-15)
35-44 4-01 (3-86-4-17) 4.01 (3-86-4-16) 2:27 (2:22-2:31)
45-54 2:54 (2:45-2-64) 2:54 (2:45-2-64) 1-44 (1-41-1-47)
55-64 1-79 (1-72-1-86) 1-79 (1-72-1-86) 1-00
65-74 1-26 (1-21-1-32) 1-26 (1-21-1-32) -
75-84 1-00 1-00 -
85+ 1-16 (1-10-1-23) 1-16 (1-10-1-23) -

Sex
Women 1-00 1-00 1-00
Men 1-02 (1-:01-1-03) 1.01 (0-99-1-02) 1-01 (0-99-1-02)

Migration background
Belgian natives
Second-generation
migrants
First-generation
European migrants
First-generation non-
European migrants

1-00
2:59 (2-55-2-63)

2:18 (2-15-2-22)

3.40 (3.35-3.45)

1-00
249 (2-44-2-54)

2-13(2-10-2-16)

3.34 (3.29-3.39)

1-00
2:22(2-17-2-26)

2-03 (2-00-2-06)

2.95 (2.91-3.00)

Household type
Couples with children
Couples
Single parents
One-person
households
Collectivity
Other
Missing

1-00

0-56 (0-55-0-57)
1-38 (1-36-1-40)
0.97 (0.95-0.98)

0.31(0.29-0.33)
1-37 (1-32-1-41)
2-20 (2:07-2-34)

1-00
0-53 (0-52-0-54)
1-36 (1-33-1-38)
0.94 (0.93-0.96)

0.29 (0.27-0.31)
1-30 (1-26-1-35)
2:11 (1-97-2-27)

1-00
0-71 (0-70-0-72)
1-40 (1-37-1-42)
1.21(1.19-1.23)

0.54 (0.49-0.59)
1-45 (1-39-1-50)
2-15 (2:00-2-31)
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Supplementary Table 10. Continued
Variables Model 1*
CcOR (95%Cl)

Model 2**
cOR (95%Cl)

Model 3***
cOR (95%Cl)

Income level
High 1-00
Moderate 1-53 (1-51-1:55)
Low 2:47 (2-43-2-50)
Missing 2-30 (2-24-2-37)

1-00
1-50 (1-48-1-53)
2-31(2-28-2-35)
2-00 (1-93-2-06)

Education level
High -
Moderate -
Low -
Missing -

1-00

1-59 (1-57-1-62)
1-44 (1-42-1-47)
2-42 (2:38-2-46)

Healthcare degree
Yes -
No -

1-00
1-45 (1-42-1-48)

Employment status
Employed -
Unemployed -
Missing -

1-00
1-33 (1-31-1-35)
2:26 (2-17-2-35)

* Logistic regression model applied on all age groups (n=1,413,876).
** Logistic regression model applied only to individuals aged over 25 years (n=1,235,805).
*** |ogistic regression model applied only to individuals aged 25 to 65 years (n=998,369).
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SECTION Il
What are the social patterns of COVID-19-related

morbidity and mortality?
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Chapter 2. Social health inequalities in COVID-19

hospitalization and mediating factors
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Abstract

Background: prior research has established an association between socioeconomic
determinants and COVID-19 hospitalization rates. This study explores the potential
mediation of this association by vaccination status, underlying health conditions,

and working in healthcare.

Methods: we conducted a retrospective cohort study including 148,590 and
430,693 adults living in the Walloon or Brussels regions in Belgium with a confirmed
SARS-CoV-2 infection during the Delta-predominant period (1 September 2021 to
22 December 2021) and the Omicron-predominant period (4 January 2022 to 1
September 2022), respectively. Data on COVID-19-related hospital admissions,
education, vaccination, underlying health conditions, and individuals working in
healthcare were retrieved from multiple national registers, linked at an individual
level using the Belgian social security number. Mediation analyses using
interventional effect models were used to assess the mediation role of vaccination,
underlying health conditions, and working in healthcare in the relationship

between education and COVID-19 hospitalization.

Results: the interventional direct effects observed were significant and positive
across both periods of variant predominance indicating a 0.554% (95% Cl 0.449% -

0.662%) and 0.484% (95% Cl 0.437% - 0.529%) higher likelihood of COVID-19
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related hospitalization among individuals with low educations levels, compared to
those with moderate or high levels, during Delta and Omicron periods, respectively.
The mediating effects of vaccination and underlying health conditions on the
association between education and COVID-19 hospitalization were statistically
significant (vaccination: 0.062%, 95% Cl 0.054% - 0.071% for the Delta period, and
0.006, 95% Cl 0.005% - 0.008% for the Omicron period; underlying health
conditions: 0.038%, 95% Cl 0.029% - 0.046% for the Delta period, and 0.021%, 95%
Cl1 0.018% - 0.025% for the Omicron period). Working in healthcare did not show a

significant mediating effect.

Conclusions: this study demonstrates that socioeconomic disparities in COVID-19
hospitalization rates are partially mediated by vaccination and underlying health
conditions. This suggests that public health interventions aimed at increasing
vaccination rates and preventing underlying health conditions could mitigate some

of the effects of socioeconomic disparities in COVID-19 hospitalization outcomes.
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1. Introduction

The coronavirus disease 2019 (COVID-19), caused by the severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2), has spread rapidly throughout the world,
resulting in a pandemic, as announced by the World Health Organization (WHO) in
March 2020 [22]. The COVID-19 pandemic was very quickly described as a
syndemic, emphasizing the interaction between both the purely biological nature
of the virus and the social and cultural determinants, exacerbating the social
inequalities already entrenched in our society [101,236,237]. This has been
confirmed by a large body of literature reporting a social distribution pattern in
SARS-CoV-2 infection and in the development of subsequent severe COVID-19
outcomes (e.g., hospitalization, ICU admission, death) to the detriment of
individuals belonging to lower socioeconomic (SE) groups (e.g., low levels of income
or education, living in overcrowded households, poor housing conditions)

[120,210-212,236,238].

SE disadvantaged groups present poorer baseline health conditions with a higher
rate of non-communicable diseases (e.g., obesity, cardiovascular diseases,
diabetes) [239], which has been shown to increase the risk of developing severe
COVID-19 outcomes [124,240]. While the vaccine has proven to be effective in
protecting against severe COVID-19 disease [64,241,242], the spread of such

preventive measures is accompanied by an increase in social health inequalities,
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particularly in its early stages [243]. Indeed, several studies have confirmed lower
COVID-19 vaccine uptake among SE disadvantaged groups [213,215,244]. To adopt
preventive health behaviors such as vaccination, health knowledge (which is
particularly present among healthcare workers), plays an important role [245,246].
Individuals from lower SE groups tend to have lower levels of health literacy,
making them less inclined to adopt preventive measures such as vaccination and
hence increasing their risk of severe COVID-19 outcomes [234]. In addition to health
knowledge, other factors may contribute to the lower vaccination coverage among
SE disadvantaged groups, such as lack of trust in government or scientific, transport
difficulties, language barriers, or inflexible working hours [247,248]. To our
knowledge, no research has yet examined how the association between SE
determinants and severe COVID-19 outcomes may be mediated by vaccination,

underlying health conditions, and working in healthcare.

The objective of the present study was to identify, among the adult population
residing in the Walloon or Brussels regions in Belgium with a confirmed SARS-CoV-
2 infection, the mediating effect of vaccination, underlying health conditions, and
working in healthcare on the association between education and COVID-19
hospitalization. We have therefore hypothesized that the latter three variables
were on the causal pathway between education and COVID-19 hospitalization and

could mediate their association.
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2. Materials & methods

2.1. Causal framework and study design

We conducted a retrospective cohort study using data from the LINK-VACC project,
a causal conceptual framework set up by Sciensano, the Belgian Institute of Health,
containing, within a pseudonymized environment, selected variables from multiple
existing national health and social sector registries linked at an individual level using

the Belgian social security number [133].

For the present study, six registers were used : 1) the COVID-19 Healthdata test
database containing exhaustive data from COVID-19 laboratory tests (polymerase
chain reaction or antigenic tests) performed in Belgium (date of sampling, test
result) as well as demographical data on the tested person [114], 2) the Clinical
Hospital Surveillance (CHS) database containing non-exhaustive patient-level data
from admission and discharge forms on approximately 50% of the patients
admitted with a confirmed COVID-19 diagnosis across all 103 Belgian hospitals
[112], 3) the Belgian Vaccine register for COVID-19 (Vaccinnet+) containing
exhaustive data on COVID-19 vaccine doses administered to Belgian residents
(brand of the vaccine, lot number, date of administration, date of registration) as
well as demographical data on the vaccinated person (sex, age, postal code of
residence), 4) the DEMOBEL database provided by Statistics Belgium (Statbel)

containing data on sociodemographic (SD) and SE characteristics on everyone
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tested and/or vaccinated for COVID-19, 5) the InterMutualistic Agency (IMA)
database containing data on reimbursed healthcare and medicines of Belgian
residents insured in the country tested and/or vaccinated for COVID-19, 6) the
Common Base Registry for HealthCare Actors (CoBRHA) allowing the identification
of individuals who have been licensed to practice a healthcare profession in
Belgium. Belgium is composed of three regions: Brussels, Flanders, and Wallonia.
This research focused only on data from the Walloon and Brussels regions from the
six data sources mentioned above, as permission to use the data was not granted
for the Flemish region. As of 1 January 2021, the Walloon and Brussels regions

covered 42% of the total Belgian population [249].

2.2. Study population and study period

All laboratory confirmed SARS-CoV-2 infections recorded in the COVID-19
Healthdata test database between 1 September 2021 and 1 September 2022
among adults (= 18 years) living in the Walloon or Brussels regions in Belgium were
selected. As of 1 September 2021, all adults had the opportunity to be vaccinated
for the primary vaccination course, and the majority had received it, with 71% of
the total Belgian adult population having completed their primary vaccination
course at that date [25,44]. In addition, 1 September 2021 marks the start of the

vaccination campaign for the first booster in Belgium [250].
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Through a link with the CHS database, we were able to determine whether a COVID-
19-related hospital admission was registered following the date of a positive SARS-
CoV-2 test. Therefore, cases were defined as any individuals whose positive test
date was followed by a COVID-19 hospitalization within 30 days, or as any
individuals whose positive test date was preceded by a COVID-19 hospitalization
within one day (in order to not consider individuals with a nosocomial infection as

cases).

Only one positive test per individual was considered for the analysis. Within the
same individual, we excluded any positive tests not leading to a COVID-19
hospitalization, recorded before or after a positive test leading to a COVID-19
hospitalization. Any positive tests recorded more than one day after the date of
hospital admission were dropped. When two or more positive tests led to the same
hospital admission within the same individual, only the first was kept as the others
probably reflected the same infection. For individuals who have more than one
positive test without any registered COVID-19-related hospital admission, infection
periods were defined. An infection period included all positive tests counted over a
21-day period. For each infection period, only the first test was kept as the other
tests probably reflected the same infection. When several infection periods were

recorded for the same individual, only one was chosen at random to avoid
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duplication and keep only one record per individual in the control group, as in the

case group.

The vaccination rollout for the second booster had begun at the end of the study
period with only 5.34% of the Belgian population vaccinated with a second booster
by 1 September 2022 [25]. Therefore, individuals who received a second booster,
as well as individuals with incomplete vaccination course (i.e., a single dose of a
two-dose primary schedule), were excluded. Finally, we excluded individuals who
were deregistered, migrated, and deceased based on their status in the national
register as well as individuals with incomplete demographic, SE, and clinical data.
Based on the baseline surveillance of variant circulation in Belgium [250], the study
period was divided according to the variant of concern (VOC) of predominance
given the impact of SARS-CoV-2 variants on COVID-19 disease severity and vaccine
effectiveness [59,251]. A VOC was considered dominant when it accounted for at
least 80% of the infections recorded over a period. The Delta-predominant period
included all positive tests sampled between 1 September 2021 (start of the study
period) until 22 December 2021 and the Omicron-predominant period included all
positive tests sampled between 4 January 2022 until 1 September 2022 (end of the
study period). All positive tests sampled between 22 December 2021 and 4 January

2022 were dropped.
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2.3. Outcome

The study outcome consisted of a COVID-19-related hospital admission defined by
a hospital admission form recoded in the CHS database with a confirmed COVID-19
diagnosis by means of a positive RT-PCR or RAT and symptoms at admission. Based
on the classification of SARS-CoV-2 infections established by the European Center
for prevention and Disease Control (ECDC) [252], only community-acquired,
nursing-home acquired, and infections of unknown origin in healthcare workers
were kept while indeterminate COVID-19 cases, and healthcare-associated or

probable healthcare-associated nosocomial infections were excluded.

2.4. Exposure

As SE exposure, we used the educational level provided by the DEMOBEL database
and classified in eight categories using the International Standard Classification of
Education (ISCED): ‘Early childhood education’ (less than primary for educational
attainment) (ISCED 0), ‘Primary education’ (ISCED 1), ‘Lower secondary education’
(ISCED 2), ‘Upper secondary education’ (ISCED 3), ‘Post-secondary non-tertiary
education’ (ISCED 4), ‘Short-cycle tertiary education’ (ISCED 5), ‘Bachelor’s or
equivalent level’ (ISCED 6), ‘Master’s or equivalent level’ (ISCED 7), ‘Doctoral or
equivalent level’ (ISCED 8). We merged these different categories into two main
educational levels: ‘Low’ (ISCED 0 to ISCED 2) and ‘Moderate or high’ (ISCED 3 to

ISCED 8). ‘Moderate or high education’ was considered as the reference category.

165



2.5. Mediators

In the causal inference framework for observational studies, an exposure can be
associated with an outcome through both direct and indirect pathways [159]. The
indirect pathway involves a mediator, an intermediate variable that lies in the
causal pathway between the exposure and the outcome, partially or fully explaining
their association and making the unraveling of causal mechanisms feasible
[159,160]. A mediator can be distinguished from a confounder which is a third
variable with a direct causal effect on the outcome and the exposure of interest

[253].

As mediator variables, we selected vaccination status, underlying health conditions,

and working in healthcare.

The vaccination status was taken 14 days before the date of infection with SARS-
CoV-2 and was distinguished between ‘No vaccination’ and ‘Primary or first-booster
vaccination’. A primary-vaccination was defined as receiving two doses of
BNT162b2, mRNA-1273, or ChAdOx1 (mRNA vaccines), or one dose of Ad26.COV2.S
(viral vector vaccine). ‘Primary or first-booster vaccination’ was considered as the

reference category.

Underlying health conditions (e.g., cardiovascular diseases, thrombosis, type 2
diabetes, chronic obstructive pulmonary disease) were deduced from data on

reimbursed healthcare and medicine of Belgian residents ensured in the country
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available in IMA. Within the LINKVACC project, only underlying health conditions
associated with an increased risk of severe COVID-19 were selected from IMA, this
is therefore not a complete overview of all underlying health conditions. The
overview of underlying health conditions included in IMA can be found in a report
by Stouten et al. [254]. Two categories based on the number of underlying health
conditions were distinguished: ‘No underlying health conditions’ and ‘At least one
underlying health condition’. ‘No underlying health conditions’ was considered as

the reference category.

To identify individuals working in healthcare, we used a proxy variable available in
CoBRHA allowing to identify all individuals who have been licensed to practice a
healthcare profession in Belgium. ‘Working in healthcare’ was considered as the

reference category.

These three variables were chosen as mediators in view of their presumed
association with both SE status and COVID-19 hospitalization. Indeed, despite the
known effectiveness of the vaccine against COVID-19 hospitalization [255], a lower
vaccine uptake was identified in SE disadvantaged groups [215,244]. Some
underlying health conditions (e.g., obesity, cardiovascular diseases, chronic kidney
diseases) have been shown to be preponderant in SE disadvantaged groups [239]
and a risk factor for COVID-19 hospitalization [256,257]. Healthcare workers are

expected to have a higher level of health knowledge, and a higher level of education
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has been associated with higher health knowledge [258]. A lower level of health
knowledge leads to a lower adoption of preventive behaviors (e.g., social
distancing, vaccination), increasing exposure to the virus and potentially leading to

more severe disease outcomes [245,246].

2.6. Confounders

Age (at the beginning of the study period), gender, province of residence, and
migration background were included as potential confounders. Age and gender
were available in Vaccinnet+ and COVID-19 Healthdata test database, registers re-
using demographic information from the Belgian national register. The province of
residence was based on the postal code of residence available in the national
register. Concerning the Walloon region, the five provinces were included:
Walloon-Brabant, Hainaut, Liege, Luxemburg, and Namur. The Brussels region is
not branched into provinces, and has therefore been directly included alongside
the five provinces of the Walloon region. CHS hospital coverage during the study
period varied by province, with the highest coverage for the province of Hainaut
(70%) and the lowest for the province of Liege (15%). Assuming that the province
of residence was equivalent to the province of the hospital where the individual
was admitted, we used the province of residence as confounder to counter the bias
induced by the difference in hospitalization coverage by province. Indeed, province

has been considered as confounder in the statistical analyses given the known
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association between SE status and province in Belgium [259-261]. Migration
background was available in STATBEL and based on a combination of the first
nationality and the parent’s country of origin. Four groups were distinguished:
‘Belgian natives’, ‘Second-generation migrants’, ‘First-generation migrants’, and

‘First-generation non-European migrants’.

2.7. Statistical analyses

The study population was first described with the frequency rates and percentages
for categorical variables and the median and the interquartile range (IQR) for

continuous variables.

To assess the effect of multiple mediators, i.e., vaccination, underlying health
conditions, and working in healthcare, on the association between education and
COVID-19 hospitalization, we applied causal mediation analysis within the
interventional effects framework. Causal mediation analysis are usually applied
within the potential outcomes framework, defining the causal effect for a given unit
as the difference in its outcome under exposure versus control conditions,
measured at the same time point [151,153,154]. However, this approach requires
strong assumptions when multiple mediators are involved. Specifically, it assumes
a known causal ordering of mediators and no unmeasured confounding, conditions
that are rarely satisfied in practice [170]. We therefore applied causal mediation

analysis within the interventional effects framework, an extension of the potential
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outcomes framework, which offers more flexibility when the true causal structure
among the mediators is unknown by estimating indirect effects through simulated

intervention on mediator distributions [161,169,172].

Our proposed causal diagram for mediation analyses within the interventional
effects framework is presented in Figure 23. As explained above, interventional
(in)direct effect models allow to consider multiple mediators (M1, M2, M3) on the
causal pathway from exposure (A) to outcome (Y) without having to specify any
causal structure among the mediators (Figure 23) [170,171]. Through this method,
the total effect is decomposed into direct and indirect effects and each indirect
effect passing through each distinct mediator can be assessed separately [171].
Interventional effects are perfectly suited to assess effects of non-manipulable
exposures such as SE determinants and have to be interpreted on the population

level rather than the individual level [171].
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Figure 23. Proposed causal diagram for the mediating effect of vaccination (M1), underlying health
conditions (M2), and working in healthcare (M3) on the association between education (A) and
COVID-19 hospitalization (Y) conditional on covariates (C). M1, M2, and M3 are assumed to be

independent and not affect each other causally.

The total effect was estimated by regressing COVID-19 hospitalization (Y) on

education (A) conditional on covariates (C) (Eq. 9).

E(Y|A,C) = Bo + PLaA+ Bc1Age + PcrGender + BezProvince +

BcaMigration background (Eq. 9)

Although the exposure and mediators are binary and generalized linear models can
be used to estimate risk differences within the interventional effects framework,
we chose to use linear models for their analysis, hence assuming a linear probability
model. This approach offered a number of advantages. Firstly, the effects estimated
were directly interpretable as probabilities and the decomposition of the total

effect into direct and indirect effects was more straightforward when computing
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linear regression coefficients [262,263]. Additionally, our proposed method for

mediation analysis was computationally more efficient with linear models.

To estimate the interventional (in)direct effects, two sets of linear regression
models were used. The first model (Eq. 10) was estimated by regressing COVID-19
hospitalization (Y) on education (A) and mediators (Ms) conditional on covariates

(C).

E(Y|A,Ms,C) = o+ BaA + Y3, BsMs + BcrAge + BcyGender +

BcsProvince + BoaMigration background (Eq. 10)

The second set of models (Eq. 11) was estimated by regressing each mediator (Ms)
separately on education (A) conditional on covariates (C). The effect of education
(A) transmitted through each distinct mediator (Ms) along the causal pathway

between A and Ms was captured in the regression coefficient §; (Eq. 11).

E(Ms|A,C) = 8y + 8,A + 6c15Age + OcpsGender + SqsgProvince +

ScasMigration background (Eq. 11)

The statistical methodology used in this paper was based on Loh. et al. [171] and
the code used in this study can be found on GitHub [264]. All statistical analyses
were performed in R version 4.0.5. [221]. The package “lavaan” [265] was used to

estimate interventional (in)direct effect models.
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2.8. Sensitivity analyses

Education, vaccination, underlying health conditions, and working in healthcare are
interrelated factors that may interact in complex ways to influence COVID-19
hospitalization. Indeed, interactions between mediators (i.e., vaccination,
underlying health conditions, and working in healthcare) can be expected. The
effect of vaccination may vary for different levels of underlying health conditions
due to the prioritization of individuals with comorbidities during Belgium’s
vaccination campaign [44]. The effect of vaccination may also vary depending on
whether an individual work in healthcare as healthcare workers were prioritized
during the vaccination campaign in Belgium and were reported to have higher
vaccination rate [25,44]. The effect of education on COVID-19 hospitalization can
also depend on the value of the mediators as variation in vaccination coverage,
number of underlying health conditions, and working in healthcare can be expected

according to the level of education [103,234,244].

To take these potential interactions into account, sensitivity analyses were
performed including three types of interactions in the outcome model to test the
robustness of our results: exposure-mediator, mediator-mediator, and exposure-

mediator-mediator interactions.

The outcome model was therefore defined as described in Eq. 12 where (A: M},)

represents the exposure-mediator interactions, (Mi: M]-) represents the mediator-
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mediator interactions, and (A:Ml-:Mj) represents the exposure-mediator-

mediator interactions. The results can be found in Supplementary Table 11.

E(YlA;MS: C) = Bo + BaA +Z.§:1ﬁsMS +
Yh-1 (BA:Mk(A:Mk)) + 22]:1 (BML-:Mj(Mi:Mj)> +

27311,i,j=1 ([)’A:Mi:Mj(A:Mi:Mj)) + Bc1Age + BeyGender + B3 Province +

BcaMigration background (Eq. 12)

The IIE for a single mediator Ms represents the change in the expected outcome
when the distribution of Ms is shifted from what it would be under one treatment
level (e.g., A = 0) to what it would be under another (e.g., A = 1), while holding A
fixed. This effect is estimated by simulating the outcome under counterfactual
interventions on the mediators, and incorporates not only the main effect of Ms
on the outcome but also its interactions with A and with other mediators, as
captured by the outcome model coefficients. When mediators are correlated, and
their covariance structure differs across treatment levels, an additional component,
referred to as the mutual indirect effect, arises. This component reflects the
portion of the indirect effect that is transmitted jointly through the
interdependence among mediators. It is captured by the interaction terms
involving the three mediators and the exposure, weighted by the differences in the

covariance structure of the mediators between treatment groups [171].
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When including mediator-mediator interactions in the outcome model, the indirect
effect through each mediator is influenced by the labelling assigned to the
mediators, which is presumed arbitrary. This leads to a variation of the effect
depending on the specific order in which the mediators are labeled, without any
causal ordering imposed on them [171]. To account for this, an additional sensitivity
analysis was conducted by examining all possible combinations of labeling the
mediators, which involves considering different permutations (Supplementary

Table 12).

Additionally, as the primary analysis defined cases based on the positive test that
led to a COVID-19 hospitalization, there is a potential bias due to outcome-
dependent sampling. To assess the robustness of our results, we conducted
sensitivity analysis in which cases and controls were redefined by randomly
selecting one positive test per individual during each VOC period, or the first
positive test of a randomly selected infection period for individuals with multiple
infection periods, regardless of hospitalization status. The results of this analysis,
both without interaction and with exposure-mediator, mediator-mediator, and
exposure-mediator-mediator interactions are available in Supplementary Tables

13 to 16.
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3. Results

3.1. Characterization of the study population

The characterization of the study population stratified by VOC-period is available in
Table 16. The final study population included 148,590 and 430,693 individuals with

a confirmed SARS-CoV-2 infection during Delta and Omicron periods, respectively.

The median age of the study population was 41 years (IQR [31-54]) during the Delta
period and 41 years (IQR [30-56]) during the Omicron-period. During both VOC
periods, the majority of the study population was composed of females (53% and
58% during Delta and Omicron periods, respectively) and Belgian natives (65% and
64% during Delta and Omicron periods, respectively). During both VOC periods,
most individuals had moderate or high education (68% and 66% during Delta and
Omicron periods, respectively), a primary or first-booster vaccination (73% and 81%
during Delta and Omicron periods, respectively), no underlying health conditions
(69% and 68% during Delta and Omicron periods, respectively), and did not work in

healthcare (92% and 92% during Delta and Omicron periods, respectively).

Table 16 also provides the characterization of individuals with recorded
hospitalizations for COVID-19 in the CHS database by VOC period. During Delta and
Omicron periods, 1,059 (0.71%) and 1,828 (0.43%) individuals were recorded as
hospitalized for COVID-19, respectively. The median age of COVID-19 patients was

66 years (IQR [53-76.5]) during the Delta period and 75 years (IQR [64-84]) during
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the Omicron period. During both VOC periods, the majority of recorded COVID-19
hospitalized patients was males (55% and 51% during Delta and Omicron periods,
respectively), Belgian natives (59% and 72% during Delta and Omicron periods,
respectively), low educated (56% and 66% during Delta and Omicron periods,
respectively), had a primary or first-booster vaccination (58% and 86% during Delta
and Omicron periods, respectively), at least one underlying health conditions (69%
and 84% during Delta and Omicron periods, respectively), and did not work in

healthcare (96% and 98% during Delta and Omicron periods, respectively).
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Table 16. Characterization of the study population, including all Belgian adults living in the Walloon or Brussel regions in Belgium with
a SARS-CoV-2 positive test, stratified between the Delta-predominant period (1 September 2021 to 22 December 2021) and the

Omicron-predominant period (4 January 2022 to 1 September 2022).

Total study Hospitalized Total study Hospitalized
population COVID-19 patients population COVID-19 patients
(N=148 590) (N=1 059) (N=430 693) (N=1 828)
Covariates
Age (in years), median[IQR] 41 [31-54] 66 [53-76.5] 41 [30-56] 75 [64-84]
Gender, n(%)
Females 82433 (55.48) 476 (44.95) 249 079 (57.83) 902 (49.34)
Males 66 157 (44.52) 583 (55.05) 181614 (42.17) 926 (50.66)
Migration background, n(%)
Belgian natives 97 104 (65.35) 618 (58.36) 275 656 (64.00) 1322 (72.32)
Second-generation migrants 15906 (10.70) 48 (4.53) 50473 (11.72) 73 (4.00)
First-generation European migrants 17 888 (12.04) 205 (19.36) 51631 (11.99) 299 (16.36)
First-generation non-European migrants 17 692 (11.91) 188 (17.75) 52933 (12.29) 134 (7.33)
Province, n(%)
Walloon-Brabant 14 793 (9.96) 102 (9.63) 43 560 (10.11) 179 (9.79)
Hainaut 38 600 (25.98) 442 (41.74) 130582 (30.32) 965 (52.79)
Liege 39917 (26.86) 127 (12.00) 93 751 (21.77) 219 (11.98)
Luxemburg 8359 (5.63) 51 (4.82) 23612 (5.48) 56 (3.06)
Namur 18 153 (12.22) 92 (8.69) 50693 (11.77) 145 (7.93)
Brussels 28 768 (19.36) 245 (23.14) 88 495 (20.55) 264 (14.44)

178



Table 16. Continued

Total study Hospitalized Total study Hospitalized
population COVID-19 patients population COVID-19 patients
(N=148 590) (N=1 059) (N=430 693) (N=1 828)
Exposure
Education, n(%)
Moderate or high 100 873 (67.89) 462 (43.63) 282 797 (65.66) 616 (33.70)
Low 47 717 (32.11) 597 (56.37) 147 896 (34.34) 1212 (66.30)
Mediators
Vaccination status, n(%)
No vaccination 40727 (27.41) 445 (42.02) 80 456 (18.68) 264 (14.44)
Primary or first-booster vaccination 107 863 (72.59) 614 (57.98) 350237 (81.32) 1564 (85.56)
Underlying health conditions, n(%)
No underlying health conditions 103 036 (69.34) 325 (30.69) 292 170 (67.84) 294 (16.08)
At least one underlying health condition 45 554 (30.66) 734 (69.31) 138523 (32.16) 1534 (83.92)

Working in healthcare , n(%)
No
Yes

136 066 (91.57)
12 524 (8.43)

1017 (96.03)
42 (3.97)

394 466 (91.59)
36227 (8.41)

1784 (97.59)
44 (2.41)
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3.2. Mediation analyses using interventional (in)direct effect models

Tables 17 and 18 shows the interventional (in)direct effect estimates, bootstrap
standard errors (SEs), and 95% confidence intervals (Cls) for the mediating effect of
vaccination (M1), underlying health conditions (M2), and working in healthcare
(M3) on the association between education and COVID-19 hospitalization for Delta-
and Omicron-predominant period, respectively, along with mediation path

diagrams and interventional effects definition.

The estimated total effect (TE), corresponding to the sum of the direct effect (DE)
of education on COVID-19 hospitalization and the indirect effects (IE) through each
mediator, of shifting from moderate or high education to low education increased
the probability of being hospitalized for COVID-19 by 0.653% (95% ClI 0.546% —
7.619%) and 0.517% (95% Cl 0.469% - 0.565%) during Delta and Omicron periods,

respectively.

The estimated interventional direct effect (DE) of shifting from moderate or high
education to low education, when holding all mediators under the control
conditions, increased the probability of being hospitalized for COVID-19 by 0.554%
(95% Cl 0.449% - 0.662%) and 0.484% (95% ClI 0.437% - 0.529%) during Delta and
Omicron periods, respectively. Proportionally, this means that the DE of education
on COVID-19 hospitalization accounted for 84.84% (DE peita/ TE peta) and 93.62% (DE

omicron/ TE omicron) Of the total effect during Delta and Omicron periods, respectively.
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The joint indirect effect (JIE) accounted for the remaining proportions and
therefore implied that 15.16% (JIE peita / TE peita) and 6.38% (JIE omicron/ TE omicron) Of
the association between education and COVID-19 hospitalization was explained by
the total mediating effect through all mediators, during Delta and Omicron periods,

respectively.

The estimated indirect effect of shifting the distribution of primary or first-booster
vaccination under moderate or high education to low education (IEy;), increased
the probability of being hospitalized by 0.062% (95% Cl 0.054% - 0.071%) and

0.006% (95% Cl 0.005% - 0.008%) during Delta and Omicron periods, respectively.

The estimated indirect effect of shifting the distribution of underlying health
conditions under moderate or high education to low education (IEy;), increased
the probability of being hospitalized by 0.038% (95% Cl 0.029% - 0.046%) and

0.021% (95% Cl 0.018% - 0.025%) during Delta and Omicron periods, respectively.

The estimated indirect effect via working in healthcare (IEy;;) was not significant
during the Delta period (-0.001%, 95% Cl -0.012% - 0.008%). However, during the
Omicron period, the estimated indirect effect of shifting the distribution of working
in healthcare under moderate or high education to low education, increased the

probability of being hospitalized by 0.006% (95% Cl 0.002% - 0.009%).
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Proportionally, this means that, during the Delta period, vaccination and underlying
health conditions significantly mediated the association between education and
COVID-19 hospitalization by 9.49% (1Em1, peita / TE peita) and 5.82% (IEmz, peita / TE pelta),
respectively. During the Omicron period, underlying health conditions, vaccination,
and working in healthcare significantly mediated the association between
education and COVID-19 hospitalization by 4.07% (IEwm2, omicron / TE omicron), 1.16%

(IEMl, Omicron /TE Omicron), and 0.97% (IEM3, Omicron /TE Omicron), respectively.
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Table 17. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls) for the
mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education and
COVID-19 hospitalization for Delta-predominant period, along with mediation path diagrams and interventional effects definition.

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Total effect (TE) 0.00653 0.00054 0.00546 - TE
0.07619 51 By = Ba
62 132 3
s —EF— Xy
A Ba Y s=1
Direct effect 0.00554 0.00054 0.00449 - /‘lﬂ'\ DE =p,
(DE) 0.00662 8 ﬁl = TE
62 32 3
s, —o =Y a8,
A Ba Y s=1
Jointindirect ~ 0.00099 0.00008 0.00082 - M 3
8y B JIE = 6;p
effect (JIE) 0.00115 s Ps
8, B2 s=1
83 Bs =TE — ﬁA
A Ba Y
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Table 17. Continued

Interventional Estimate Bootstrap SE 95% ClI Mediation path diagram Interventional
effects effects
definition
Indirect effect 0.00062 0.00005 0.00054 -
via M1 0.00071 b A
o 8
(vaccination) 6: ‘Zi IEy, = 61 By
IE
( Ml) A BA v
Indirect effect 0.00038 0.00005 0.00029 - MI
- 5 AN I
via M2 0.00046
. 8 B,
(underlying ? W] IEy, = 6, B,
health - % B s .
conditions) !
(IEwz)
Indirect effect ~ -0.00001 0.00005 -0.00012 - AMEN
via M3 (working 0.00008 8y By
in healthcare) 8 P2 IEy3 = 63 B3
-—v.\-MB
(IEum3) 83 Bs
A Ba Y

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediators is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples. ‘A’ denotes the exposure (i.e., education). ‘Y’ denotes the outcome (i.e., COVID-19 hospitalization). Red lines denote causal paths
through which (in)direct interventional effects pass.
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Table 18. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls) for the
mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education and
COVID-19 hospitalization for Omicron-predominant period, along with mediation path diagrams and interventional effects definition.

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Total effect (TE) 0.00516 0.00024 0.00469 - TE
8 B —
0.00565 1 1 = PB4
| M2 |
62 132 3
83 Bs + Z 55 Bs
A Ba Y s=1
Direct effect 0.00484 0.00027 0.00437 - /Jﬂ|\ DE = B4
(DE) 0.00529 8 o] by = TE
52 /-\ ﬁz 3
s, —o =Y a8,
A Ba Y s=1
Joint indirect 0.00032 0.00003 0.00028 - M 3
effect (JIE) 0.00039 ! gl JIE = Z 85 Bs
8, B2 s=1
85 Bs =TE — B4
A Ba Y
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Table 18. Continued

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Indirect effect 0.00006 0.00001 0.00005 -
via M1 0.00008 b A
o 8 Bz
(vaccination) : IEy1 = 61 By
(IEy1) 5, — M,
M1 A B -
Indirect effect 0.00021 0.00002 0.00018 - MR
via M2 0.00025 & A
. 8 B2
underlyin 2 IEy, =6
( ying 5, 8, M2 2 B2
health
- A Ba Y
conditions)
(IEuz)
Indirect effect 0.00005 0.00002 0.00002 - /'lM_W\
via M3 (working 0.00010 & b
in healthcare) 5, Bz IEy; = 65 05
_—-\-MS,
(IEu3) 83 Bs
A Ba Y

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediators is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples. ‘A’ denotes the exposure (i.e., education). ‘Y’ denotes the outcome (i.e., COVID-19 hospitalization). Red lines denote causal paths
through which (in)direct interventional effects pass.

186



3.3. Sensitivity Analyses

Afirst sensitivity analysis was computed by including exposure-mediator, mediator-
mediator, and exposure-mediator-mediator interactions in the outcome model.
The resulting estimated interventional (in)direct effects and 95% Cl showed similar
trends compared to the main analysis, except for the estimated interventional
indirect effect via working in healthcare during the Omicron period which is no
longer significant (Supplementary Table 11). A second sensitivity analysis was
computed accounting for the variation of the indirect effect through each mediator
due to the labelling assigned to the mediators, presumed to be arbitrary. The
results obtained from analyzing each of all possible permutations of mediator
indices (3!=6) yielded similar estimates for both the maximum and minimum values

of the (in)direct interventional effects (Supplementary Table 12).

The second sensitivity analyses assessing whether a potential bias due to outcome-
dependent sampling was present, yielded results consistent with the primary
analysis, both without interaction (Supplementary Tables 13 and 14) and with
exposure-mediator, mediator-mediator, and exposure-mediator-mediator
interactions (Supplementary Tables 15 and 16). These findings suggest that

outcome-dependent test selection did not substantially affect our results.
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4. Discussion

Overall, 1,059 (0.71%) and 1,828 (0.43%) individuals with a confirmed SARS-CoV-2
infection were recorded as hospitalized for COVID-19 during Delta- and Omicron-
predominant periods, respectively, in the Clinical Hospital Survey database, a non-
exhaustive reporting system in Belgium. During both VOC-predominant periods,
the majority of hospitalized COVID-19 patients had low education (56.37% and
66.30% for Delta and Omicron periods, respectively). In comparison, 32% of the
total Belgian adult population (aged 25 years and older) had a low educational level
(up to lower secondary education) in 2021 [261]. This highlights the
overrepresentation of adults with a low educational level among COVID-19

hospitalized patients compared to the general adult population in Belgium.

By using interventional (in)direct effect models, our findings revealed a higher
probability of being hospitalized for COVID-19 among individuals with low
education compared to those with moderate or high education, with an increase of
0.653% and 0.517% during Delta and Omicron periods, respectively. During both
VOC periods, the association between education and COVID-19 hospitalization was
partially mediated by vaccination (9.49% and 1.16% during Delta and Omicron
periods, respectively) and underlying health conditions (5.82% and 4.06% during
Delta and Omicron periods, respectively). During the Delta period, working in

healthcare did not significantly mediate the association between education and
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COVID-19 hospitalization. During the Omicron period, working in healthcare
significantly mediated the association between education and COVID-19
hospitalization, however, when taking into account exposure-mediator, mediator-
mediator, and exposure-mediator-mediator interactions, the interventional

indirect effect via working in healthcare was no longer significant.

Our findings showed a higher rate of COVID-19 hospitalization among individuals
with low education, aligning with several international studies [266—272]. Among
all confirmed COVID-19 cases in Sweden by mid-September 2020, Bergman et al.
found that, compared to individuals with primary education, the probability of
hospitalization decreased by 13% for those with secondary education, 21% for
those with post-secondary education (<3 years), and 27% for those with post-
secondary education (23 years) [270]. Similarly, in Switzerland, individuals residing
in neighborhoods with the highest SE position had a 44% lower risk of COVID-19
hospitalization compared to those in the lowest SE position [271]. At the European
level, a two-sample Mendelian randomization study showed a 0.540 higher odds of

severe COVID-19 per one standard deviation increase in years of schooling [272].

The mediation role of chronic comorbidities in overall respiratory infectious
diseases has already been shown by Ye et al. reporting that cardiovascular diseases
and diabetes mediated the association between SE status and respiratory infectious

diseases by 6.8% and 2.2%, respectively [273]. This is in line with our results
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showing a mediating effect of underlying health conditions on the association
between education and COVID-19 hospitalization. Research on SE disparities in
COVID-19 hospitalization, including comorbidities as clinical confounders, found
that having comorbidities (e.g. diabetes, cardiovascular diseases, obesity, chronic
obstructive pulmonary disorders, renal failure) largely increased the probability of
being hospitalized for COVID-19 [268—270]. To our knowledge, the extent to which
comorbidities mediate this association has not been investigated yet. However, the
association of comorbidities with both SE status and COVID-19 hospitalization is
well known, making this mediating role plausible. Indeed, individuals from lower SE
groups present higher rates of comorbidities [103] due to multiple underlying
reasons such as a decreased access to healthcare resources and services or
unhealthy lifestyle habits (e.g. smoking, alcohol consumption, lower physical
activity) [274]. Having comorbidities has also been shown to increase the risk of
COVID-19 hospitalization [268—270] through several biological mechanisms such as
an excessive pro-inflammatory response or a reduced tolerance to respiratory

failure [124].

Similar mediation mechanisms can be hypothesized regarding vaccination in light
of its known association with both SE status and COVID-19 hospitalization
[64,232,244,275,276]. A lower COVID-19 vaccine uptake was found among SE

disadvantaged groups [232,244,276]. This may be due to a lack of belief in vaccine
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efficacy and a fear of side effects [235], a restricted access to healthcare and
resources [232], or a lack of health literacy exacerbating fear and negative
preconceptions about the vaccine [233]. However, the vaccine has been shown to
be effective against COVID-19 hospitalization [64,277]. In the UK, Gram et al.
reported a vaccine effectiveness (VE) against COVID-19 hospitalization 14 to 30
days since last vaccination among those who received two or three doses of mRNA
vaccine of 98.1% or above for Delta and 95.5% or above for Omicron [276]. In
Belgium, for the Delta variant, VE against COVID-19 hospitalization 0 to 50 days
since last vaccination was 93% and 94% for primary and booster vaccination,
respectively. For the Omicron variant, the VE was 59% and 87% for primary and
booster vaccination, respectively [64]. While the specific outcome may vary, a
previous study conducted in the United States has also shown evidence of the
mediating effect of vaccination on the association between SE status and severe
COVID-19 outcomes by demonstrating that 37.6% of the impact of SE status on
COVID-19 mortality was mediated by the vaccination coverage rate [278]. This
highlights the importance of variations in vaccination coverage in exacerbating
social inequalities in COVID-19 severe outcomes, and advocates achieving the most

equitable vaccination coverage possible.

Our results showed that vaccination mediated 9.49% of the association between

education and COVID-19 hospitalization during the Delta period while this
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percentage dropped to 1.16% during the Omicron period. This difference in the
mediating effect of the vaccine by VOC period could be due to a higher VE against
severe SARS-CoV-2 infection in individuals infected with Delta compared to
Omicron combined with the development of a less severe form of SARS-CoV-2
infection among individuals infected with Omicron in comparison to Delta
[59,60,64,279-281]. Waning immunity from vaccines over time, along with natural
immunity from prior SARS-CoV-2 infections, could also influence the reduced
efficacy of the vaccines against COVID-19 hospitalization during the Omicron period
compared to the Delta period, and explain the lower mediating effect of the vaccine

during the Omicron period [282,283].

To the best of our knowledge, this is the first study investigating the mediation role
of vaccination, underlying health conditions, and working in healthcare in the
association between education and COVID-19 hospitalization using interventional
effect models allowing to consider multiple mediators without assuming any causal

structure between them.

However, our study has several limitations. First, the CHS database is not exhaustive
and recorded only 59.3% and 42.3% of the total COVID-19 hospital admissions
during Delta and Omicron periods, respectively, leading to a sampling bias and
significant underestimations of hospitalization rates. In addition to the non-

exhaustive nationwide hospital coverage, variation in hospital reporting rate were
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found by province. To counter this latter sampling bias, we used the province of
residence as confounders but an additional limitation lies under the assumption
that an individual was hospitalized in her or his province of residence which may
not be true. However, we have assumed that the variation in the hospital reporting
rate did not depend on the SE status of the province, which would have further
increased the sampling bias. Indeed, during our study period, the province of
Hainaut had the highest reporting rate (+70%) while the province of Liege had the
lowest (£15%). Average annual tax income per capita in 2020 was higher in the
province of Liege (18,233 euros) compared to the province of Hainaut (17,118
euros) [259] and the unemployment rate in 2022 was 10.6% for the province of

Hainaut and 8.4% for the province of Liege [260].

Second, a proxy based on the date of diagnosis was used to determine whether the
infection was due to Delta or Omicron variant due to the few sequenced-laboratory
confirmed infection during the study period. As such, certain infections will
undoubtedly have been misclassified, but as we assume the required proportion to
consider a period as dominant for a certain variant to be 80%, we expect the impact

of this to be limited.

Third, to define the mediator ‘Working in healthcare’, we used a proxy variable
identifying individuals with a degree in health, the rationale being that individuals

working in healthcare are expected to have a higher level of health literacy that we

193



hypothesized to lie on the causal pathway between education and COVID-19
hospitalization. However, having a healthcare degree does not necessarily imply
working in the healthcare sector or applying the health knowledge acquired during
training. This is therefore a crude measure which may have impacted our results.
In addition, other factors than the possession of a degree in healthcare contribute

to health knowledge.

Fourth, the mediators included in our model were not sufficient to explain the
entire association between education and COVID-19 hospitalization, the direct
effect of education remaining significant. We were unable to consider certain other
unknown factors that could play an additional mediating effect between education
and COVID-19 hospitalization. Future research could consider investigating other
factors (e.g., living and working conditions, access to healthcare, cultural practices
and beliefs, mental health) that may mediate the association between SE

determinants and COVID-19 hospitalization.

5. Conclusion

Underlying health conditions and vaccination partially mediate the relationship
between educational level and COVID-19 hospitalization rates. These findings hold
important implications for crisis management, indicating that, to reduce
socioeconomic disparities in COVID-19 related hospitalizations, public health

strategies should focus on preventing underlying health conditions and enhancing
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vaccination rates by promoting health education, especially within the lowest

socioeconomic groups, to increase vaccine knowledge and confidence.

6. Declarations

6.1. Ethics approval and consent to participate

The protocol of the LINK-VACC project was approved by the Medical Ethics
Committee from the Vrije Universiteit of Brussels on 3 February 2021 (B.U.N
1432020000371) and obtained authorization from the Information Security

Committee (ISC) Social Security and Health (reference number: IVC/KSZG/21/034).

As confirmed by sections 23 and 24 of the Guidelines 03/2020 on the processing of
data concerning health for the purpose of scientific research in the context of the
COVID-19 outbreak of the European Data Protection Board (V1.0 of 21 April 2020),
this survey falls under Article 6 §1(e) and Article 9 §2(i) of the General Data
Protection Regulation (GDPR). In appliance with these GDPR legal grounds of data
processing, no informed consent had to be signed by the patients. Clinical trial

number: not applicable

6.2. Consent for publication

Not applicable

195



6.3. Availability of data and materials

The data used in this study are pseudonymized individual data obtained from
several national registers hosted by Healthdata.be, an independent institution
within Sciensano aiming to bring together all the data currently stored in multiple
health registers on a single web-based platform. Due to the General Data
Protection Regulation (GDPR) legislations in Belgium, these data are not publicly
available. Data request must be addressed to the Information Security Committee

(ISC).

6.4. Competing interests

The authors have no competing interests to declare that are relevant to the content

of this article.

6.5. Funding

This study was supported by the FOD/SPF Public Health of Belgium and the Belgian
federated entities through funding for the LINK-VACC project on vaccine
surveillance. In addition, Belgian Science Policy Office (BELSPO) funded this
research within the BRAIN-be 2.0 framework supporting pillar 3 Federal societal
challenges (grant number B2/202/P3/HELICON). The sponsors did not have a role
in the conduction of the study, the writing of the manuscript, or in the decision to

submit it for publication.

196



6.6. Authors’ contributions

LC reviewed the literature; LC, BD, JG, J A.F. L, LB, NS, and RP conceived the study;
LC, BD, JG, JA.F. L, LB, NS, and RP selected the study population; LC, BM, TL, and RP
designed the statistical methodology; LC and RP conducted the statistical analyses;
LC, BM, TL, and RP interpret the findings; LC wrote the first draft of the paper. All
authors revised the text. All authors approved the final version of this manuscript

and accepted responsibility for its submission for publication.

6.7. Acknowledgments

We would like to thanks the Walloon and Brussels regions who gave us the

authorization to use the LINKVACC data to perform this study.

7. Supplementary materials

7.1. Table of content

7.1.1. Supplementary Tables

- Supplementary Table 11. Interventional (in)direct effect estimates, bootstrap
standard errors (SEs), and 95% confidence intervals (Cls) for the mediating
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Supplementary Table 12. Minimum (Min.) and maximum (Max.) values of the
interventional (in)direct effect estimates and lower and upper bounds of the
95% confidence interval (Cls) across all 3!=6 possible permutations of mediator
indices stratified by VOC-predominant period.

Supplementary Table 13. Interventional (in)direct effect estimates, bootstrap
standard errors (SEs), and 95% confidence intervals (Cls) for the mediating
effect of vaccination, underlying health conditions, and working in healthcare
on the association between education and COVID-19 hospitalization for Delta-
predominant period, along with mediation path diagrams and interventional
effects definition, using a random positive test per person to address outcome-
dependent sampling bias.

Supplementary Table 14. Interventional (in)direct effect estimates, bootstrap
standard errors (SEs), and 95% confidence intervals (Cls) for the mediating
effect of vaccination, underlying health conditions, and working in healthcare
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Omicron-predominant period, along with mediation path diagrams and
interventional effects definition, using a random positive test per person to
address outcome-dependent sampling bias

Supplementary Table 15. Interventional (in)direct effect estimates, bootstrap
standard errors (SEs), and 95% confidence intervals (Cls) for the mediating

effect of vaccination, underlying health conditions, and working in healthcare
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on the association between education and COVID-19 hospitalization
accounting for exposure-mediator, mediator-mediator, and exposure-
mediator-mediator interactions stratified by VOC-predominant period, using a
random positive test per person to address outcome-dependent sampling
bias.

Supplementary Table 16. Minimum (Min.) and maximum (Max.) values of the
interventional (in)direct effect estimates and lower and upper bounds of the
95% confidence interval (Cls) across all 3!=6 possible permutations of mediator
indices stratified by VOC-predominant period, using a random positive test per

person to address outcome-dependent sampling bias.
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Supplementary Table 11. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls)
for the mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education
and COVID-19 hospitalization accounting for exposure-mediator, mediator-mediator, and exposure-mediator-mediator interactions.
All results are stratified by VOC-predominant period.

Interventional effect Estimate  Bootstrap 95% ClI Estimate Bootstrap 95%ClI

SE SE
Total effect (TE) 0.00653 0.00054 0.00551 - 0.00758 0.00517 0.00024  0.00469 - 0.00562
Direct effect (DE) 0.00509 0.00052 0.00415 - 0.00611 0.00435 0.00023  0.00388 - 0.00477
Indirect effect via M1 (vaccination) 0.00097 0.00010 0.00078 - 0.00119 0.00011 0.00003  0.00007 - 0.00016
(IEy1)
Indirect effect via M2 (underlying 0.00091 0.00010 0.00071 - 0.00112 0.00058 0.00004  0.00049 - 0.00067
health conditions) (IEy,)
Indirect effect via M3 (working in 0.00010 0.00021 -0.00033 - 0.00050  0.00014 0.00009  -0.00006 - 0.00032
healthcare) (1Ey3)
Indirect effect via mutual -0.00057 0.00023 -0.00099 - -0.00011  -0.00014  0.00007 -0.00027 - 0.00003
dependence

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediator is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples.
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Supplementary Table 12. Minimum (Min.) and maximum (Max.) values of the interventional (in)direct effect estimates and lower and
upper bounds of the 95% confidence interval (Cls) across all 3!=6 possible permutations of mediator indices stratified by VOC-
predominant period.

Delta-predominant period Omicron-predominant period
Interventional indirect effect Min. Max. Min. Max. Min. Max. Min. Max.
(lower) (upper) (lower)  (upper)
Vaccination 0.00081 0.00099 0.00065 0.00119 0.00009 0.00011 0.00005 0.00016
Underlying health conditions 0.00079 0.00105 0.00059 0.00127 0.00055 0.00059 0.00045 0.00067
Working in healthcare 0.00010 0.00028 -0.00033 0.00072  0.00014 0.00019 -0.00007 0.00041
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Supplementary Table 13. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls)
for the mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education
and COVID-19 hospitalization stratified for Delta-predominant period, along with mediation path diagrams and interventional effects
definition, using a random positive test per person to address outcome-dependent sampling bias.

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Total effect (TE) 0.00694 0.00066 0.00561 - TE
0.00819 5 By =B
SZ ﬁZ 3
N FTE) S S e
A Ba Y s=1
Direct effect 0.00587 0.00068 0.00452 - M1 DE =p,
(DE) 0.00722 5, 51 = TE
82 ﬁz 3
83 B3 - Z 65 ﬁs
A Ba Y s=1
Joint indirect 0.00109 0.00009 0.00090 - M ’
effect (JIE) 0.00128 8 B JIE = Z 85 Bs
) B2 s=1
85 B =TE — B4
A Ba Y
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Supplementary Table 13. Continued

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Indirect effect 0.00070 0.00006 0.00059 -
via M1 0.00081 b A
. . 62 BZ
vaccination IEy; =96
EIE ) ) 5. . m1 =01 b1
M1 A B -
Indirect effect 0.00044 0.00006 0.00032 - MI
: 8 R B
via M2 0.00057
. 8 B2
underlyin 2 IEy, =6
( ying 5, 8, M2 2 B2
health
- A Ba Y
conditions)
(IEuz)
Indirect effect -0.00005 0.00005 -0.00015 - /'lM_W\
via M3 (working 0.00090 & b
in healthcare) 5, Bz IEy; = 65 05
_—-\-MS,
(IEu3) 83 Bs
A Ba Y

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediators is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples. ‘A’ denotes the exposure (i.e., education). ‘Y’ denotes the outcome (i.e., COVID-19 hospitalization). Red lines denote causal paths
through which (in)direct interventional effects pass.
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Supplementary Table 14. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls)
for the mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education
and COVID-19 hospitalization stratified for Omicron-predominant period, along with mediation path diagrams and interventional
effects definition, using a random positive test per person to address outcome-dependent sampling bias.

Interventional Estimate Bootstrap SE 95% ClI Mediation path diagram Interventional
effects effects
definition
Total effect (TE) 0.00547 0.00028 0.00491 - TE
5 B _
0.00603 vy 1 =Py
M2
8, B2 3
5 3 + ) 6,5
A Ba Y s=1
Direct effect 0.00509 0.00029 0.00450 - M DE =B,
(DE) 0.00529 81 A b = TE
62 /-\ ﬁZ 3
o Bs - Z 65 .Bs
A Ba Y s=1
Joint indirect 0.00038 0.00003 0.00032 - AMk 3
effect (JIE) 0.00045 8 h JIE = Z 85 Bs
8, B s=1
83 B3 =TE — Ba
A Ba Y




Supplementary Table 14. Continued

Interventional Estimate Bootstrap SE 95% CI Mediation path diagram Interventional
effects effects
definition
Indirect effect 0.00008 0.00001 0.00006 -
via M1 0.00010 b A
. . 62 BZ
vaccination IEy; =96
EIE ) ) 5. . m1 =01 b1
M1 A B -
Indirect effect 0.00027 0.00002 0.00022 - MI
. 8 AN )
via M2 0.00032
. 8 B2
underlyin 2 IEy, =6
( ying 5, 8, M2 2 B2
health
- A Ba Y
conditions)
(IEuz)
Indirect effect 0.00004 0.00002 0.00000 - /'lM_W\
via M3 (working 0.00007 & b
in healthcare) 5, Bz IEy; = 65 05
_—-\-MS,
(IEu3) 83 Bs
A Ba Y

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediators is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples. ‘A’ denotes the exposure (i.e., education). ‘Y’ denotes the outcome (i.e., COVID-19 hospitalization). Red lines denote causal paths
through which (in)direct interventional effects pass.
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Supplementary Table 15. Interventional (in)direct effect estimates, bootstrap standard errors (SEs), and 95% confidence intervals (Cls)
for the mediating effect of vaccination, underlying health conditions, and working in healthcare on the association between education
and COVID-19 hospitalization accounting for exposure-mediator, mediator-mediator, and exposure-mediator-mediator interactions
stratified by VOC-predominant period, using a random positive test per person to address outcome-dependent sampling bias.

Interventional effect Estimate  Bootstrap 95% ClI Estimate Bootstrap 95%ClI

SE SE
Total effect (TE) 0.00695 0.00063 0.00572 - 0.00812 0.00547 0.00027  0.00493 - 0.00599
Direct effect (DE) 0.00541 0.00056 0.00439 - 0.00645 0.00454 0.00024  0.00404 - 0.00503
Indirect effect via M1 (vaccination) 0.00108 0.00013 0.00086 - 0.00133 0.00011 0.00003  0.00005 - 0.00077
(IEy1)
Indirect effect via M2 (underlying 0.00107 0.00014 0.00081 - 0.00135 0.00067 0.00005  0.00056 - 0.00077
health conditions) (IEy,)
Indirect effect via M3 (working in 0.00002 0.00014 -0.00028 - 0.00027  0.00009 0.00007  -0.00005 - 0.00022
healthcare) (IEy3)
Indirect effect via mutual -0.00086 0.00018 -0.00123 --0.00053 -0.00004  0.00005 -0.00015 - 0.00007
dependence

Interventional (in)direct effect models are adjusted for age, gender, province, and migration background. The numbering of the mediator is arbitrary
and does not imply an order of causality between the multiple mediators. Standard error and 95% Cl were constructed using 500 non-parametric
bootstrap samples.
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Supplementary Table 16. Minimum (Min.) and maximum (Max.) values of the interventional (in)direct effect estimates and lower and
upper bounds of the 95% confidence interval (Cls) across all 3!=6 possible permutations of mediator indices stratified by VOC-
predominant period, using a random positive test per person to address outcome-dependent sampling bias.

Interventional indirect effect Min. Max. Min. Max. Min. Max. Min. Max.
(lower) (upper) (lower)  (upper)
Vaccination 0.00087 0.00108 0.00067 0.00134 0.00009 0.00011 0.00004 0.00017
Underlying health conditions 0.00094 0.00127 0.00065 0.00162 0.00059 0.00069 0.00048 0.00079
Working in healthcare 0.00001 0.00023 -0.00027  0.00050 0.00009 0.00019 -0.00006 0.00034
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Chapter 3. Social health inequalities in COVID-19

mortality
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Lisa Cavillot, Laura Van den Borre, Katrien Vanthomme, Aline Scohy, Patrick

Deboosere, Brecht Devleesschauwer, Niko Speybroeck & Sylvie Gadeyne.
Unravelling demographic and socioeconomic patterns of COVID-19 death and
all other causes of death: results of an individual-level analysis of exhaustive

cause of death data in Belgium, 2020. Arch Public Health 82, 209 (2024).
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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

COVID-19 specific death and all other causes of death (OCOD), respectively.

Methods : two complementary statistical methods were used. First, multivariable
logistic regression models providing odds ratios and 95% confidence intervals were
fitted for the two 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 two 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; living in care homes was identified by the CIT as the strongest predictor followed
by age and sex. Overall, similar patterns were observed for all OCOD except for first-
and second-generation migrants having lower odds of all OCOD; age group was

identified by the CIT as the strongest predictor.

211



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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1. 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 [284]. 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 1%t 2020 to
December 31 2021 [285]. In Belgium, 126,850 deaths were recorded in 2020 of
which 19,801 were due to COVID-19 [25,286]. In the same year, 18,765 excess

deaths were recorded leading to an excess mortality of 17.5% [33].

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 inequalities deeply
rooted in our society [101,105]. Indeed, beyond age and sex, which are well-
established risk factors for COVID-19 mortality [287,288], 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 mortality during the pandemic [289—-294]. In
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Belgium, research based on excess mortality identified similar social patterns

during the first COVID-19 wave [120,211,212,295].

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 inequalities in COVID-19 mortality using nationwide
microlevel cause-specific mortality data for the entire Belgian adult population. This
population-based study will use individual cause-specific mortality data for 2020 in
Belgium to predict the SD and SE patterns of COVID-19 specific deaths and all other

causes of death (OCOD), respectively.

2. Materials and Methods

2.1. Data sources and study population

Pseudonymized individual level data for the entire Belgian population (over 11
million individuals) were provided 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 providing
yearly stock files including demographic indicators and mortality data for all
individuals officially residing in Belgium as of 1°' January of each year; 2) the

administrative census 2011 providing data on education and housing; 3) the tax
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register providing data on yearly net taxable personal income; and 4) death

certificates providing data on causes of death.

As cause-specific mortality data on COVID-19 were available from January 1 2020
to December 31t 2020 only, we limited our analysis to 2020, using the yearly stock
file of 2020 and the individual cause-specific mortality 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

Supplementary Figure 2.

3. Variables

3.1. Mortality outcomes

Two mortality outcomes, occurring over the period from January 1 2020 to
December 31% 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
International Standard Classification of Disease and Related Health Problems 10"
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 two codes

215



as underlying cause of death. OCOD were identified by any ICD-10 codes not falling

within the aforementioned COVID-19 specific ICD-10 categories.

Figure 24 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 11™" March 2020.
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Figure 24. Daily number of COVID-19 deaths and all other causes of death by age groups in 2020 in

Belgium.

3.2 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 [120,211,212,296-299].
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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’. Individuals 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, partially
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 children still living with

their parents, other co-residents, individuals living in atypical households).

As SE predictors, we included education and income levels. Education level was
classified into five categories based on the International Standard Classification of
Education (ISCED): ‘Primary or less’ (ISCED 0 to ISCED 1), ‘Lower secondary’ (ISCED
2), ‘Upper secondary’ (ISCED 3 to ISCED 4), ‘Higher education’ (ISCED 5 to ISCED 8),
and ‘Missing’. 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’.
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4. Statistical analyses

First, the descriptive analysis shows the distribution (frequencies and percentages)
of all SD and SE characteristics in the total study population among individuals who
died from COVID-19, from all OCOD, or survived as of 31% December 2020.
Supplementary Table 17 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) algorithms on the

other hand.

4.1. Multivariable logistic regression models

In a first step, adjusted odds ratios (aORs) and Wald 95% confidence intervals (Cls)
were estimated by fitting multivariable logistic regression models. A first logistic
regression model was fitted considering COVID-19 specific deaths as cases and
survivors and individuals who died from all OCOD as controls. A second regression
model was fitted considering all OCOD as cases and survivors and individuals who
died from COVID-19 as controls. The multivariable logistic regression models were

adjusted for all SD and SE covariates included in our study.
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4.2. Conditional inference tree algorithm

In a second step, CIT algorithms were computed, complementing logistic regression
models. CIT algorithm, a non-parametric class of classification tree, is a valuable
machine learning method to assess the predictive association between a
dependent variable and a set of predictors. This method relies on the concept of
statistical significance, employing p-values. Specifically, we used conditional
recursive partitioning tree algorithms, a subtype of CIT. This method uses binary
recursive partitioning within a conditional inference framework to model a
regression relationship. The p-values used in the algorithm construction are
obtained from conditional permutation tests [190,191,193]. The algorithm works

as follows [190,191,194]:

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 (pXjY) between the response variable (Y) and any
random variable from the set of predictors (X;). The null hypothesis (Hy:
Pxjy = 0) between Y and X; is assessed using a statistical test (i.e.
conditional permutation test). If H, is rejected (Hj: Px;y 7 0), the

predictors X; with the strongest association (i.e. the lowest p-value) to Y'is

selected and constitutes the root node.
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2) For each subset created, the algorithm recursively applies the conditional
permutation tests for all predictors X; and selects the one that maximizes
the pre-specified significance level a 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 H, can no longer
be rejected at a pre-specified level a, 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 examination 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 [300]. 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 [193]. The multicollinearity issues are managed by the
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algorithm by selecting the most important of the two colinear variables and dealing
with the non-selected variables by calculating importance scores, indicating their
role as a substitute for primary divisions [188]. While some classification trees are
prone to overfitting (e.g., Classification and Regression Tree) [188,191], the CIT
algorithm mitigates the overfitting issue by employing a statistical testing approach
at each node. Instead of growing the tree without constraints, the CIT algorithm
used the significance of a test (i.e., permutation tests) to determine 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
[190,191]. Finally, the classification tree provides a clear and easy hierarchical
understanding of the relationship between the predictors and the outcome that

can help policymakers target their interventions [193].

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 and individuals who
died from all OCOD as controls. The second CIT considered all OCOD as cases and

survivors and individuals who died from COVID-19 as controls.
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By applying these two complementary statistical methods to each outcome, this
methodological approach allows to unravel the SD and SE patterns associated with
COVID-19 death and all OCOD, respectively. 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.

4.3, Sensitivity analyses

To test the robustness of our results, we estimated adjusted subdistribution hazard
ratios (aSHRs) and 95% Cls using Fine and Gray competing risk models to identify
the SD and SE predictors of COVID-19 death and all OCOD. Two competing risk
models were performed. The first model considered COVID-19 death as the event
of interest and all OCOD as the competing event. The second model considered all
OCOD as the event of interest and COVID-19 death as the competing event. Due to
the use of large datasets leading to computation constraints, the competing risk
models could only be performed on a 50% random subset representative of the
total study population. The cumulative incidence curves by levels of all SD and SE
variables, along with the Gray’s test p-values, have also been computed on the full

total study population.

In our analyses, we set a significance level a of 0.05 and imposed a maximum tree
depth of four levels. A four-level tree allowed to maintain accuracy in the

information provided by the CIT while avoiding an excessive number of terminal
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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
algorithm. CIT performances were measured by the means of sensitivity [95%Cl]
and specificity [95%Cl]. All analyses were performed in R version 4.2.0. [221]. The

package “Partykit” was used for computing the CIT algorithms [301].

5. Results

5.1. Description of the study population

Our study population was composed of 8,254,632 individuals aged 25 years and
over officially residing in Belgium as of 1°* January 2020 (see Supplementary Figure

2).

Table 19 characterizes the study population in detail. As of January 1% 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 population. Individuals who
survived as of December 31t 2020 accounted for 98.48% (N=8,129,100) of the total

study population.
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Supplementary Table 17 characterizes the study population 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%).
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Table 19. Characterization of the study population, January 1% 2020 — December 31t 2020, Belgium

All
n=8 254 632

(100%)

COVID-19 All other causes
specific death of death

n=21 941 n=103 591

Survivors
n=8 129 100
(98.48%)

Age groups, n(%)
25-64
65-84
85+

6 050 325 (73.30)
1869 239 (22.64)
335069 (4.06)

(0.27%) (1.25%)

1421 (6.48)
9483 (43.22)
11 037 (50.30)

15 204 (14.68)
45 823 (44.23)
42 564 (41.09)

6 033 699 (74.22)
1813933 (22.31)
281 468 (3.46)

Sex, n (%)
Females
Males

4247 959 (51.46)
4 006 673 (48.54)

11253 (51.29)
10 688 (48.71)

52889 (51.06)
50702 (48.94)

4183817 (51.47)
3945283 (48.53)

Living situation, n (%)
With partner
Without partner
Care homes
Other collectivities (no care home)
Other

5226 987 (63.32)
2 166 454 (26.25)
96 464 (1.17)
35 857 (0.43)
728 870 (8.83)

6713 (30.6)

6307 (28.75)

7283 (33.19)
655 (2.99)

983 (4.48)

39082 (37.73)

37106 (35.82)

19 825 (19.14)
2021 (1.95)
5557 (5.36)

5181192 (63.74)
2123041 (26.12)
69 356 (0.85)
33181 (0.41)
722330 (8.89)

Migration background, n (%)
Belgian natives
Second-generation migrants
First-generation migrants

5 668 832 (68.67)
923599 (11.19)
1662 201 (20.14)

17 175 (78.28)
1630 (7.43)
3136 (14.29)

83 628 (80.73)
8034 (7.76)
11929 (11.52)

5568 029 (68.50)
913 935 (11.24)
1647 136 (20.26)
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Table 19. Continued

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%)

Income, n (%)
Low
Middle
High
Missing

2733 998 (33.12)

2319 805 (28.10)

2632537 (31.89)
568 292 (6.88)

9992 (45.54)

8814 (40.17)

2534 (11.55)
601 (2.74)

46 624 (45.01)

40005 (38.62)

13864 (13.38)
3098 (2.99)

2677382 (32.94)

2270986 (27.94)

2616 139 (32.18)
564593 (6.95)

Education, n (%)
Primary or less
Lower secondary
Upper secondary
Higher education
Missing

934 378 (11.32)
1731 746 (20.98)
2470213 (29.93)
1981 898 (24.01)
1136 397 (13.77)

8581 (39.11)
5279 (24.06)
3188 (14.53)
2117 (9.65)
2776 (12.65)

34985 (33.77)
26 069 (25.17)
18309 (17.67)
12437 (12.01)
11791 (11.38)

890812 (10.96)
1700 398 (20.92)
2448716 (30.12)

1967 344 (24.2)

121830 (13.8)
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5.2. Predictors of COVID-19 specific death and other causes of death vs.

survival, respectively

5.2.1. Multivariable logistic regression model results
Table 20 shows the fully aORs and 95% Cls estimated 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 survival, respectively.

A higher odds of dying from COVID-19 was found among the middle-aged (aOR
18.93 [17.86 —20.06]) and the elderly (aOR 65.47 [61.55 — 69.64]), compared to the
youngest age group. Men had a two times higher mortality from COVID-19 (aOR
2.06 [2.00 — 2.12]) than women. Individuals living with a partner have lower odds
of dying 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 (aOR 10.22 [9.82 — 10.65]). Compared to Belgian natives, first-generation
migrants had higher odds of dying from COVID-19 (aOR 1.23 [1.18 — 1.29]). A higher
odds of dying from COVID-19 was identified among individuals with low (aOR 1.32
[1.25-1.38]) and middle (aOR 1.18 [1.13 — 1.24]) income, compared to individuals
with high income. Compared to individuals with higher education, individuals with
primary or less education (aOR 1.72 [1.63 — 1.81]), lower secondary education (aOR

1.40 [1.33 — 1.48]), and upper secondary education (aOR 1.18 [1.11 — 1.25]) had
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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 (aOR 8.45 [8.29
— 8.62] and aOR 31.71 [31.01 — 32.42] compared to individuals aged 25 to 64,
respectively), as well as for individuals living in care homes (aOR 5.75 [5.63 —5.87])
compared to individuals living with a partner (Table 20). Another difference
between all OCOD and COVID-19 death was observed for the migration background
variable. Compared to Belgian natives, second-generation migrants (aOR 0.79 [0.77
— 0.81]) and first-generation migrants (aOR 0.92 [0.90 — 0.94]) had lower odds of

dying from OCOD.
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Table 20. Fully adjusted odds ratios (aORs) and their 95% confidence intervals (Cls) for the sociodemographic and socioeconomic
characteristics associated with COVID-19 death and all other causes of death compared to survival, respectively.

COVID-19 death* All other causes of death*

aOR [95%Cl] P-value aOR [95%ClI] P-value

Age group (in years)

25-64 1 1 1 1

65-84 18.93 [17.86 — 20.06] <0.001 8.45[8.29 — 8.62] <0.001

85+ 65.47 [61.55 — 69.64] <0.001 31.71[31.01-32.42] <0.001
Sex

Females 1 1 1 1

Males 2.06 [2.00-2.12] <0.001 1.80[1.77 - 1.82] <0.001
Living situation

With partner 1 1 1 1

Without partner 1.56 [1.50-1.62] <0.001 1.62 [1.59-1.64] <0.001

Care homes 10.22 [9.82 —10.65] <0.001 5.75 [5.63 -5.87] <0.001

Other collectivities (no care home) 6.54 [6.01-7.11] <0.001 3.72 [3.54-3.90] <0.001

Other 1.64 [1.53-1.76] <0.001 1.47 [1.42-1.51] <0.001
Migration background

Belgian natives 1 1 1 1

Second-generation migrants 1.02 [0.97 - 1.08] 0.410 0.79 [0.77 - 0.81] <0.001

First-generation migrants 1.23[1.18-1.29] <0.001 0.92 [0.90-0.94] <0.001
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Table 20. Continued

COVID-19 death* All other causes of death*

aOR [95%ClI] P-value aO0R [95%ClI] P-value

Income

High 1 1 1 1

Low 1.32[1.25-1.38] <0.001 1.52 [1.49-1.56] <0.001

Middle 1.18[1.13-1.24] <0.001 1.29 [1.27-1.32] <0.001

Missing 1.27 [1.15-1.40] <0.001 1.42 [1.36-1.48] <0.001
Education

Higher education 1 1 1 1

Primary or less 1.72 [1.63-1.81] <0.001 1.47 [1.43 -1.50] <0.001

Lower secondary 1.40[1.33-1.48] <0.001 1.25 [1.22-1.28] <0.001

Upper secondary 1.18[1.11-1.25] <0.001 1.10 [1.07-1.12] <0.001

Missing 1.49 [1.40-1.59] <0.001 1.27 [1.23 -1.31] <0.001

* All ORs were fully adjusted for all SD and SE variables.
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5.2.2. Conditional recursive partitioning tree algorithm results
Figure 25 presents the CIT algorithm considering COVID-19 specific deaths as cases
and survivors and individuals who died from all OCOD 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 ‘Migration background’ 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 care homes vs. those not living in care homes). The tree
continued to grow while 15 terminal nodes were determined. The proportion of
COVID-19 deaths relative to the sample size of each terminal node is indicated in
each of them. COVID-19 mortality was predicted when the proportion of COVID-19
deaths in a terminal node exceeded its prevalence in the study population (i.e.,

0.27%).

The left branch of the tree, composed of individuals not living in care homes, 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 25 to 64 and those aged 65 to 84 while the
subgroup composed of individuals aged 85 and over was thirdly partitioned based

on ‘Living situation’ between individuals living in collectivities (no care homes) and

231



those not living in collective settings. ‘Living situation’ finally partitioned the
subgroups of individuals aged 25 to 64 and 65 to 84 years in four terminal nodes,
with the terminal nodes including individuals living in collectivities (no care home)
predicting the highest proportion of COVID-19 death (0.81%). ‘Sex’ finally
partitioned the subgroups of individuals aged 85 and over living in either
collectivities (no care homes) or not in collectivities in four terminal nodes. Those
four terminal nodes predicted COVID-19 death with the highest proportion of
COVID-19 deaths among males living in collectivities (no care home) (8.77% of

COVID-19 deaths).

The right branch of the tree, composed of individuals living in care home, was
secondly partitioned between males and females. The subgroup composed of
females was thirdly 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 finally partitioned between those aged 25 to 64 and those aged 65 to 84,
with the highest proportion of COVID-19 death among the latter subgroup (5.53%
of COVID-19 deaths). The subgroup composed of individuals aged 85 and over was
finally partitioned in two terminal nodes based on ‘Migration background’ with the
terminal node including first-generation migrants predicting the highest proportion
of COVID-19 deaths (9.52% of COVID-19 deaths). The subgroup composed of males

was thirdly partitioned between individuals aged 25 to 64, directly leading to a
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terminal node predicting COVID-19 death (2.57% of COVID-19 deaths), and
individuals aged 65 and over. This latter subgroup was finally partitioned in two
terminal nodes between individuals aged 65 to 84 and those aged 85 and over, with
the terminal node including individuals aged 85 and over predicting the highest

proportion of COVID-19 death (12.73% of COVID-19 deaths).

The sensitivity [95%)] and specificity [95%] of the CIT were 0.945 [0.941 - 0.954] and

0.738 [0.732 - 0.751], respectively.
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Figure 25. Conditional recursive partitioning tree algorithm considering COVID-19 specific death as cases. 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="Females’, 2="Males’. The variable ‘Migration
background’ was categorized as follows: 1="Belgian natives’, 2="Second-generation migrants’, 3="First-generation migrants’. The percentages in the
terminal nodes indicate the percentage of COVID-19 deaths relative to the sample size of each terminal node, denoted ‘n’. A terminal node predicted
COVID19 death when the proportion of COVID-19 deaths in the terminal node exceeded its prevalence in the study population (i.e., 0.27%).
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Figure 26 presents the CIT algorithm considering all OCOD as cases and survivors
and individuals who died from COVID-19 as controls, to identify and rank in order

of importance the SD and SE predictors 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 continued to grow resulting in 16
terminal nodes. The proportion of all OCOD relative to the sample size of each
terminal node is indicated in each of them. All other causes mortality was predicted
when the proportion of all OCOD in a terminal node exceeded its prevalence in the

study population (i.e., 1.25%).

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 (0.47% of all OCOD), compared to those with highest levels of
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education (0.17% of all OCOD). Among individuals aged 65 to 84, the final split was
performed by the variable ‘Sex’ with the terminal nodes composed of males and
females predicting all OCOD (2.47% and 1.38% of all OCOD, respectively). The
subgroup of individuals living without a partner or in collectivities was further
partitioned 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 (15.29% of

all OCOD).

The right branch of the tree, composed of individuals 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 (13.23% of all OCOD), followed by females living in other types
of household as well (13.48% of all OCOD). The subgroup composed of individuals
living in collectivities was further partitioned based on ‘Sex’ and ‘Living situation’
into four terminal nodes, all predicting all OCOD, with the highest proportion of all

OCOD among males living in care homes (29.05% of all OCOD).
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The sensitivity [95%Cl] and specificity [95%Cl] were 0.712 [0.705 - 0.714] and 0.823

[0.815 - 0.825], respectively.
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Figure 26. Conditional recursive partitioning tree algorithm considering all other causes of death (OCOD) as cases. 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’. A terminal node
predicted all OCOD when the proportion of all OCOD in the terminal node exceeded its prevalence in the study population (i.e., 1.25%).
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5.3. Sensitivity analyses

Supplementary Table 18 shows the aSHRs and 95% Cls from Fine and Gray
competing risk models identifying SD and SE predictors of COVID-19 death,
accounting for all OCOD as competing events, and vice versa. These models were
performed on a 50% random subset representative of the total study population.
The results show similar trends to those observed in the logistic regression models
(Table 20), reinforcing the robustness of our main results. Supplementary Figures
3 to 8 provide the cumulative incidences of COVID-19 death accounting for all

OCOD as competing events, and vice versa, stratified by SD and SE variables.

6. Discussion

Thanks to the implementation of two complementary statistical methods, i.e.,
multivariable logistic regression models and CIT algorithms, the identification and
ranking of SD and SE predictors of COVID-19 death and 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
10-fold higher and 7-fold higher for individuals living in care homes and those living

in other type of collectivities, respectively). These results were confirmed by the CIT
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algorithm, highlighting that living in care homes was the strongest predictor of
COVID-19 death across all age groups. This aligns with several studies reporting
important excess mortality during the COVID-19 pandemic in collectivities, whether
in care homes or other settings (e.g. prisons) [120,297,302,303]. This higher rate of
COVID-19 deaths can be attributed on one hand to a higher comorbidity burden
among residents of certain collectivities, such as prisons [304] and especially care
homes, given the frailty profile of the residents [303,305,306]. 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 [303,307,308] especially during the first year of the pandemic
characterized by shortage masks, hydroalcoholic gels, and the unavailability of the

vaccine at that time [44,309].

Following the living situation, the CIT algorithm reveals that age and gender are the
most important predictors of COVID-19 mortality. Age and gender are well known
risk factors for COVID-19 death [287,288,310] and for mortality in general [311].
Ageing increases the risk of mortality following COVID-19 via many biological and
behavioral factors such as: the overexpression 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 replication of the virus in the lungs and thus a more

severe infection) [298]; the presence of aging-associated comorbidities (e.g.,
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diabetes, cardiovascular diseases) which are determinants in the progression
towards a severe form of COVID-19 [312]; a change in lifestyle habits (malnutrition,
decreased physical activity) also contributing to a more severe progression of the
disease [298,312]. 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) [296], genetic factors (e.g., high density of immune-related genes
are located on the X chromosome giving women stronger immune response) [296],
and behavioral factors (e.g., high-risk behaviors among men such as decreased

perception of risks, higher rate of tobacco and alcohol use) [313].

Our multivariable 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, and a 72% higher COVID-19 mortality rate among those
with the lowest level of education compared to the highest. Numerous studies
documented social disparities in COVID-19 mortality or excess mortality during the
pandemic [120,211,212,314-319]. 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 secondary
education increased by 10%, deaths per month decreased by 0.426 in the Northern
region and by 0.081 in the Southern region [315]. In Canada, van Ingen et al. found

an adjusted relative COVID-19 mortality risk two times higher in the neighborhood
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with a high proportion of individuals with less than high school education [320]. 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
lowest level of education not living in collectivities aged 25 to 64 and 65 to 84 years,

respectively [120].

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) [321]. In
Belgium, during the first COVID-19 wave, similar patterns were observed by
Decoster et al. who found a significant negative income gradient in excess mortality
among people aged over 65 years, for both men and women [211]. In the
Netherlands, Wouterse et al. found that, across all-age groups, COVID-19 mortality
was more concentrated among low-income groups, compared to all other causes

of mortality [322].

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 [323]. Indeed, SE disadvantaged 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

[105]. SE disadvantaged groups are more vulnerable in terms of health conditions,
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as they are experiencing a higher burden of comorbidities [103], which has been
shown to increase COVID-19 mortality [104]. They are more susceptible to be
infected and developed severe related COVID-19 outcomes due to poor living
conditions, isolation, and chronic stress weakening the immune system, even
without preexisting underlying health conditions [105,324]. 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 [325,326]. Individuals with lower
levels of education are more likely to hold essential jobs or work in lower-skilled
occupations, limiting their ability 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 [105,109,327]. 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 [106,107]. Finally, SE disadvantaged groups experienced an increased
transmission by living in overcrowded households and neighborhood with higher

population density with restricted access to outside spaces [105,108,109].

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
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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) [328—330], leading to lower mortality in the destination country, at least
in the early stages of immigration [328]. Conversely, we identified in the
multivariable logistic regression model results a 23% higher COVID-19 mortality
among first-generation migrants, even when controlling for SE characteristics. This
is in line with numerous studies reporting a higher risk of COVID-19 death among

ethnic minorities [98,212,289,292,331,332].

The observation of a “migrant mortality advantage” in our results for all OCOD, but
the observation of the opposite trends for COVID-19 mortality, is consistent with
previous findings in Belgium [333]. This pattern may 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 [334,335]. Indeed, two studies
reported that living in area with high density population, favoring virus exposure
and infection, was the main factor explaining up to 60% of the disparities in COVID-
19 mortality among ethnic minorities [292,331]. Migrant’s working conditions may
also contribute to these disparities, as they are disproportionately represented in
essential and public-facing jobs, which increases their exposure to the virus [336].

In addition, once infected, difficulties in accessing health care services among
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migrants may have arisen due to language and cultural barriers as well as a lack of

support system or digital literacy [337-339].

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. Adjusting for some
mediating factors of the socioeconomic disparities 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 pathways of cause-specific mortality during the COVID-19
pandemic. Second, the dataset used in this study contains individuals officially
residing in Belgium. We therefore 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 certain SD and SE
groups. Third, the exact country of origin was not available in the dataset used. Yet,
evidence from Belgian census and registry data has shown that country of origin
influences the risk of mortality from both chronic and infectious diseases. For
example, migrants from sub-Saharan Africa faced up to a 19-fold higher risk of
death from infectious diseases compared to Belgian natives, whereas this risk was

not significant for migrants from Morocco. Conversely, migrants from Morocco
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presented a lower risk of death from chronic conditions, whereas this risk was not
significant for migrants from sub-Saharan Africa [333]. The lack of detailed country-
of-origin data in our study therefore limited the precision of our findings and
related tailored policy recommendations. However, it should be noted that another
Belgian study conducted by Vanthomme et al. [295] analyzed excess mortality
among migrants during the first wave using more granular country-of-origin data.
Fourth, 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 potentially 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. Fifth, the lack of testing at
the start of the pandemic, and the fact that healthcare professionals 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 underestimation
of COVID-19 deaths. Conversely, an overestimation 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 arrangements. However, the direction and magnitude

of this bias on the results remain uncertain.
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Our study has several strengths. First, using an exhaustive 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 comorbidities [340].
Third, the use of two complementary methods 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

algorithms 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-specific mortality is beyond the scope of this article. Given
the SD and SE disparities identified in the COVID-19 vaccine uptake in Belgium
[244], future research should focus on the effect of the vaccination campaign on SD

and SE disparities in COVID-19 specific mortality during the pandemic.
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7. Conclusion

In conclusion, we identified important sociodemographic and socioeconomic
disparities in COVID-19 mortality, with living in care homes being the key predictor.
Our results are useful for future pandemic preparedness and suggest that
policymakers should implement political measures and communication strategies
promoting preventive behaviors adapted and targeted to the most vulnerable

populations more exposed to the virus.
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Supplementary Figure 2. Flowchart demonstrating the study population selection process
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Supplementary Table 17. Characterization of the study population with missing socioeconomic information, January 1% 2020 —

December 31 2020, Belgium

Age groups, n(%)

All individuals with
missing income and

education levels

n= 338 599
(100%)

COVID-19 specific

death
n=299
(0.09%)

All other causes

of death
n=1363
(0.40%)

Survivors
n= 336 937
(99.51%)

25-64 316 863 (93.58) 122 (40.80) 651 (47.76) 316 090 (93.81)
65-84 19 645 (5.80) 120 (40.13) 490 (35.95) 19 035 (5.65)
85+ 2091 (0.62) 57 (19.06) 222 (16.29) 1812 (0.54)
Sex, n (%)
Females 166 984 (49.32) 140 (46.82) 616 (45.19) 166 228 (49.34)
Males 171 615 (50.68) 159 (53.18) 747 (54.81) 170 709 (50.66)
Living situation, n (%)
With partner 152 526 (45.05) 51 (17.06) 270 (19.81) 152 205 (45.17)
Without partner 108 124 (31.93) 78 (16.09) 423 (31.03) 107 623 (31.94)
Care homes 1165 (0.34) 55 (18.39) 130 (9.54) 980 (0.29)
Other collectivities (no care home) 7 032 (2.08) 32 (10.70) 84 (6.16) 6916 (2.05)
Other 69 752 (20.60) 83 (27.76) 456 (33.46) 69 213 (20.54)
Migration background, n (%)
Belgian natives 24 831 (7.33) 92 (30.77) 427 (31.33) 24312 (7.22)
Second-generation migrants 10 358 (3.06) 22 (7.36) 95 (6.97) 10 241 (3.04)
First-generation migrants 303 410 (89.61) 185 (61.87) 841 (61.70) 302 384 (89.74)
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Supplementary Table 18. Adjusted subdistribution hazard ratios (aSHRs) and their 95% confidence intervals (Cls) from Fine and Gray
competing risk models for demographic and socioeconomic predictors of (1) COVID-19 death accounting for all other causes of death
as competing events; and (2) all other causes of death accounting for COVID-19 death as competing events, computed on a 50%

representative random sample of the total study population.

aSHR [95%Cl] P-value aSHR [95%Cl] P-value

Age group (in years)

25-64 1 1 1 1

65-84 18.26 [16.83 — 19.81] <0.001 8.35[8.05 - 8.66] <0.001

85+ 63.06 [57.57 — 69.09] <0.001 29.78 [28.53 - 31.07] <0.001
Sex

Females 1 1 1 1

Males 1.99 [1.92 - 2.08] <0.001 1.76 [1.72 - 1.81] <0.001
Living situation

With partner 1 1 1 1

Without partner 1.56 [1.49 — 1.65] <0.001 1.61 [1.56- 1.65] <0.001

Care homes 9.58 [9.00—10.21] <0.001 5.04 [4.84 —-5.23] <0.001

Other collectivities (no care home) 6.67 [5.95 — 7.48] <0.001 3.57 [3.28 -3.88] <0.001

Other 1.55[1.41-1.72] <0.001 1.46 [1.38 —1.54] <0.001
Migration background

Belgian natives 1 1 1 1

Second-generation migrants 0.98[0.92 -1.06] 0.078 0.92 [0.89-0.97] 0.001

First-generation migrants 1.25[1.18 -1.33] <0.001 0.82[0.78 —0.85] <0.001
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Supplementary Table 18. Continued

COVID-19 specific death* All other causes of death**

aSHR [95%Cl] P-value aSHR [95%Cl] P-value

Income

High 1 1 1 1

Low 1.30[1.22-1.39] <0.001 1.47 [1.42-1.53] <0.001

Middle 1.19[1.12-1.28] <0.001 1.28 [1.23-1.33] <0.001

Missing 1.25[1.10 - 1.44] 0.011 1.45 [1.34-1.56] <0.001
Education

Higher education 1 1 1 1

Primary or less 1.63 [1.52-1.76] <0.001 1.46 [1.39-1.52] <0.001

Lower secondary 1.36[1.27 - 1.48] <0.001 1.25 [1.19-1.30] <0.001

Upper secondary 1.17 [1.08 - 1.27] <0.001 1.10 [1.05-1.15] <0.001

Missing 1.42 [1.30-1.55] <0.001 1.25[1.18-1.32] <0.001

* Individuals who died from COVID-19 were considered as cases (N=10 973) and survival (N=4 064 475) was considered as the competing event.
Individuals who died from all OCOD (N=51 868) were excluded. All SHRs were fully adjusted for all SD and SE variables.

** Individuals who died from all OCOD were considered as cases (N=51 868) and all OCOD (N=10 973) were considered as the competing event.
Individuals who survived (N=10 973) were excluded. All SHRs were fully adjusted for all SD and SE variables.
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SECTION Il
What are the long-term direct health impacts of

severe COVID-19 and related social patterns?
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Chapter 4. Long-term organ complications following

severe COVID-19 and related social health inequalities

Adapted from

Lisa Cavillot, Laura Van den Borre, Jinane Ghattas, Elin Boiy, Pierre Hubin,

Delphine De Smedt, Joris van Loenhout, Robby De Pauw, Niko Speybroeck &
Brecht Devleesschauwer. Post-acute organ complications following COVID-19
hospitalization and related socioeconomic inequalities. Submitted to Nature

Communications (May 2025).
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Abstract

Post-acute organ complications following COVID-19 hospitalization and potential
socioeconomic inequalities therein are understudied. Here, we use individual-level
data from three national health and social registries to assess whether COVID-19
hospitalization increases the risk of one-year post-acute organ complications in
Belgian hospitalized adults without preexisting conditions affecting the specific
organ system under study at baseline. In addition, we identify socioeconomic
patterns in the development of these organ complications. Overlap propensity
score-weighted odds ratios and adjusted odds ratios were estimated. All analyses
were stratified between severe and critical COVID-19, with the latter defined by
intensive care unit admission and/or the onset of acute respiratory distress
syndrome. The results highlight significant cardiovascular and pulmonary damage
within one-year following COVID-19 hospitalization compared to non-COVID-19
hospitalized controls, increasing among critical COVID-19 patients. Among severe
COVID-19 patients, those with low income, compared to those with high income,
had higher odds of post-acute pulmonary complications. Long-term care should

prioritize monitoring organ complications, especially after critical illness.
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1. Background

The COVID-19 pandemic, caused by the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), has had an unprecedent impact on our healthcare
system with more than 4.8 million cases, 150,000 hospitalizations, and 34,000

deaths recorded in Belgium by 1°t January 2024 [25].

The virus mainly affects the upper respiratory tract and causes cold-like symptoms
in most individuals, with several experiencing mild to moderate illness and
developing symptoms such as fever, diarrhea, headaches, coughing, and difficulty
breathing. When SARS-CoV-2 virus replicates in the lower respiratory tract,
pulmonary alveoli are infected which can lead to a severe form of the disease
characterized by dyspnea and hypoxemia, progressively resulting in respiratory
failure among critical cases [15,341]. While the primary cause of COVID-19 is viral
replication in the lungs, inflammation triggered by the virus can also lead to other
acute organ failures [1], such as acute myocardial, renal, and liver injuries requiring

hospital care [342—-345].

Beyond acute complications, some individuals may develop post-acute health
issues several months following SARS-CoV-2 infection. The pathogenesis of post-
acute COVID-19-related health complications is not yet fully understood. Proposed
pathophysiological mechanisms include direct viral damage, inflammation,

autoimmune responses, and endothelial injury caused by critical SARS-CoV-2
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infection [76,78]. These processes can affect multiple organ systems, leading to
mid- or long-term sequelae, commonly known as ‘Post-acute sequelae of COVID-
19’ (PASC) or ‘Long COVID’. The World Health Organization (WHO) defined PASC as
“persistent or new symptoms three months after initial SARS-CoV-2 infection,

lasting at least two months and with no other underlying explanation” [68].

Symptoms such as fatigue, post-exertional malaise, cognitive impairment, chest
pain, anxiety/depression, and headache can persist up to several months following
the infection and are particularly prevalent among individuals who developed a
critical form of the disease [71,72]. Indeed, in a meta-analysis on 194 studies, the
pooled prevalence of PASC among COVID-19 hospitalized survivors at 126 days was
52.6%, compared to 34.5% among non-hospitalized COVID-19 survivors [72].
Several studies suggest that, compared to SARS-CoV-2 test-negative controls,
COVID-19 hospitalized patients faced increased risks of post-acute cardiovascular
(CV) (e.g., dysrhythmias, inflammatory heart diseases, or thrombotic disorders) and
pulmonary (e.g., decreased diffusion capacity) complications up to six months after
COVID-19 exposure, even in the absence of preexisting CV or pulmonary conditions
at baseline [346—348]. However, one-year follow-up studies focusing on COVID-19
hospitalized patients remain limited, particularly those assessing post-acute renal
and liver complications, which are significant acute health complications following

SARS-CoV-2 infection [349,350]. This study is particularly relevant in the Belgian
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context as Belgium was heavily impacted by COVID-19 [25], has an important
proportion of aging population vulnerable to long-term complications [351], and a

substantial burden of CV diseases [29].

Although COVID-19 is a respiratory disease caused by a viral infection, the social
component of the pandemic were quickly put forward by qualifying it as a
syndemic, highlighting both biological and social interactions [105]. Indeed, beyond
underlying health conditions and age, which are primary risk factors for COVID-19
critical outcomes [352], sociodemographic (SD) and socioeconomic (SE)
characteristics were identified as additional risk factors. Men, individuals from
migrant descent and those experiencing SE hardship (e.g., higher poverty level,
living in densely populated areas, lower education) presented higher COVID-19

mortality and hospitalization rates [98,353-355].

The latter might be at higher risk of critical COVID-19 outcomes due to higher
vulnerability (e.g., pre-existing health issues may increase COVID-19 severity),
susceptibility (e.g., poor living conditions and chronic stress weaken the immune
system), exposure (e.g., higher rates of individuals working in essential sectors
during the pandemic limiting remote work, lower rates of preventive measures
adoption including vaccination), transmission (e.g., higher rates of individuals living
in overcrowded households and neighborhoods), and reduced access to and quality

of healthcare [105,356]. Despite a clear social pattern identified in COVID-19
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hospitalization, there is a dearth of knowledge on SE inequalities in the

development of PASC among hospitalized COVID-19 survivors.

This study aims to address these gaps by considering the two following objectives:
1) identify whether COVID-19 hospitalization is associated with the development of
one-year post-acute CV, pulmonary, renal, and liver complications compared to
non-COVID-19 hospitalized controls, both without preexisting conditions affecting
the specific organ system under study at baseline; and 2) identify the social patterns
of one-year post-acute CV and pulmonary complications following hospitalization
among COVID-19 patients without preexisting conditions affecting the specific
organ system under study at baseline. Those post-acute organ complications were
chosen as these anatomical areas are well-known to be affected during the acute
phase of SARS-CoV-2 infection, as previously established in the international

literature [342-345].

2. Materials and Methods

2.1. Study design

This study relies on data from the HELICON project, a population data linkage set
up by Sciensano, the Belgian National Institute for Health, to study the long term
health impact of the COVID-19 crisis in Belgium [148]. The HELICON project contains
selected variables from three national health and social registries linked at the

individual level using the pseudonymized Belgian social security number.
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To build the HELICON cohort, Statistics Belgium (Statbel) provided SD and SE data
for a 10% random sample of the adult population legally residing in Belgium as of
1%t January 2020. Next, a link was made with the Clinical Hospital Survey (CHS)
database, containing patient-level data on approximately 50% of the patients
admitted with a confirmed COVID-19 diagnosis across all 103 Belgian hospitals as
of 1°t July 2020. Statbel then completed the sample by adding SD and SE data for
patients registered in the CHS database but not included in the initial 10% random
sample. Finally, data from the InterMutualistic Agency (IMA) were linked for both
the random population sample and the hospitalized patients. IMA provided two
datasets: one including information on reimbursed healthcare services and
medications dispensed in public pharmacies over a year; and one recording all
hospitalization stays per patient. As the health insurance system is compulsory in
Belgium, IMA covers more than 99% of the total Belgian population [139]. Within
the HELICON project, IMA datasets were available for the reference years 2020 and
2021. The protocol of the HELICON population data linkage has been published

elsewhere [148].

2.2 Study population and study period

Figure 27 shows the flowchart of the study population within the HELICON project.
Between 1 July 2020 (start of COVID-19 hospital case identification) and 31

December 2020, a total of 108,655 individuals were hospitalized with a confirmed
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COVID-19 diagnosis, as recorded in the CHS database. Based on IMA data,
individuals hospitalized during the same period but not recorded in the CHS
database were considered as controls (N=64,535). This time frame was selected to
enable the assessment of one-year post-acute organ complications using IMA data
for the reference year 2021. Specifically, we selected hospitalized individuals
without COVID-19 as the control group to isolate the effect of COVID-19 itself on
the development of post-acute organ complications, independent of the impact of
hospitalization. Selecting community controls from Statbel could have resulted in
attributing post-acute complications to the hospitalization itself, rather than

isolating the specific effects of COVID-19 on our outcomes of interest.

Among patients hospitalized with a confirmed COVID-19 diagnosis, we excluded
those with missing week and year of admission, those not tested for COVID-19
symptoms (e.g., systematic screening), those readmitted or transferred, those who
died in the hospital, those whose diagnosis was not confirmed by a positive PCR or
antigen test, those discharged the same day as admission, and those with missing
values for the admission in intensive care unit (ICU) and the onset of acute
respiratory distress syndrome (ARDS). This resulted in 8,024 unique hospitalized

COVID-19 survivors meeting the in- and exclusion criteria.

Next, both COVID-19 hospitalized patients and non-COVID-19 hospitalized controls

were linked to Statbel data to obtain SD and SE information for the reference year
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2020. In addition, only COVID-19 hospitalized patients and controls who were still
alive in 2021 were included to avoid misclassifying death as the absence of post-

acute organ complications in 2021 following hospitalization in 2020.

To accurately assess the onset of one-year post-acute organ complications, we
created subcohorts of both COVID-19 hospitalized patients and non-COVID-19
hospitalized controls without preexisting CV, pulmonary, renal, and liver conditions

at baseline, respectively, using IMA data for the reference year 2020.

Given the association between disease severity and the onset of post-acute organ
complications, each subcohort of COVID-19 hospitalized patients was stratified

into:

e Critical COVID-19 patients: defined as any COVID-19 hospitalized patients
admitted in ICU and/or with ARDS;
e Severe COVID-19 patients: defined as any COVID-19 hospitalized patients

not admitted in ICU and without ARDS.
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Figure 27. Flowchart of the study population building on the HELICON population data linkage to assess the development of one-year post-acute
organ complications following COVID-19 hospitalization among severe and critical COVID-19 hospitalized patients compared non-COVID-19
hospitalized controls, both without those organ conditions at baseline. Critical COVID-19 hospitalized patients were defined as any patients admitted
in intensive care unit (ICU) and/or with acute respiratory distress syndrome (ARDS). Severe COVID-19 patients were defined as any COVID-19 hospitalized
patients not admitted in ICU and without ARDS. The dotted lines represent the comparison between the subcohorts of COVID-19 patients and their
respective controls. Abbreviations: CHS = Clinical Hospital Survey; IMA = InterMutualistic Agency; Statbel = Statistic Belgium.
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2.3. Variables

2.3.1. Outcomes

The study outcomes consisted of the onset of post-acute CV, pulmonary, renal, and
liver complications, as recorded in the IMA database for 2021, among COVID-19
hospitalized patients compared to non-COVID-19 hospitalized controls. For each
organ system analyzed, hospitalized patients with preexisting conditions affecting
that specific system at baseline (as recorded in the IMA database for 2020) were

excluded, while preexisting conditions in other organ systems were retained.

The post-acute organ complications considered in this study were based on
pseudopathology groups defined by the National Institute for Health and Disability
Insurance (RIZIV-INAMI). These groups are created on the basis of Anatomical
Therapeutic Chemical (ATC) codes established by the World Health Organization
[141]. Anindividual is assigned to a pseudopathology group when the total number
of defined daily doses (estimated quantity of active ingredient for a 70 kg adult per
day of a drug prescribed for its main action) for all ATC codes in this group is greater

than or equal to 90.

A detailed description of the pseudopathologies, along with the related ATC codes
and substances used to define the four post-acute organ complications considered
in this study, is available in Supplementary Table 19. The methodology used to

build the pseudopathology groups has been described by IMA elsewhere [140].
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2.3.2. Covariates

SD covariates included age group, sex, region of residence, migration background,
and living situation. The Region of residence distinguished between Brussels Capital
Region, the Flemish Region, and the Walloon Region and was included as
confounder in the analyses because of the difference in hospitalization coverage by
regions in the CHS database, as well as the known association between SE status
and Regions in Belgium [259,261]. Migration background was based on a
combination of the first nationality and the parent’s country of origin and
distinguished between ‘Belgian natives’, ‘Second-generation migrants’, ‘First-
generation European migrants’, and ‘First-generation non-European migrants’. The
living situation gave a partial picture of the social environment and distinguished
between ‘Couples with children’, ‘Couples without children’, ‘Single parents’,
‘Single persons household’, ‘Collective households’ (e.g., nursing homes, prisons),

and ‘Other’ (e.g., adult children still living with their parents, other co-residents).

SE covariates included education and income levels. Education level was classified
into five categories based on the International Standard Classification of Education
(ISCED): ‘Primary or less’ (ISCED 0 to ISCED 1), ‘Lower secondary’ (ISCED 2), ‘Upper
secondary’ (ISCED 3 to ISCED 4), ‘Higher education’ (ISCED 5 to ISCED 8), and

‘Missing’. Income data was available as the deciles of the yearly net taxable income
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per person and grouped as: ‘Low income’ (deciles 1 to 4), ‘Middle income’ (deciles

5 to 7), ‘High income’ (deciles 8 to 10), and ‘Missing’.

Health-related covariates consisted of comorbidities at baseline, defined based on
the pseudopathology groups available in the IMA database for the reference year
2020, as described above. The following comorbidities were considered:
‘Cardiovascular comorbidities’, ‘Pulmonary comorbidities’, ‘Renal comorbidities’,
‘Liver comorbidities’, and ‘Other comorbidities’. The latter category included the
following  pseudopathologies:  mucoviscidosis, morbid obesity, organ
transplantation, immunodeficiency (HIV and no HIV), neurological disorders (e.g.,
Parkinson, multiple sclerosis, Alzheimer), psychosis, diabetes, and inflammatory

and autoimmune disorders (e.g., rheumatoid arthritis, Crohn’s diseases).

A description of the data holders and time frame for all SD, SE, and health-related

variables considered in this study is available in Supplementary Table 20.

2.3.3. Exposure

In the first objective, which aimed to determine whether COVID-19 hospitalization
led to the onset of post-acute organ complications compared to non-COVID-19
hospitalization, the exposure was defined as hospitalization with a confirmed
COVID-19 diagnosis based on a positive PCR or antigen test between 1 July 2020

and 31 December 2020 in Belgium.
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In the second objective, aiming to identify SE inequalities in the development of
post-acute organ complications among COVID-19 patients hospitalized during the
same period, education and income were considered as the SE exposures of
interest. In both objectives, COVID-19 hospitalization was stratified between severe

and critical COVID-19 hospitalization, as defined above.

Figure 28 presents a schematic overview of the outcome, exposure, covariates, and

study population according to each objective considered in this study.

ﬁOVID—'IQ and non-COVID-19
\ hospitalized patients
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Figure 28. Schematic overview of the outcome (Y), exposure (A), covariates (U), and study
population considered in each objective. Abbreviation: SD = sociodemographic ; SE = socioeconomic
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2.4, Statistical analyses

2.4.1. Objective 1: Impact of COVID-19 hospitalization on the onset of post-acute
organ complications

First, severe and critical COVID-19 hospitalized patients, along with non-COVID-19
hospitalized controls, were described with the frequency rates and percentages per

categorical variables.

Second, propensity scores (PS) with overlap weights (OW) were applied to address
imbalances in the characteristics between exposed and unexposed individuals. For

each individual, the PS model was estimated as follows:

logit P(A | Usp, Usg, Uyeaitn) = Bo + Bug,Usp + BugpUse +

ﬂUHealth UHealth (Eq' 13 )

where A is COVID-19 hospitalization, and Usp, Usg and Uyeqien denote the SD, SE,

and health-related covariates, respectively.

In our study population, the distribution of PS among COVID-19 hospitalized
patients and non-COVID-19 hospitalized controls showed evidence of extreme
values across all patient subcohorts (see Supplementary Figures 9 to 12 for patient
subcohorts without CV, pulmonary, renal, and liver diseases at baseline,

respectively).
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This is a common limitation of balancing weight methods based on PS, as extreme
values can inflate variance and bias estimates when using the standard inverse
probability of treatment weighting (IPTW) method [180,181,357]. To address this
issue, OW were applied, which are known to provide an accurate estimate of the
exposure effect and its variance even in the presence of extreme PS values
[180,181,357]. OW, denoted ow;, are defined as (1 — PS) for exposed individuals
and PS for unexposed individuals. This approach down-weights observations in the
tails of the PS distribution and assigns greater weight to those in regions of overlap,
creating a weighted pseudo-population where confounders are balanced
[180,181]. The effectiveness of OW in achieving covariate balance was evaluated
using weighted standardized mean difference (SMD) [358]. Importantly, OWs focus
the causal estimates on the overlap population, meaning the results primarily apply
to individuals who are sufficiently similar to plausibly belong to either treatment

group, rather than to the entire study population [185].

Overlap PS-weighted odds ratios (ORs) and 95% confidence intervals (Cls) were
then estimated using multivariable binary logistic regression models. The outcome

model was defined as follows:

logit P(Y; | A) = Boi + BaiA (Eq. 14)

where Y; denotes the occurrence of a specific post-acute organ complication (i=CV,
pulmonary, renal, or liver), and each observation was weighted by ow;.
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To address potential PS model misspecification, we conducted an adjusted analysis
on the weighted sample (Eq. 15), which literature suggests can enhance robustness
beyond weighting alone as long as either the outcome model or the PS model was

correctly specified [359].

logit P(Y; | A, Usp, Usg, Uneaien) = Boi + BaiA + BuigyUsp + BuigUse +

BuiyeaienUneaten  (EQ. 15)

with each observation weighted by ow;. However, this approach does not guaranty
doubly robust estimation, which requires specific methods, such as fitting a
canonical link GLM fit via maximum likelihood with weighted score equations,
followed by regression standardization [187]. Variance estimation was performed
using robust sandwich variance estimates, shown to produce valid estimates even

in the case of model misspecification [360].

Third, overlap PS-weighted excess burdens of one-year post-acute organ
complications per 1,000 individuals due to COVID-19 hospitalization were
computed by estimating the difference in incidence rate of post-acute organ
complications between COVID-19 hospitalized patients and non-COVID-19

hospitalized controls.

All analyses described above were applied separately to severe COVID-19 patients

and critical COVID-19 patients and their controls.

282



2.4.2. Objective 2: Socioeconomic patterns in the development of post-acute
organ complications among COVID-19 hospitalized patients
The second objective aimed to identify SE patterns in the development of post-

acute CV and pulmonary complications among COVID-19 hospitalized patients.

Post-acute renal and liver complications were excluded due to insufficient event
rates in certain covariate and exposure categories preventing reliable convergence

of estimates when limiting the analysis to COVID-19 patients.

Adjusted odds ratios (aORs) and 95% Cls were estimated using multivariable
binomial logistic regression models to assess the association between post-acute
CV and pulmonary complications and the SE exposures of interest (i.e., education,
income) among COVID-19 hospitalized patients, respectively. The analyses

described above were stratified between stable and critical COVID-19 patients.

2.4.3. Sensitivity analyses

As sensitivity analyses, we aimed to identify whether the impact of SE determinants
on the development of post-acute CV and pulmonary complications differed among
COVID-19 hospitalized patients compared to non-COVID-19 hospitalized controls,

respectively.

First, COVID-19 patients and controls were stratified and aORs and 95% Cls were

estimated using multivariable binary logistic regression models. Next, multivariable
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logistic regression models were applied on the full study population, including both
COVID-19 patients and controls. In these models, an interaction term between
COVID-19 hospitalization and the SD, SE, and health-related covariates was
introduced. This allowed to extract the p-value for interaction testing H, that the
effect of covariates on the outcomes is similar in both groups. These regression
models with an interaction term were applied separately to severe COVID-19

patients and controls, as well as to critical COVID-19 patients and controls.

2.5. Analytical approach and tools

All analyses were performed in R (version 4.3.2) [221]. In our analyses, we set a
significance level a of 5%. The package “tableone” was used to calculate the SMD

[358]. The package “sandwich” was used to compute robust variance estimates

[361].
3. Results
3.1. Baseline characteristics

We included 1,839, 5,024, 6,040, and 6,220 severe COVID-19 hospitalized patients
without CV, pulmonary, renal, and liver conditions at baseline, respectively.
Regarding critical COVID-19 hospitalized patients, 301, 833, 998, and 1,031 without
CV, pulmonary, renal, and liver conditions at baseline were included, respectively.

The corresponding control groups consisted of 22,310, 45,036, 50,910, and 51,965
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non-COVID-19 hospitalized controls without CV, pulmonary, renal, and liver

diseases at baseline, respectively.

The SD, SE, and health-related characteristics of severe and critical COVID-19
hospitalized patients and controls before weighting, along with the SMD assessing
the effectiveness of OWSs in achieving covariate balance, are provided in
Supplementary Tables 21 to 24. The weighted SMDs showed small differences (i.e.,
<0.001) in baseline characteristics after weighting for both severe and critical

COVID-19 patients and their respective controls (Supplementary Tables 21 to 24).

3.2. Obijective 1 : Impact of COVID-19 hospitalization on the onset of post-acute

organ complications

Table 21 shows overlap PS-weighted ORs and doubly robust overlap PS-weighted
ORs, along with their 95% Cls, estimated using binomial logistic regression models,
assessing the development of one-year post-acute organ complications among
severe COVID-19 hospitalized patients compared to non-COVID-19 hospitalized

controls.

One-year post-acute organ complications were more common in severe COVID-19
patients than in controls, with 14.8%, 6.5%, 0.7%, and 0.21% of patients developing
post-acute CV, pulmonary, renal and liver complications within one year following
COVID-19 hospitalization, respectively, compared to 8.7%, 3%, 0.6%, and 0.20% of

controls over the same duration.
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Compared to non-COVID-19 hospitalized controls, severe COVID-19 hospitalized
patients had significantly higher risks of developing post-acute CV (overlap PS-
weighted OR 1.19, 95% Cl 1.03 — 1.37) and pulmonary (overlap PS-weighted OR
2.05, 95% CI 1.80 — 2.34) complications within one year following hospitalization.
However, the risks of developing one-year post-acute renal (overlap PS-weighted
OR 0.96, 95% Cl 0.68 — 1.35) and liver (overlap PS-weighted OR 0.84, 95% Cl 0.46 —
1.52) complications following severe COVID-19 hospitalization were not statistically
significant. Overlap PS-weighted aORs, adjusting for potential misspecification in
the PS model that could bias the estimation of the exposure’s effect on the
outcome, yielded similar conclusions (Table 21). These overlap PS-weighted causal
estimates focus on the subgroup of patients with comparable baseline
characteristics who could plausibly have been hospitalized with or without COVID-
19. As such, the results are generalizable to this overlap population, rather than to

the entire study cohort.
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Table 21. Overlap propensity score (PS)-weighted odds ratios (ORs) and overlap PS-weighted adjusted OR (aOR), estimated using
binomial logistic regression models to assess the development of one-year post-acute cardiovascular, pulmonary, renal and liver
complications, respectively, among severe COVID-19 hospitalized patients compared to non-COVID-19 hospitalized controls, both
without preexisting conditions affecting the specific organ system under study at baseline.

Post-acute health outcomes N severe Severe COVID- N controls Controls with overlap PS- Overlap PS-
CcoviD-19 19 patients outcome weighted OR weighted aOR
patients [95% ClI]
with outcome N (%) [95% CI]
N (%)
Cardiovascular complications?® 1,839 272 (14.79) 22,310 1,937 (8.68) 1.19 1.20
[1.03-1.37] [1.04 - 1.39]
Pulmonary complications ® 5,024 326 (6.49) 45,036 1,332 (2.96) 2.05 2.06
[1.80 - 2.34] [1.81 -2.35]
Renal complications © 6,040 40 (0.66) 50,910 302 (0.59) 0.96 0.67
[0.68 — 1.35] [0.95-1.33]
Liver complications ¢ 6,220 13 (0.21) 51,965 102 (0.20) 0.84 0.86

[0.46 —1.52] [0.47 —1.56]

Doubly robust overlap PS-weighted ORs are adjusted for sociodemographic (age groups, sex, region of residence, living situation, migration

background), socioeconomic (education, income) and health-related (cardiovascular comorbidities, pulmonary comorbidities, renal comorbidities, liver
comorbidities, other comorbidities) variables. Severe COVID-19 patients were defined as any COVID-19 patients not admitted in ICU and without ARDS.
Significant results are highlighted in bold. @ The weighted logistic regression model were applied on severe COVID-19 patients and controls both without
preexisting cardiovascular conditions at baseline (N=24,149). b The weighted logistic regression model were applied on severe COVID-19 patients and
controls both without preexisting pulmonary conditions at baseline (N=50,060). ¢ The weighted logistic regression models were applied on severe
COVID-19 patients and controls both without preexisting renal conditions at baseline (N=56,950). 9 The weighted logistic regression model were applied
on severe COVID-19 patients and controls both without preexisting liver conditions at baseline (N=58,185).
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Table 22 shows overlap PS-weighted ORs and overlap PS-weighted aORs, along with
their 95% Cls, estimated using binomial logistic regression models, assessing the
development of one-year post-acute organ complications among critical COVID-19

hospitalized patients compared to non-COVID-19 hospitalized controls.

Overall, most post-acute organ complications were more common among critical
COVID-19 hospitalized patients than among controls, with 21.7%, 7%, 1%, and 0.1%
of critical COVID-19 patients developing post-acute CV, pulmonary, renal, and liver

complications, respectively, compared to 8.7%, 3%, 0.6% and 0.2% of controls.

Compared to non-COVID-19 hospitalized controls, critical COVID-19 patients had
significantly higher risks of developing post-acute CV (overlap PS-weighted OR 1.93,
95% Cl 1.36 — 2.42) and pulmonary (overlap PS-weighted OR 2.72, 95% CI 1.98 —
3.79) complications within one year following hospitalization. However, the risks of
developing post-acute renal (overlap PS-weighted OR 1.54, 95% CI1 0.81 — 2.94) and
liver (overlap PS-weighted OR 0.41, 95% Cl 0.06 — 2.96) complications following
critical COVID-19 hospitalizing were not statistically significant. Overlap PS-
weighted aORs gave similar conclusions (Table 22). These overlap PS-weighted
causal estimates focus on the subgroup of patients with comparable baseline
characteristics who could plausibly have been hospitalized with or without COVID-
19. As such, the results are most generalizable to this overlap population, rather

than to the entire study cohort.
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Table 22. Overlap propensity score (PS)-weighted odds ratios (ORs) and overlap PS-weighted adjusted OR (aOR), along with their 95%
confidence intervals (Cl), estimated using binomial logistic regression models to assess the development of one-year post-acute
cardiovascular, pulmonary, renal, and liver complications, respectively, among critical COVID-19 hospitalized patients compared to
non-COVID-19 hospitalized controls, both without preexisting conditions affecting the specific organ system under study at baseline.

Post-acute health outcomes N severe Severe COVID- N controls Controls with overlap PS- Overlap PS-
CcoviD-19 19 patients outcome weighted OR weighted aOR
patients [95% ClI]
with outcome N (%) [95% CI]
N (%)
Cardiovascular complications?® 301 65 (21.69) 22,310 1,937 (8.68) 1.93 141
[1.36 - 2.42] [1.88 — 2.51]
Pulmonary complications ® 833 58 (6.96) 45,036 1,332 (2.95) 2.72 2.71
[1.98 -3.79] [1.94 - 3.85]
Renal complications © 998 10 (1.00) 50,910 302 (0.59) 1.54 1.54
[0.81 —2.94] [0.81 —2.94]
Liver complications ¢ 1,031 1(0.10) 51,965 102 (0.20) 0.41 0.41

[0.06 — 2.96] [0.06 — 2.97]

Doubly robust overlap PS-weighted ORs are adjusted for sociodemographic (age groups, sex, region of residence, living situation, migration
background), socioeconomic (education, income) and health-related (cardiovascular comorbidities, pulmonary comorbidities, renal comorbidities, liver
comorbidities, other comorbidities) variables. Severe COVID-19 patients were defined as any COVID-19 patients not admitted in ICU and without ARDS.
Significant results are highlighted in bold. @ The weighted logistic regression model were applied on severe COVID-19 patients and controls both without
preexisting cardiovascular conditions at baseline (N=24,149). b The weighted logistic regression model were applied on severe COVID-19 patients and
controls both without preexisting pulmonary conditions at baseline (N=50,060). ¢ The weighted logistic regression models were applied on severe
COVID-19 patients and controls both without preexisting renal conditions at baseline (N=56,950). 9 The weighted logistic regression model were applied
on severe COVID-19 patients and controls both without preexisting liver conditions at baseline (N=58,185).
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Figure 29 shows the overlap PS-weighted excess burdens per 1,000 persons of one-
year post-acute organ complications attributable to severe and critical COVID-19

hospitalization, respectively.

The weighted excess burden of post-acute CV complications was substantially
higher for critical COVID-19 hospitalization (weighted excess burden 84.83, 95% Cl
36.89 — 132.77) compared to severe COVID-19 hospitalization (weighted excess
burden 20.16, 95% Cl 2.34 — 37.98). Similarly, a slightly higher excess burden of
post-acute pulmonary complications was observed following critical COVID-19
hospitalization (weighted excess burden 38.7, 95% Cl 21.35 — 56.05) compared to
severe COVID-19 hospitalization (weighted excess burden 32.36, 95% ClI 25.15 —

39.57).

However, the excess burdens of post-acute renal complications were not
statistically significant following either severe (weighted excess burden -0.28, 95%
Cl-2.54—1.98) or critical (weighted excess burden 3.52,95% Cl -2.77 —9.81) COVID-
19 hospitalizations. Similarly, the excess burdens of post-acute liver complications
due to either severe (weighted excess burden -0.4, 95% Cl -1.67 — 0.87) or critical
(weighted excess burden -1.45, 95% Cl -3.63 —0.63) COVID-19 hospitalizations were

not statistically significant (Figure 29).

290



Severe COVID-19 hospitalization Critical COVID-19 hospitalization

Cardiovascular complications I I
Pulmonary complications H
—
Renal complications |H_{
Liver complications HH
0 100

Weighted excess burden per 1000 persons [95% Cl]

Figure 29. Overlap propensity score-weighted excess burdens per 1,000 persons and 95% confidence
intervals (Cl) of one-year post-acute cardiovascular, pulmonary, renal, and liver complications
among severe and critical COVID-19 patients compared to non-COVID-19 hospitalized controls, both
without preexisting conditions affecting the specific organ system under study at baseline. Critical
COVID-19 patients were defined as any COVID-19 hospitalized patients admitted in ICU and/or with
ARDS. Severe COVID-19 patients were defined as any COVID-19 hospitalized patients not admitted in
ICU and without ARDS.

3.3. Objective 2: socioeconomic patterns in the development of post-acute

organ complications among COVID-19 hospitalized patients

Table 23 shows the aORs and 95% Cls for the development of post-acute CV and
pulmonary complications among severe COVID-19 hospitalized cases according to

the SE exposures of interest (i.e., education and income).

2901



Overall, no significant SE patterns were identified in the development of post-acute
CV complications among severe COVID-19 patients. However, severe COVID-19
patients aged 45 to 64 years (aOR 1.94, 95% Cl 1.34 — 2.86) and 65 to 84 years (aOR
2.97,95% Cl 1.90 — 4.69), compared to those aged 18 to 44 years, as well as those
with ‘other comorbidities’” (aOR 2.00, 95% Cl 1.48 — 2.68), had significantly
increased odds of developing post-acute CV complications. Conversely, living in
Brussels compared to Flanders (aOR 0.56, 95% CI 0.32 — 0.96) and having a
migration background (aOR 0.61, 95% Cl 0.38 — 0.97 for second generation
migrants; aOR 0.54, 95% Cl 0.30 — 0.93 for first-generation EU migrants; aOR 0.61,
95% Cl 0.38 — 0.97 for first-generation non-EU migrants) were associated with

decreased odds of developing post-acute CV complications (Table 23).

A SE pattern was identified in the development of post-acute pulmonary
complications, with severe COVID-19 patients with low income having higher odds
of developing such complications compared to those with high income (aOR 1.53,
95% Cl 1.05 — 2.25). Other SD and health-related variables were not significantly
associated with the development of post-acute pulmonary complications among

severe COVID-19 patients (Table 23).
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Table 23. Fully adjusted odds ratios (aORs) and 95% confidence intervals (Cls) for the association between socioeconomic determinants
and the development of post-acute cardiovascular (CV) and pulmonary complications among severe COVID-19 hospitalized patients
without preexisting conditions affecting the specific organ system under study at baseline.

Severe COVID-19 patients without Severe COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOoR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Socioeconomic exposures

Education
High (ref.) 414 50 (12.08) 1 870 45 (5.17) 1
Middle 512 72 (14.06) 1.21[0.81-1.83] 1,110 75 (6.76) 1.20[0.82-1.79]
Low 593 112 (18.89) 1.46[0.98-2.20] 2,331 164 (7.04) 1.20[0.84 -1.76]
Missing 320 38(11.88) 1.20[0.70 — 2.04] 713 42 (5.89) 0.75[0.18 —2.16]
Income
High (ref.) 639 86 (13.46) 1 1,292 71 (5.50) 1
Middle 529 72 (13.61) 0.99 [0.68-1.44] 1,512 95 (6.28) 1.18 [0.84 - 1.68]
Low 574 94 (16.38) 1.21[0.80-1.84] 1,903 138 (7.25) 1.53[1.05-2.25]
Missing 97 20 (20.62) 1.94 [0.82 - 4.25] 317 22 (6.94) 0.75[0.18 —2.16]

Sociodemographic covariates
Age group (in years)

18 — 44 (ref.) 538 42 (7.81) 1 600 36 (6.00) 1
45-64 895 134 (14.97) 1.94[1.34-2.86] 1,766 105 (5.95) 0.92 [0.61-1.41]
65 -84 358 86 (24.02) 2.97[1.90-4.69] 2,128 145 (6.81) 0.92 [0.58 — 1.48]
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Table 23. Continued

Severe COVID-19 patients without Severe COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

85+ 48 10 (20.83) 2.36 [0.99 - 5.27] 530 40 (7.55) 0.93 [0.53 - 1.65]
Gender
Males (ref.) 1,042 168 (16.12) 1 2,696 187 (6.94) 1
Females 797 104 (13.05) 0.78[0.59-1.03] 2,328 139 (5.97) 0.80[0.63 —1.01]
Region of residence
Flanders (ref.) 905 132 (14.59) 1 428 18 (4.21) 1
Brussels 202 18 (8.91) 0.56 [0.32-0.96] 2,421 169 (6.98) 0.65 [0.38 - 1.07]
Wallonia 732 122 (16.67) 1.12[0.84-1.49] 2,175 139 (6.39) 0.86 [0.68 —1.10]
Migration status
Belgian natives (ref.) 1,002 178 (17.76) 1 3,295 226 (6.86) 1
Second-generation migrants 255 25 (9.80) 0.61[0.38 - 0.97] 465 34 (7.31) 1.18 [0.78 — 1.74]
First-generation European migrants 174 18 (10.34) 0.54 [0.30 - 0.93] 434 27 (6.22) 0.91 [0.58 —1.39]
First-generation non-European 408 51 (12.50) 0.61[0.38 - 0.97] 830 39 (4.70) 0.67 [0.44 —1.00]
migrants
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Table 23. Continued

Severe COVID-19 patients without Severe COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Household type

Couples with children (ref.) 824 102 (12.38) 1 1,442 87 (6.03) 1

Couples without children 428 85 (19.86) 1.05[0.72-1.52] 1,711 116 (6.78) 0.87[0.61-1.23]
One person household 180 18 (10.00) 0.66 [0.37 —1.13] 362 19 (5.25) 0.79[0.45-1.31]
Single parents 324 53 (16.36) 0.87[0.55-1.36] 1,188 76 (6.40) 0.77[0.51-1.17]
Collective households 41 4(9.76) 0.56 [0.16 — 1.49] 108 9(8.33) 1.30 [0.58 — 2.56]
Other 42 10 (23.81) 0.59[0.19-1.79] 213 19 (8.92) 2.04 [0.61 —9.38]

Health-related covariates
Cardiovascular comorbidities

No (ref.) 1,839 272 (14.79) 1 1,625 87 (5.35) 1

Yes 0 0(0.00) NA 3,399 239 (7.03) 1.28 [0.95-1.73]
Pulmonary comorbidities

No (ref.) 1,625 232 (14.28) 1 5,378 326 (6.49) 1

Yes 214 40 (18.69) 1.09 [0.73 —1.59] 0 0(0.00) NA
Renal comorbidities

No (ref.) 1,833 270 (14.73) 1 4,880 322 (6.60) 1

Yes 6 2 (33.33) 2.68 [0.36 — 14.27] 144 4(2.78) 0.36[0.11-0.86]
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Table 23. Continued

Severe COVID-19 patients without Severe COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Liver comorbidities

No (ref.) 1,839 272 (14.79) 1 5,015 326 (6.5) 1
Yes 0 0(0.00) NA 9 0(0.00) NA
Other comorbidities
No (ref.) 1,446 181 (12.52) 1 3,121 190 (6.09) 1
Yes 393 91 (23.16) 2.00[1.48-2.68] 1,903 136 (7.15) 1.13[0.89 - 1.44]

All ORs are fully adjusted for sociodemographic, socioeconomic, and health-related variables. Severe COVID-19 patients are defined as any COVID-19
patients not admitted in ICU and without ARDS. Significant results are highlighted in bold.
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Table 24 shows the aORs and 95% Cls for the development of post-acute CV and
pulmonary complications among critical COVID-19 hospitalized patients, according

to the SE exposures of interest (i.e., education and income).

No social major social patterns were identified in the development of either post-
acute CV or pulmonary complications among critical COVID-19 patients. However,
having missing income, compared to high income, was associated with increased
odds of developing post-acute pulmonary complications (aOR 5.25, 95% Cl 1.15 —
23.24). Supplementary Table 25, which characterizes critical COVID-19 patients
with missing income by SD, SE, and health-related variables relative to the total
number of critical COVID-19 patients without pulmonary diseases at baseline,
showed an overrepresentation of individuals aged 85 years and over, males, first-
generation non-EU migrants, and individuals with CV comorbidities, renal

comorbidities, and ‘other comorbidities” among those with missing income.
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Table 24. Fully adjusted odds ratios (aORs) and 95% confidence intervals (Cls) for the association between socioeconomic
determinants and the development of post-acute cardiovascular (CV) and pulmonary complications among critical COVID-19
hospitalized patients without preexisting conditions affecting the specific organ system under study at baseline.

Critical COVID-19 patients without Critical COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
i (N=833)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Socioeconomic exposures

Education
High (ref.) 69 16 (23.19) 1 144 10 (6.94) 1
Middle 88 21 (23.86) 0.96[0.43-2.16] 214 10 (4.67) 0.55[0.21-1.42]
Low 85 21 (24.71) 0.87[0.36—-2.08] 353 25 (7.08) 0.84 [0.37 - 2.01]
Missing 59 7 (11.86) 0.55[0.15-1.85] 122 13 (10.66) 1.17 [0.39 -3.48]
Income
High (ref.) 118 23 (19.49) 1 249 18 (7.23) 1
Middle 91 23 (25.27) 1.32[0.61-2.85] 275 15 (5.45) 0.87[0.39-1.93]
Low 77 18 (23.38) 1.47[0.58-3.69] 264 20 (7.58) 1.50 [0.66 —3.47]
Missing 15 1(6.67) 0.61[0.03 —4.44] 45 5(11.11) 5.25[1.15 - 23.24]

Sociodemographic covariates
Age group (in years)

18 — 44 (ref.) 75 12 (16.00) 1 85 2 (2.35) 1
45 -64 175 39 (22.29) 1.42[0.67-3.20] 388 37 (9.54) 3.54[0.99 -22.72]
65 -84 47 14 (29.79) 1.62[0.56-4.77] 336 18 (5.36) 1.82[0.44 —12.55]
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Table 24. Continued

Critical COVID-19 patients without Critical COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

85+ 4 0 (0.00) NA 24 1(4.17) 2.45[0.10 -
30.49]
Gender
Males (ref.) 217 49 (22.58) 1 568 42 (7.39) 1
Females 84 16 (19.05) 0.81[0.39-1.62] 265 16 (6.04) 0.85[0.44 - 1.57]
Region of residence
Flanders (ref.) 43 10 (23.26) 1 83 7 (8.43) 1
Brussels 144 27 (18.75) 1.49[0.53 -4.03] 399 24 (6.02) 1.25[0.45-3.12]
Wallonia 114 28 (24.56) 1.22 [0.64 —2.34] 351 27 (7.69) 1.24[0.67 —2.28]
Migration status
Belgian natives (ref.) 154 41 (26.62) 1 492 28 (5.69) 1
Second-generation migrants 42 10 (23.81) 0.85[0.35-1.99] 91 9(9.89) 1.70 [0.70 — 3.84]
First-generation European migrants 38 7 (18.42) 0.60[0.19 - 1.67] 97 8(8.25) 0.92 [0.33-2.31]
First-generation non-European 67 7 (10.45) 0.35[0.11-1.00] 153 13 (8.50) 0.93[0.38 - 2.16]
migrants
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Table 24. Continued

Critical COVID-19 patients without Critical COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Household type
Couples with children (ref.) 164 28 (17.07) 1 283 21(7.42) 1
Couples without children 69 20 (28.99) 1.47 [0.66 —3.24] 328 28 (8.54) 1.13[0.55-2.35]
One person household 16 3(18.75) 0.74[0.14 —3.04] 45 2 (4.44) 0.48 [0.07 —1.89]
Single parents 46 13 (28.26) 1.53 [0.61 —3.80] 142 6 (4.23) 0.34[0.11-0.99]
Collective households 1 1 (100) NA 10 1(10.00) 1.46 [0.07 — 9.80]
Other 5 0(0.00) NA 25 0(0.00) NA

Health-related covariates
Cardiovascular comorbidities

No (ref.) 301 65 (21.59) 1 260 15 (5.77) 1

Yes 0 0(0.00) NA 573 43 (7.50) 1.47 [0.74 - 3.05]
Pulmonary comorbidities

No (ref.) 260 52 (20.00) 1 833 58 (6.96) 1

Yes 41 13 (31.71) 1.39 [0.59 — 3.13] 0 0 (0.00) NA
Renal comorbidities

No (ref.) 294 64 (21.55) 1 806 57 (7.07) 1

Yes 4 1 (25.00) 1.10[0.05-10.81] 27 1(3.70) 0.41[0.02 - 2.27]
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Table 24. Continued

Critical COVID-19 patients without Critical COVID-19 patients without
preexisting CV diseases at baseline preexisting pulmonary diseases at baseline
(N=1,839) (N=5,024)
N N (%) with Post-acute CV N N (%) with Post-acute
post-acute CV complication post-acute pulmonary
complications aOR [95%Cl] pulmonary complications

complications aOR [95%Cl]

Liver comorbidities

No (ref.) 4 65 (21.59) 1 833 58 (6.96) 1
Yes 301 0(0.00) NA 0 0(0.00) NA
Other comorbidities
No (ref.) 245 47 (19.18) 1 542 36 (6.64) 1
Yes 56 18 (32.14) 1.86 [0.87 —3.92] 291 22 (7.56) 1.22[0.66 — 2.22]

All ORs are fully adjusted for sociodemographic, socioeconomic, and health-related variables. Critical COVID-19 patients are defined as any COVID-19
patients admitted in ICU and/or having developed an ARDS. Significant results are highlighted in bold.
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3.3.1. Sensitivity analyses

Supplementary Tables 26 and 27 present aORs and 95% Cls assessing the
association between SE variables and the development of post-acute CV and
pulmonary complications among severe and critical COVID-19 patients and non-
COVID-19 hospitalized controls, along with p-values for interaction. We did not
identify any SE variables with a stronger association with the development of CV
and pulmonary complications in either severe COVID-19 hospitalized patients

compared to controls, or critical COVID-19 patients compared to controls.

4. Discussion

To our knowledge, this study is the first in Belgium to investigate the development
of one-year post-acute organ complications following COVID-19 hospitalization and
related SE inequalities using a unique population data linkage within the HELICON

project.

Our findings showed a 1.19 times higher odds and 20.16 excess burden per 1,000
persons of post-acute CV complications among severe COVID-19 patients
compared to non-COVID-19 hospitalized controls both without CV diseases at
baseline, further increasing when considering critical COVID-19 patients. These
results are in line with those from international studies [346,347,362,363]. In the
United States (U.S.), COVID-19 hospitalization was associated with significant

burden differences per 1,000 persons at 12 months ranging from 5.84 for
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dysrhythmia to 80.86 for inflammatory heart diseases. These burden differences
were reported to increase with ICU admission. A subgroup analysis of non-
hospitalized infected cases without preexisting CV conditions, compared to non-
infected cases, yielded similar findings [346]. In England, Ayoubkhani et al. [363]
observed a 1.5 times higher rate of major adverse CV events (MACE) —a composite
of non-fatal stroke, non-fatal myocardial infarction, and CV death — among COVID-
19 patients compared to matched population controls. A similar although slightly
smaller effect size was observed when considering COVID-19 patients without

preexisting CV conditions at baseline.

Post-acute pulmonary complications, including pulmonary fibrosis and reduced
lung function, have been recognized in several international studies as significant
PASC [348,363—-366]. This is in line with our results showing a 2.05 and 2.72 higher
odds and a 32.36 and 38.7 excess burdens per 1,000 persons of post-acute
pulmonary complications among severe and critical COVID-19 patients compared
to controls both without pulmonary diseases at baseline, respectively. In England,
compared to a matched control group, COVID-19-related post-acute respiratory
complications were reported at rates six times higher in COVID-19 patients with
preexisting pulmonary conditions, and 27 times higher in those without preexisting
pulmonary conditions [363]. Our results, suggesting higher odds and excess

burdens of post-acute pulmonary complications according to disease severity, align
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with some studies showing that long-term pulmonary sequelae increase with the

severity of COVID-19 [348,364].

We did not identify any significant odds or excess burden of post-acute renal
complications following either severe or critical COVID-19 hospitalization,
compared to non-COVID-19 hospitalization, which does not align with other
international studies [366,367]. Similarly, we did not identify any significant
association between either severe or critical COVID-19 hospitalization and the
development of post-acute liver complications. Evidence on renal and especially
liver function impairment during the post-acute COVID-19 phase remains limited.
COVID-19 associated acute kidney injury (AKI), common acute complication in
COVID-19 hospitalized patients, has been linked to post-AKIl kidney function
impairment and elevated serum creatinine [368-370]. A 6-month follow-up cohort
study reported a 1.36 and 25.24 increased risk and excess burden of chronic kidney
disease (CKD) following COVID-19 hospitalization, respectively, further increasing
with ICU admission [367]. Regarding post-acute liver complications, findings
generally indicate no significant liver function impairment post-COVID-19
hospitalization [371], although critical COVID-19 cases may exhibit elevated liver

enzymes and markers of inflammation [349].
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Research on SE inequalities in PASC remains limited, especially among hospitalized
COVID-19 survivors, with inconsistent findings and the use of varying definitions of
PASC, making it difficult to identify clear socioeconomic patterns therein [372].
Several population-based studies from the UK showed that the less deprived
individuals, compared to the least deprived, present higher odds of COVID-19-
related persistent symptoms at least four weeks following COVID-19 diagnosis
[373-376]. In the U.S., Hirschtick et al. [377] identified a 1.5 higher prevalence of
30-days COVID-19-related symptoms following SARS-CoV-2 infection among
individuals with lower income levels. However, several population-based studies,
of smaller sample sizes, found no significant association between PASC and SE

factors such as income or education levels [378—380].

Although a SE gradient has been observed in COVID-19 hospitalization, established
as one of the strongest predictor of PASC [381], long-term follow-up studies on SE
inequalities in post-acute complications following COVID-19 hospitalization are
scarce. Huang et al. [348] did not identify any significant association between
education level and diffusion impairment or percentage change of CT score among
COVID-19 patients discharged from the hospital. Unexpectedly, a study conducted
in China showed higher odds of lung diffusion impairment at 2-years among COVID-
19 hospitalized survivors with higher levels of education, compared to those with

lower levels of education [365]. While we did not identify any association between
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education and post-acute CV complications, our results indicate a 1.48 higher odds
of post-acute pulmonary complications among severe COVID-19 patients with low
income, compared to those with high income. However, among critical COVID-19

patients, post-acute pulmonary complications show no SE patterns.

Similar unclear social patterns are observed in international studies on racial and
ethnic disparities in PASC, with some research reporting a lower risk of PASC
following infection among Black or Asians individuals compared to white individuals
[373,374], and some showing no significant association between ethnic minority
status and PASC [378,382]. In our study, compared to Belgian native, individuals
with a migration background presented lower odds of developing post-acute CV
complications following severe COVID-19 hospitalization. As the study outcomes
were based on drug prescriptions, these results may be explained by the lower
healthcare access and utilization among migrants in Europe, which is often
influenced by factors such as language and communication barriers, lack of
insurance, lower SES, limited GP’s consultation, and high out-of-pocket healthcare

costs [383,384].

Despite scarce and mixed findings regarding SE patterns of post-acute health
complications, especially among COVID-19 hospitalized patients, factors such as
being a female, older age, smoking, and preexisting comorbidities (i.e., high BMI,

anxiety/depression, chronic  obstructive pulmonary disease, diabetes,
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immunosuppression, and ischemic heart disease) have been associated with a
higher likelihood of developing PASC in a meta-analysis of 41 studies conducted by
Tsampasian et al. [381]. Preexisting comorbidities were identified in our results as
the strongest risk factor for post-acute CV complications following severe COVID-
19 hospitalization. Older age was identified in our study as increasing the odds of
developing post-acute CV complications among severe COVID-19 patients. We did
not identify any gender disparities in the development of post-acute organ
complications, similarly to other studies [72,377,379]. Smoking rates are generally
higher in SE disadvantaged groups, and smoking-related social health inequalities
are widening in many countries [385]. Although we could not adjust for smoking as
a confounder in our model, it may have contributed to our findings that low-income
severe patients faced higher risk of post-acute pulmonary complications compared

to high-income severe patients.

Although clinical factors, such as disease severity and preexisting health conditions,
seem to play a dominant role in long-term outcomes following COVID-19
hospitalization, SE inequalities in those outcomes remain present. SE disparities in
PASC can be attributed to several factors [386]: 1) SE inequalities in preexisting
health conditions, shown to be a strong risk factor for PASC [381] ; 2) SE inequalities

in COVID-19 infection and disease severity leading to and increasing PASC, as well
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as SE inequalities in vaccination, reducing prevalence of PASC [238,244,381,387];

and 3) a lower access to and quality of healthcare among deprived SE groups [388].

Our study has several limitations. First, to isolate the effect of COVID-19 on post-
acute organ complications, we limited our study population to hospitalized patients
with and without COVID-19. While this approach allowed us to control for the effect
of hospitalization itself on the development of post-acute organ complications, it
may introduce selection bias in the interpretation of both COVID-19 outcomes and
social inequalities, potentially leading to paradoxical findings [389]. For example,
individuals with higher socioeconomic status (SES) may only be hospitalized when
severely ill, whereas those with lower SES might be hospitalized even with
moderate illness. As a result, hospitalized patients with higher SES could appear
sicker on average, creating an observed ‘survival advantage’ for patients with lower
SES [389]. However, we controlled for baseline health characteristics and applied
overlap weighting to achieve covariate balance, strengthening confidence in our
findings. Nonetheless, because our analysis included only hospitalized patients, our
conclusions regarding social inequalities in post-acute organ complications are
limited to this subgroup and may not reflect broader disparities among all COVID-
19 infections. Second, we lacked data on key mediators of SE disparities in COVID-
19 critical outcomes, such as the type of occupation, the adoption of preventive

measures (e.g., mask wearing, vaccination) and healthcare access, who would have

308



better capture underlying pathways of SE inequalities in post-acute organ
complications. Future research on the Belgian population should consider the roles
of these factors in the causal pathway between SE position and PASC to better
capture its SE patterns. Third, the CHS database covers about 50% of hospitalized
COVID-19 cases in Belgium, likely leading to an underestimation of our results, as
some non-COVID-19 hospitalized controls could have been COVID-19 cases not
registered in the CHS database. Third, the IMA pseudopathology groups, based on
medication consumption, did not allow for identifying specific post-acute
complications. As a result, we had to exclude individuals with preexisting conditions
at baseline for our analyses. Moreover, while the IMA pseudopathology groups
provide an acceptable proxy for baseline chronic diseases, these indicators have
been shown to have a high rate of false negatives, resulting in low sensitivity. This
underestimation may stem from two main factors: the stringent case definition (>
90 DDD per year), and the fact that some medications lack specificity to a single
pseudopathology. To improve accuracy in estimating the prevalence of
pseudopathologies, IMA data should ideally be supplemented with clinical or
diagnostic data [390]. Additionally, IMA lacks data on several well-documented
PASC commonly observed in hospitalized patients, such as fatigue, brain fog, and
depression [72]. As a result, the analysis is restricted to broader organ-related

complications, preventing a comprehensive assessment of post-acute outcomes
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following severe COVID-19. Fourth, because each pseudopathology group provided
by IMA included only a very small number of severe and especially critical COVID-
19 patients, we were not able to investigate the SE patterns of post-acute renal and
liver complications, and we had to merge a set of comorbidities into one single
variable to allow estimates to converge properly. Future studies with larger sample
sizes are needed to explore the SE patterns of post-acute renal and liver
complications, as well as to identify the impact of comorbidities on PASC following
COVID-19 hospitalization in more detail. Finally, our study period was primarily
influenced by the Alpha variant, which was less severe than Omicron and less
transmissible than Delta, potentially leading to an underestimation of our findings.
Future research should consider the impact of variants, vaccination (which began
in Belgium on 28 December 2020, near the end of our study period), and reinfection

on PASC.

5. Conclusion

Our study identified significant risks of one-year post-acute cardiovascular and
pulmonary complications following COVID-19 hospitalization, increasing with
disease severity, among patients without preexisting health conditions in these
organ systems at baseline. Having underlying health conditions at baseline was
identified as the strongest risk factor for the development of post-acute

cardiovascular complications among COVID-19 hospitalized patients. While no
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socioeconomic patterns were observed for post-acute cardiovascular
complications, post-acute pulmonary complications were significantly more
frequent among severe COVID-19 patients with lower income levels. These findings
highlight the need for long-term follow-up care for patients discharged after COVID-
19 hospitalization, particularly those who experienced critical illness and with
underlying health conditions, while also taking into consideration socioeconomic

groups.
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7.1. Table of content

7.1.1. Supplementary Figures

- Supplementary Figure 9. Density distribution of propensity scores in severe
(A) and critical (B) COVID-19 hospitalized patients and non-COVID-19
hospitalized patients, both without cardiovascular diseases at baseline.

- Supplementary Figure 10. Density distribution of propensity scores in severe
(A) and critical (B) COVID-19 hospitalized patients and non-COVID-19
hospitalized patients, both without pulmonary diseases at baseline.

- Supplementary Figure 11. Density distribution of propensity scores in severe
(A) and critical (B) COVID-19 hospitalized patients and non-COVID-19

hospitalized patients, both without renal diseases at baseline.
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Supplementary Figure 12. Density distribution of propensity scores in severe
(A) and critical (B) COVID-19 hospitalized patients and non-COVID-19

hospitalized patients, both without liver diseases at baseline.

7.1.2. Supplementary Tables

Supplementary Table 19. Description of the substances, Anatomical
Therapeutic Chemical (ATC) subcodes and ATC codes used to build the
pseudopathologies available in the Intermutualistic Agency (IMA) database
allowing to define post-acute cardiovascular, pulmonary, renal, and liver
complications.

Supplementary Table 20. Data holders and time frame for all
sociodemographic, socioeconomic, and health-related variables considered as
covariates in the statistical analyses.

Supplementary Table 21. Characterization of severe and critical COVID-19
patients and non-COVID-19 hospitalized controls, all without cardiovascular
diseases at baseline, along with weighted standardized mean differences
(SMD).

Supplementary Table 22. Characterization of severe and critical COVID-19
patients and non-COVID-19 hospitalized controls, all without pulmonary
diseases at baseline, along with weighted standardized mean differences

(SMD).
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Supplementary Table 23. Characterization of severe and critical COVID-19
patients and non-COVID-19 hospitalized controls, all without renal diseases at
baseline, along with weighted standardized mean differences (SMD).
Supplementary Table 24. Characterization of severe and critical COVID-19
patients and non-COVID-19 hospitalized controls, all without liver diseases at
baseline, along with weighted standardized mean differences (SMD).
Supplementary Table 25. Characterization of critical COVID-19 patients with
missing income relative to the total study population composed of critical
COVID-19 patients without pulmonary diseases at baseline.

Supplementary Table 26. Fully adjusted odds ratio (aORs) and 95% confidence
intervals (Cls) estimating the sociodemographic, socioeconomic, and health-
related variables associated with the development of post-acute
cardiovascular (CV) and pulmonary complications among severe COVID-19
hospitalized patients and non-COVID-19 hospitalized controls, along with p-
values for interaction, respectively.

Supplementary Table 27. Fully adjusted odds ratio (aORs) and 95% confidence
intervals (Cls) estimating the sociodemographic, socioeconomic, and health-
related variables associated with the development of post-acute

cardiovascular (CV) and pulmonary complications among critical COVID-19
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hospitalized patients and non-COVID-19 hospitalized controls, along with p-

values for interaction, respectively.
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Supplementary Table 19. Description of the substances, Anatomical Therapeutic Chemical (ATC) subcodes, and ATC codes used to
build the pseudopathologies available in the Intermutualistic Agency (IMA) database allowing to define post-acute cardiovascular,

pulmonary, renal and liver complications.

Post-acute Cardiovascular C Cardiovascular system co1 Cardiac therapy
cardiovascular diseases diseases (general) Cc02 Antihypertensives
co3 Diuretics
Cco4 Peripheral
vasodilatators
Cco5 Vasoprotectives
C0o6 Beta blocking
agents
co7 Calcium channel
blockers
C0o8 Agents acting on
the renin-
angiotensin system
Cco9 Lipid modifying
agents
Thrombosis B Blood and blood forming  BO1A Anthithrombotic
organs agents
Cardiovascular C Cardiovascular system co1 Cardiac therapy
diseases
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Supplementary Table 19. Continued

Study outcomes Pseudopathologies ATC codes  System ATC subcodes Substance
Post-acute pulmonary Chronic obstructive R Respiratory system RO3BB Anticholinergics
complications pulmonary disease
RO3DA04 Theophylline
RO3A (if age Adrenergics,
> 50) inhalants
RO3BA (ifage  Glucocorticoids
> 50)
Post-acute renal Renal failure A Alimentary tract and Al11CC03 Alfracalcidol
complications metabolism
Al1CC04 Calcitriol
A11CCO06 Calcifediol
A12AA12 Calcium
\Y Various VO3AEQ2 Sevelamer
VO3AEO3 Lanthanum
carbonate
VO3AEO4 Calcium acetate
and magnesium
VO3AEO1 Polystyrene

sulfonate
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Supplementary Table 19. Continued

Study outcomes Pseudopathologies ATC codes System ATC subcodes Substance
H Systemic hormonal HO5BX01 Cinacalcet
preparation (exlusion of
sexual hormones and
insulins)
Post-acute liver Chronic hepatitisBand L Antineoplastic and LO3AB0O4 Inteferon alfa-2a
complications C immunomodulating
agents
LO3ABO5 Interferon alfa-2b
LO3AB09 Interferon alfacon-
1
LO3AB10 Peginterferon alfa-
2b
LO3AB11 Albinterferon alfa-
2b
J Anti-infective for JO5AF08 Adefovir dipivoxil
systemic use
JO5AF10 Entecavir
JO5AE11 Protease inhibitors
JO5AE12 Protease inhibitors
JO5AF08 Adefovir dipivoxil
JO5AF10 Entecavir
JO5AE11 Protease inhibitors
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Supplementary Table 19. Continued

Study outcomes Pseudopathologies ATC codes System ATC subcodes Substance
JOSAE12 Protease inhibitors
JOSAE14 Protease inhibitors
JO5AX15 Other antivirals
JO5AX65 Other antivirals
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Supplementary Table 20. Data holders and time frame for all sociodemographic,
socioeconomic, and health-related variables considered as covariates in the statistical
analyses

Sociodemographic variables

Age groups National register 1t of January 2020
Sex National register 1t of January 2020
Region of residence National register 1t of January 2020
Migration background National register 1t of January 2020
Household type National register 1t of January 2020

Socioeconomic variables
Income
Education

Statistic Belgium
Statistics Belgium

2018 (fiscal year 2019)

Census 2017

Employment status Statistics Belgium Year 2019
Health-related variables

Cardiovascular Intermutualistic Agency Year 2020
comorbidities

Pulmonary comorbidities Intermutualistic Agency Year 2020
Renal comorbidities Intermutualistic Agency Year 2020
Liver comorbidities Intermutualistic Agency Year 2020
Other comorbidities Intermutualistic Agency Year 2020
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Supplementary Figure 9. Density distribution of propensity scores in severe (A) and critical (B)
COVID-19 hospitalized patients and non-COVID-19 hospitalized patients, both without

cardiovascular diseases at baseline.
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Supplementary Figure 10. Density distribution of propensity scores in severe (A) and critical (B)

COVID-19 hospitalized patients and non-COVID-19 hospitalized patients, both without pulmonary

diseases at baseline.
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Supplementary Figure 11. Density distribution of propensity scores in severe (A) and critical (B)

COVID-19 hospitalized patients and non-COVID-19 hospitalized patients, both without renal

diseases at baseline.
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Supplementary Figure 12. Density distribution of propensity scores in severe (A) and critical (B)

COVID-19 hospitalized patients and non-COVID-19 hospitalized patients, both without liver diseases

at baseline.
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Supplementary Table 21. Characterization of severe and critical COVID-19 patients and non-COVID-19 hospitalized controls, all without
cardiovascular (CV) diseases at baseline, along with weighted standardized mean differences (SMD).

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without CV diseases at without CV diseases at
without CV diseases at baseline el
baseline N=1,839 N=301
N=22,310
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Demographic characteristics
Age group (in years) <0.001 <0.001
18-44 13,777 (61.8) 538 (29.3) 75 (24.9)
45-64 6,366 (28.5) 895 (48.7) 175 (58.1)
65-84 1,999 (9.0) 358 (19.5) 47 (15.6)
85+ 168 (0.8) 48 (2.6) 4(1.3)
Sex <0.001 <0.001
Males 7,691 (34.5) 1,042 (56.7) 217 (72.1)
Females 14,619 (65.5) 797 (43.3) 84 (27.9)
Region of residence <0.001 <0.001
Brussels 2,261 (10.1) 202 (11.0) 43 (14.3)
Flanders 13,174 (59.0) 905 (49.2) 144 (47.8)
Wallonia 6,875 (30.8) 732 (39.8) 114 (37.9)
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Supplementary Table 21. Continued

Non-COVID-19 Severe COVID-19 patients Critical COVID-19 patients
hospitalized controls without CV diseases at without CV diseases at
without CV diseases at baseline baseline
baseline N=1,839 N=301
N=22,310
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Migration status <0.001 <0.001
Belgian natives 14,910 (66.8) 1,002 (54.5) 154 (51.2)
Second-generation migrants 3,395 (15.2) 255 (13.9) 42 (14.0)
First-generation European migrants 1,476 (6.6) 174 (9.5) 38 (12.6)
First-generation non-European 2,529 (11.3) 408 (22.2) 67 (22.3)
migrants
Household type <0.001 <0.001
Couples with children 9,842 (44.1) 824 (44.8) 164 (54.5)
Couples without children 5,380 (24.1) 428 (23.3) 69 (22.9)
One person household 2,714 (12.2) 180 (9.8) 16 (5.3)
Single parents 3,708 (16.6) 324 (17.6) 46 (15.3)
Collective households 450 (2.0) 41 (2.2) 1(0.3)
Other 216 (1.0) 42 (2.3) 5(1.7)
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Supplementary Table 21. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without CV diseases at without CV diseases at
without CV diseases at baseline baseline
baseline N=1,839 N=301
N=22,310
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Socioeconomic characteristics
Education <0.001 <0.001
High 6,252 (28.0) 414 (22.5) 69 (22.9)
Middle 6,992 (31.3) 512 (27.8) 88 (29.2)
Low 6,134 (27.5) 593 (32.2) 85 (28.2)
Missing 2,932 (13.1) 320(17.4) 59 (19.6)
Income <0.001 <0.001
High 8,395 (37.6) 639 (34.7) 118 (39.2)
Middle 6,566 (29.4) 529 (28.8) 91(30.2)
Low 6,431 (28.8) 574 (31.2) 77 (25.6)
Missing 918 (4.1) 97 (5.3) 15 (5.0)
Clinical characteristics
Cardiovascular comorbidities <0.001 <0.001
No 22,310 (100) 1,839 (100) 301 (100)
Yes 0(0.0) 0(0.0) 0(0.0)
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Supplementary Table 21. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without CV diseases at without CV diseases at
without CV diseases at baseline baseline
baseline N=1,839 N=301
N=22,310
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Pulmonary comorbidities <0.001 <0.001
No 20,624 (92.4) 1,625 (88.4) 260 (86.4)
Yes 1,686 (7.6) 214 (11.6) 41 (13.6)
Renal comorbidities <0.001 <0.001
No 22,259 (99.8) 1,833 (99.7) 297 (98.7)
Yes 51(0.2) 6(0.3) 4(1.3)
Liver comorbidities <0.001 <0.001
No 22,288 (99.9) 1,839 (100) 301 (100)
Yes 22(0.1) 0(0.0) 0(0.0)
Other comorbidities <0.001 <0.001
No 12,846 (57.6) 1,446 (78.6) 245 (81.4)
Yes 9,464 (42.4) 393 (21.4) 56 (18.6)
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Supplementary Table 22. Characterization of severe and critical COVID-19 patients and non-COVID-19 hospitalized controls, all without
pulmonary diseases at baseline, along with weighted standardized mean differences (SMD).

Non-COVID-19 Severe COVID-19 patients Critical COVID-19 patients
hospitalized controls without pulmonary without pulmonary
without pulmonary diseases at baseline diseases at baseline
diseases at baseline N=5,024 N=833
N=45,036
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Demographic characteristics
Age group (in years) <0.001 <0.001
18-44 14,955 (33.2) 600 (11.9) 85(10.2)
45-64 13,645 (30.3) 1,766 (35.2) 388 (46.6)
65-84 13,825 (30.7) 2,128 (42.4) 336 (40.3)
85+ 2,611 (5.8) 530 (10.5) 24 (2.9)
Sex <0.001 <0.001
Males 19,212 (42.7) 2,696 (53.7) 568 (68.2)
Females 25,824 (57.3) 2,328 (46.3) 265 (31.8)
Region of residence <0.001 <0.001
Brussels 3,670 (8.1) 428 (8.5) 83 (10.0)
Flanders 27,275 (60.6) 2,421 (48.2) 399 (47.9)
Wallonia 14,091 (31.3) 2,175 (43.3) 351 (42.1)
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Supplementary Table 22. Continued

Non-COVID-19
hospitalized controls

without pulmonary
diseases at baseline

Severe COVID-19 patients

without pulmonary

diseases at baseline

Critical COVID-19 patients

without pulmonary

diseases at baseline

N=5,024 N=833
N=45,036
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Migration status <0.001 <0.001
Belgian natives 33,581 (74.6) 3,295 (65.6) 492 (59.1)
Second-generation migrants 4,832 (10.7) 465 (9.3) 91 (10.9)
First-generation European migrants 2,855 (6.3) 434 (8.6) 97 (11.6)
First-generation non-European 3,768 (8.4) 830 (16.5) 153 (18.4)
migrants
Household type <0.001 <0.001
Couples with children 13,690 (30.4) 1,442 (28.7) 283 (34.0)
Couples without children 15,344 (34.1) 1,711 (34.1) 328 (39.4)
One person household 3,977 (8.8) 362 (7.2) 45 (5.4)
Single parents 10,362 (23.0) 1,188 (23.6) 142 (17.0)
Collective households 852 (1.9) 108 (2.1) 10(1.2)
Other 811 (1.8) 213 (4.2) 25 (3.0)
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Supplementary Table 22. Continued

Non-COVID-19
hospitalized controls

without pulmonary
diseases at baseline

Severe COVID-19 patients

without pulmonary

diseases at baseline

Critical COVID-19 patients

without pulmonary

diseases at baseline

N=45,036 N=5,024 N=833
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Socioeconomic characteristics
Education <0.001 <0.001
High 10,549 (23.4) 870 (17.3) 144 (17.3)
Middle 12,549 (27.9) 1,110 (22.1) 214 (25.7)
Low 17,105 (38.0) 2,331 (46.4) 353 (42.4)
Missing 4,833 (10.7) 713 (14.2) 122 (14.6)
Income <0.001 <0.001
High 13,470 (29.9) 1,292 (25.7) 249 (29.9)
Middle 13,963 (31.0) 1,512 (30.1) 275 (33.0)
Low 15,779 (35.0) 1,903 (37.9) 264 (31.7)
Missing 1,824 (4.1) 317 (6.3) 45 (5.4)
Clinical characteristics
Cardiovascular comorbidities <0.001 <0.001
No 20,624 (45.8) 1,625 (32.3) 260 (31.2)
Yes 24,412 (54.2) 3,399 (67.7) 573 (68.8)
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Supplementary Table 22. Continued

Non-COVID-19
hospitalized controls

without pulmonary
diseases at baseline

Severe COVID-19 patients
without pulmonary
diseases at baseline

Critical COVID-19 patients
without pulmonary
diseases at baseline

N=5,024 N=833
N=45,036
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Pulmonary comorbidities <0.001 <0.001
No 45,036 (100) 5,024 (100) 833 (100)
Yes 0(0.0) 0(0.0) 0(0.0)
Renal comorbidities <0.001 <0.001
No 44,125 (98.0) 4,880 (97.1) 806 (96.8)
Yes 911 (2.0) 144 (2.9) 27 (3.2)
Liver comorbidities <0.001 <0.001
No 44,940 (99.8) 5,015 (99.8) 833 (100)
Yes 96 (0.2) 9(0.2) 0(0.0)
Other comorbidities <0.001 <0.001
No 22,832 (50.7) 3,121 (62.1) 542 (65.1)
Yes 22,204 (49.3) 1,903 (37.9) 291 (34.9)
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Supplementary Table 23. Characterization of severe and critical COVID-19 patients and non-COVID-19 hospitalized controls, all without
renal diseases at baseline, along with weighted standardized mean differences (SMD).

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without renal diseases at without renal diseases at
without renal diseases at baseline el
baseline N=6,040 N=998
N=50,910
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Demographic characteristics
Age group (in years) <0.001 <0.001
18-44 15,898 (31.2) 682 (11.3) 97 (9.7)
45-64 15,674 (30.8) 2,070 (34.3) 463 (46.4)
65-84 16,442 (32.3) 2,657 (44.0) 408 (40.9)
85+ 2,896 (5.7) 631 (10.4) 30(3.0)
Sex <0.001 <0.001
Males 22,033 (43.3) 3,220 (53.3) 675 (67.6)
Females 28,877 (56.7) 2,820 (46.7) 323 (32.4)
Region of residence <0.001 <0.001
Brussels 4,050 (8.0) 488 (8.1) 105 (10.5)
Flanders 30,576 (60.1) 2,923 (48.4) 465 (46.6)
Wallonia 16,284 (32.0) 2,629 (43.5) 428 (42.9)

334



Supplementary Table 23. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without renal diseases at without renal diseases at
without renal diseases at baseline baseline
baseline N=6,040 N=998
N=50,910
n (%) n (%) Weighted n (%) Weighted
SMD SMD

Migration status <0.001 <0.001

Belgian natives 38,268 (75.2) 4,030 (66.7) 595 (59.6)

Second-generation migrants 3,219 (6.3) 542 (9.0) 105 (10.5)

First-generation European migrants 4,071 (8.0) 529 (8.8) 112 (11.2)

First-generation non-European 5,352 (25.6) 939 (15.5) 186 (18.6)

migrants
Household type <0.001 <0.001

Couples with children 14,892 (29.3) 1,693 (28.0) 338 (33.9)

Couples without children 17,685 (34.7) 2,108 (34.9) 386 (38.7)

One person household 4,411 (8.7) 421 (7.0) 57 (5.7)

Single parents 12,019 (23.6) 1,430 (23.7) 179 (17.9)

Collective households 957 (1.9) 127 (2.1) 12 (1.2)

Other 946 (1.9) 261 (4.3) 26 (2.6)
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Supplementary Table 23. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without renal diseases at without renal diseases at
without renal diseases at baseline baseline
baseline N=6,040 N=998
N=50,910
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Socioeconomic characteristics
Education <0.001 <0.001
High 11,357 (22.3) 988 (16.4) 167 (16.7)
Middle 14,022 (27.5) 1,331 (22.0) 255 (25.6)
Low 20,107 (39.5) 2,899 (48.0) 431 (43.2)
Missing 5,424 (10.7) 822 (13.6) 145 (14.5)
Income <0.001 <0.001
High 14,732 (28.9) 1,518 (25.1) 297 (29.8)
Middle 15,851 (31.1) 1,822 (30.2) 327 (32.8)
Low 18,206 (35.8) 2,323 (38.5) 324 (32.5)
Missing 2,121 (4.2) 377 (6.2) 50 (5.0)
Clinical characteristics
Cardiovascular comorbidities <0.001 <0.001
No 22,259 (43.7) 1,833 (30.3) 297 (29.8)
Yes 28,651 (56.3) 4,207 (69.7) 701 (70.2)
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Supplementary Table 23. Continued

Non-COVID-19 Severe COVID-19 patients Critical COVID-19 patients
hospitalized controls without renal diseases at without renal diseases at
without renal diseases at baseline baseline
baseline N=6,040
N=50,910 e
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Pulmonary comorbidities <0.001 <0.001
No 44,125 (86.7) 4,880 (80.8) 806 (80.8)
Yes 6,785 (13.3) 1,160 (19.2) 192 (19.2)
Renal comorbidities <0.001 <0.001
No 50,910 (100) 6,040 (100)
Yes 0(0.0) 0(0.0)
Liver comorbidities <0.001 <0.001
No 50,791 (99.8) 6,032 (99.9) 998 (100)
Yes 119 (0.2) 8(0.1) 0(0.0)
Other comorbidities <0.001 <0.001
No 24,848 (48.8) 3,703 (61.3) 998 (100)
Yes 26,062 (51.2) 2,337 (38.7) 0(0.0)
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Supplementary Table 24. Characterization of severe and critical COVID-19 patients and non-COVID-19 hospitalized controls, all without
liver diseases at baseline, along with weighted standardized mean differences (SMD).

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without liver diseases at without liver diseases at
without liver diseases at baseline baseline
baseline N=6,220 N=1,031
N=51,965
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Demographic characteristics
Age group (in years) <0.001 <0.001
18-44 15,965 (30.7) 684 (11.0) 100 (9.7)
45-64 15,901 (30.6) 2,100 (33.8) 471 (45.7)
65-84 17,093 (32.9) 2,785 (44.8) 429 (41.6)
85+ 3,006 (5.8) 651 (10.5) 31(3.0)
Sex <0.001 <0.001
Males 22,610 (43.5) 3,324 (53.4) 695 (67.4)
Females 29,355 (56.5) 2,896 (46.6) 336 (32.6)
Region of residence <0.001 <0.001
Brussels 4,118 (7.9) 497 (8.0) 107 (10.4)
Flanders 31,341 (60.3) 3,034 (48.8) 485 (47.0)
Wallonia 16,506 (31.8) 2,689 (43.2) 439 (42.6)
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Supplementary Table 24. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without liver diseases at without liver diseases at
without liver diseases at baseline baseline
baseline N=6,220 N=1,031
N=51,965
n (%) n (%) Weighted n (%) Weighted
SMD SMD

Migration status <0.001 <0.001

Belgian natives 39,132 (75.3) 4,162 (66.9) 620 (60.1)

Second-generation migrants 5,393 (10.4) 551 (8.9) 108 (10.5)

First-generation European migrants 3,280 (6.3) 539 (8.7) 114 (11.1)

First-generation non-European 4,160 (8.0) 968 (15.6) 189 (18.3)

migrants
Household type <0.001 <0.001

Couples with children 15,055 (29.0) 1,723 (27.7) 342 (33.2)

Couples without children 18,138 (34.9) 2,181 (35.1) 402 (39.0)

One person household 4,486 (8.6) 428 (6.9) 60 (5.8)

Single parents 12,351 (23.8) 1,490 (24.0) 185 (17.9)

Collective households 981 (1.9) 127 (2.0) 14 (1.4)

Other 954 (1.8) 271 (4.4) 28(2.7)
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Supplementary Table 24. Continued

Non-COVID-19 Severe COVID-19 patients Critical COVID-19 patients
hospitalized controls without liver diseases at without liver diseases at
without liver diseases at baseline baseline
baseline N=6,220 N=1,031
N=51,965
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Socioeconomic characteristics
Education <0.001 <0.001
High 11,488 (22.1) 1,008 (16.2) 169 (16.4)
Middle 14,237 (27.4) 1,350 (21.7) 261 (25.3)
Low 20,708 (39.8) 3,019 (48.5) 452 (43.8)
Missing 5,532 (10.6) 843 (13.6) 149 (14.5)
Income <0.001 <0.001
High 14,914 (28.7) 1,540 (24.8) 300 (29.1)
Middle 16,168 (31.1) 1,878 (30.2) 336 (32.6)
Low 18,748 (36.1) 2,408 (38.7) 342 (33.2)
Missing 2,135 (4.1) 394 (6.3) 53(5.1)
Clinical characteristics
Cardiovascular comorbidities <0.001 <0.001
No 22,288 (42.9) 1,839 (29.6) 301 (29.2)
Yes 29,677 (57.1) 4,381 (70.4) 730 (70.8)
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Supplementary Table 24. Continued

Non-COVID-19 Severe COVID-19 patients  Critical COVID-19 patients
hospitalized controls without renal diseases at without renal diseases at
without renal diseases at baseline baseline
baseline N=6,040 N=998
N=50,910
n (%) n (%) Weighted n (%) Weighted
SMD SMD
Pulmonary comorbidities <0.001 <0.001
No 44,940 (86.5) 5,015 (80.6) 833 (80.8)
Yes 7,025 (13.5) 1,205 (19.4) 198 (19.2)
Renal comorbidities <0.001 <0.001
No 50,791 (97.7) 6,032 (97.0) 998 (96.8)
Yes 1,174 (2.3) 188 (3.0) 33(3.2)
Liver comorbidities <0.001 <0.001
No 51,965 (100) 6,220 (100) 1,031 (100)
Yes 0(0.0) 0(0.0) 0(0.0)
Other comorbidities <0.001 <0.001
No 25,159 (48.4) 3,758 (60.4) 654 (63.4)
Yes 26,806 (51.6) 2,462 (39.6) 377 (36.6)
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Supplementary Table 25. Characterization of critical COVID-19 patients with missing
income relative to the total study population composed of critical COVID-19 patients
without pulmonary diseases at baseline.

Variables Total Missing At least one
(N=833) income missing
(n=45) information
to the total
population
n n Yorow
Age group (in years)
18-44 85 3 3.53
45-64 388 20 5.15
65-84 336 16 4.76
85+ 24 6 25.00
Sex
Males 568 23 4.05
Females 265 22 8.30
Region of residence
Brussels 83 7 8.43
Flanders 399 13 5.76
Wallonia 351 15 4.27
Migration status
Belgian natives 492 21 4.27
Second-generation migrants 91 4 4.40
First-generation European migrants 97 8 7.84
First-generation non-European migrants 153 12 8.25
Household type
Couples with children 283 2 0.71
Couples without children 328 7 2.13
One person household 45 2 4.44
Single parents 142 9 6.34
Collective households 10 0 0.00
Other 25 25 100

342



Supplementary Table 25. Continued

Variables Total Missing At least one
(N=833) income missing
(n=45) information
to the total
population
n n Yorow
Socioeconomic characteristics
Education
High 144 4 2.78
Middle 214 8 3.74
Low 353 11 3.12
Missing 122 22 18.03
Health-related characteristics
Cardiovascular comorbidities
No 260 14 5.38
Yes 573 31 541
Pulmonary comorbidities
No 833 788 94.59
Yes 0 45 0.00
Renal comorbidities
No 806 43 5.33
Yes 27 2 7.41
Liver comorbidities
No 833 45 5.40
Yes 0 0 0.00
Other comorbidities
No 542 22 4.06
Yes 291 23 7.90
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Supplementary Table 26. Fully adjusted odds ratio (aOR) and 95% confidence intervals (Cls) estimating the sociodemographic,
socioeconomic, and health-related variables associated with the development of post-acute cardiovascular (CV) and pulmonary
complications among severe COVID-19 hospitalized patients and non-COVID-19 hospitalized controls, along with p-values for

interaction, respectively.

Severe COVID-19

Controls without

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Socioeconomic exposures
Education
High (ref.) 1 1 1 1 1 1
Middle 1.21[0.81-1.83] 1.27[1.11-1.46] 0.833 1.20[0.82 -1.79] 0.98[0.82-1.17] 0.350
Low 1.46 [0.98-2.20] 1.28[1.11-1.47] 0.536 1.20[0.84 - 1.76] 1.16 [0.99 - 1.38] 0.865
Missing 1.20[0.70-2.04] 1.08[0.76 —1.50] 0.743 0.75[0.18 — 2.16] 1.53 [1.22-1.91] 0.277
Income
High (ref.) 1 1 1 1 1 1
Middle 0.99[0.68—-1.44] 1.00[0.88—1.14] 0.975 1.18 [0.84 - 1.68] 1.17 [0.98 —1.38] 0.950
Low 1.21[0.80-1.84] 1.24[1.06 —1.45] 0.927 1.53 [1.05 - 2.25] 1.46 [1.22 - 1.76] 0.833
Missing 1.94[0.82-4.25] 1.08[0.76 —1.50] 0.192 0.75[0.18 - 2.16] 2.46 [1.75-3.41] 0.060
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Supplementary Table 26. Continued

Severe COVID-19

Controls without

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Sociodemographic covariates
Age group (in
years)
18 — 44 (ref.) 1 1 1 1 1 1
45-64 1.94[1.34-2.86] 3.66[3.25-4.12] <0.05 0.92[0.61-1.41] 1.36 [1.14 - 1.62] 0.086
65— 84 2.97 [1.90-4.69] 6.05[5.18 -7.07] <0.05 0.92 [0.58 — 1.48] 1.28 [1.04 - 1.57] 0.202
85+ 2.36 [0.99 -5.27] 14.71 <0.001 0.93 [0.53 - 1.65] 1.44[1.10-1.88] 0.176
[10.48 - 20.56]
Gender
Males (ref.) 1 1 1 1 1 1
Females 0.78 [0.59-1.03] 0.84[0.76 —0.93] 0.618 0.80[0.63 —1.01] 0.99[0.88 —1.11] 0.115
Region of residence
Flanders (ref.) 1 1 1 1 1 1
Brussels 0.56 [0.32-0.96] 0.96 [0.80—1.16] 0.071 0.65[0.38 - 1.07] 1.24 [1.00 - 1.53] <0.05
Wallonia 1.12[0.84-1.49] 1.23[1.11-1.37] 0.542 0.86 [0.68 —1.10] 1.34[1.19-1.51] <0.05
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Supplementary Table 26. Continued

Migration status
Belgian natives
(ref.)

Second-
generation
migrants
First-generation
European
migrants
First-generation
non-European
migrants

Post-acute CV complications
Severe COVID-19

Controls without

Post-acute pulmonary complications

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
1 1 1 1 1 1
0.61[0.38-0.97] 1.05[0.90-1.23] <0.05 1.18 [0.78 - 1.74] 1.21[1.01-1.44] 0.913
0.54[0.30-0.93] 1.11[0.89-1.38] <0.05 0.91 [0.58 - 1.39] 0.86 [0.68 — 1.09] 0.830
0.61[0.38-0.97] 1.04[0.85-1.26] 0.141 0.67 [0.44 - 1.00] 0.66 [0.51 - 0.85] 0.943
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Supplementary Table 26. Continued

Post-acute CV complications Post-acute pulmonary complications

Household type
Couples with
children (ref.)
Couples without
children
One person
household
Single parents
Collective
households
Other

Severe COVID-19

Controls without

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
1 1 1 1 1 1
1.05[0.72-1.52] 1.19[1.04-1.36] 0.540 0.87 [0.61 —1.23] 1.08 [0.91 -1.28] 0.273
0.66 [0.37-1.13] 1.08 [0.90-1.29] 0.100 0.79[0.45-1.31] 1.34 [1.07 - 1.66] 0.071
0.87[0.55-1.36] 1.02[0.86—1.21] 0.506 0.77 [0.51-1.17] 1.08 [0.89 - 1.32] 0.830
0.56[0.16-1.49] 1.30[0.91-1.82] 0.147 1.30 [0.58 — 2.56] 1.22 [0.80-1.80] 0.892
0.59[0.19-1.79] 1.14[0.68-1.90] 0.285 2.04[0.61 —9.38] 0.76 [0.47 — 1.21] 0.169
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Supplementary Table 26. Continued

Severe COVID-19

Controls without

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Health-related covariates
Cardiovascular
comorbidities
No (ref.) 1 1 1 1 1 1
Yes NA NA NA 1.28 [0.95 -1.73] 1.44 [1.24-1.68] 0.475
Pulmonary
comorbidities
No (ref.) 1 1 1 1 1 1
Yes 1.09[0.73-1.59] 1.39[1.19-1.62] 0.252 NA NA NA
Renal
comorbidities
No (ref.) 1 1 1 1 1 1
Yes 2.68 5.91 0.398 0.36 [0.11-0.86] 1.28[0.92-1.73] <0.005
[0.36 —14.27] [3.24 - 10.68]
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Supplementary Table 26. Continued

Post-acute CV complications
Severe COVID-19

Controls without

Post-acute pulmonary complications

Severe COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Liver comorbidities
No (ref.) 1 1 1 1 1 1
Yes NA 4.61 NA NA 2.15[0.95-4.21] NA
[1.88 — 11.60]
Other
comorbidities
No (ref.) 1 1 1 1 1 1
Yes 2.00[1.48-2.68] 1.22[1.10-1.34] <0.001 1.13[0.89 - 1.44] 1.36 [1.22 - 1.53] 0.175
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Supplementary Table 27. Fully adjusted odds ratio (OR) and 95% confidence intervals (Cl) estimating the sociodemographic,
socioeconomic, and health-related variables associated with the development of post-acute cardiovascular (CV) and pulmonary
complications among critical COVID-19 hospitalized patients and non-COVID-19 hospitalized controls, along with p-values for
interaction, respectively.

Critical COVID-19  Controls without Critical COVID-19 Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Socioeconomic exposures
Education
High (ref.) 1 1 1 1 1 1
Middle 0.96 [0.43-2.16] 1.27[1.11-1.46] 0.495 0.55[0.21-1.42] 0.98[0.82-1.17] 0.451
Low 0.87[0.36—2.08] 1.28[1.11-1.47] 0.394 0.84 [0.37 —2.01] 1.16 [0.99 - 1.38] 0.232
Missing 0.55[0.15-1.85] 1.09[0.88 —1.34] 0.287 1.17 [0.39 -3.48] 1.53 [1.22-1.91] 0.640
Income
High (ref.) 1 1 1 1 1 1
Middle 1.32[0.61-2.85] 1.00[0.88—1.14] 0.481 0.87[0.39-1.93] 1.17 [0.98 —1.38] 0.476
Low 1.47[0.58-3.69] 1.24[1.06 —1.45] 0.744 1.50 [0.66 — 3.47] 1.46 [1.22 - 1.76] 0.956
Missing 0.61[0.03-4.44] 1.08[0.76 —1.50] 0.625 5.25[1.15-23.24] 2.46 [1.75-3.41] 0.335
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Supplementary Table 27. Continued

Critical COVID-19

Controls without

Critical COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Sociodemographic covariates
Age group (in
years)
18 — 44 (ref.) 1 1 1 1 1 1
45 -64 1.42[0.67-3.20] 3.66[3.25-4.12] <0.05 3.54[0.99 - 22.72] 1.36[1.14-1.62] 0.211
65— 84 1.62 [0.56-4.77] 6.05[5.18 -7.07] <0.05 1.82[0.44 -12.55] 1.28 [1.04 - 1.57] 0.667
85+ NA 14.71 NA 2.45[0.10-30.49] 1.44[1.10-1.88] 0.689
[10.48 - 20.56]
Gender
Males (ref.) 1 1 1 1 1 1
Females 0.81[0.39-1.62] 0.84[0.76 —0.93] 0.931 0.85 [0.44 - 1.57] 0.99[0.88 —1.11] 0.651
Region of residence
Flanders (ref.) 1 1 1 1 1 1
Brussels 1.49[0.53-4.03] 0.96[0.80—1.16] 0.398 1.25[0.45-3.12] 1.24[1.00 - 1.53] 0.794
Wallonia 1.22[0.64-2.34] 1.23[1.11-1.37] 0.987 1.24 [0.67 — 2.28] 1.34[1.19-1.51] 0.889
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Supplementary Table 27. Continued

Post-acute CV complications

Post-acute pulmonary complications

Migration status
Belgian natives
(ref.)

Second-
generation
migrants
First-generation
European
migrants
First-generation
non-European
migrants

Critical COVID-19

Controls without

Critical COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
1 1 1 1 1 1
0.85[0.35-1.99] 1.05[0.90-1.23] 0.623 1.70 [0.70 - 3.84] 1.21[1.01-1.44] 0.441
0.60[0.19-1.67] 1.11[0.89-1.38] 0.265 0.92 [0.33-2.31] 0.86 [0.68 —1.09] 0.889
0.35[0.11-1.00] 1.04[0.85-1.26] 0.054 0.93 [0.38 - 2.16] 0.66 [0.51 — 0.85] 0.465
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Supplementary Table 27. Continued

Household type
Couples with
children (ref.)
Couples without
children
One person
household
Single parents
Collective
households
Other

Post-acute CV complications
Critical COVID-19

Controls without

Post-acute pulmonary complications

Critical COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
1 1 1 1 1 1
1.47[0.66-3.24] 1.19[1.04-1.36] 0.607 1.13 [0.55 - 2.35] 1.08 [0.91 -1.28] 0.905
0.74[0.14-3.04] 1.08 [0.90-1.29] 0.620 0.48 [0.07 — 1.89] 1.34 [1.07 - 1.66] 0.204
1.53[0.61-3.80] 1.02[0.86-1.21] 0.387 0.34[0.11-0.99] 1.08 [0.89 — 1.32] <0.05
NA 1.30[0.91 -1.82] 0.977 1.46 [0.07 —9.80] 1.22 [0.80-1.80] 0.878
NA 1.14 [0.68 — 1.90] 0.958 NA 0.76 [0.47 —1.21] 0.907
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Supplementary Table 27. Continued

Critical COVID-19

Controls without

Critical COVID-19

Controls without

patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Health-related covariates
Cardiovascular
comorbidities
No (ref.) 1 1 1 1 1 1
Yes NA NA NA 1.47 [0.74 — 3.05] 1.44 [1.24 - 1.68] 0.958
Pulmonary
comorbidities
No (ref.) 1 1 1 1 1 1
Yes 1.39[0.59-3.13] 1.39[1.19-1.62] 0.990 NA NA NA
Renal
comorbidities
No (ref.) 1 1 1 1 1 1
Yes 1.10[0.05 - 5.91 0.192 0.41 [0.02 - 2.27] 1.28 [0.92 -1.73] 0.300
10.81] [3.24 - 10.68]
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Supplementary Table 27. Continued

Post-acute CV complications Post-acute pulmonary complications
Critical COVID-19  Controls without Critical COVID-19 Controls without
patients without CV diseases at patients without pulmonary
CV diseases at baseline pulmonary diseases diseases at
baseline at baseline baseline
aOR [95%Cl] aOR [95%Cl] P-value for aOR [95%Cl] aOR [95%Cl] P-value for
interaction interaction
Liver comorbidities
No (ref.) 1 1 1 1 1 1
Yes NA 4.61 NA NA 2.15[0.95-4.21] NA
[1.88 - 11.60]
Other
comorbidities
No (ref.) 1 1 1 1 1
Yes 1.86[0.87-3.92] 1.22[1.10-1.34] 1.22 [0.66 —2.22] 1.36 [1.22 - 1.53] 0.719
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PART IV

General discussion
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The frequency of (re-)emerging infectious diseases (EIDs) with pandemic potential
has been rising over the past decades [391]. The COVID-19 pandemic clearly
illustrated how such EIDs can pose serious threats to global public health. Although
COVID-19 has been extensively studied worldwide, most research has primarily
focused on biomedical aspects, including viral transmission pathways, morbidity
and mortality rates, and the effectiveness of non-pharmaceutical interventions
(NPIs) (e.g., social distancing, mask-wearing, handwashing) and pharmaceutical

interventions (Pls) (e.g., vaccines) [391,392].

However, previous (re-)EID pandemics, such as the HIN1 influenza and the Spanish
flu, have provided clear evidence of social inequalities in transmission, infection,
and disease progression, patterns that were similarly observed from the early
stages of the COVID-19 pandemic [105,391]. The relative lack of attention to social
health disparities during the COVID-19 pandemic is therefore striking, especially in
light of the well-established links between SDOH, vulnerability to EIDs, and
comorbidity burden (a key risk factor for severe COVID-19 outcomes). These
interactions lie at the core of the syndemic nature of the COVID-19 pandemic, a

concept detailed earlier (see “Why is COVID-19 a syndemic?”, p. 25) [391,393].

The main objective of this thesis was therefore to contribute to knowledge of social
inequalities in EIDs by unraveling the association between SDOH and various

COVID-19 health outcomes during the pandemic and its aftermath in Belgium.
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The first part of this general discussion summarizes the main findings presented
across the four chapters of this dissertation, each discussed in detail in its
respective discussion section (see Chapters 1 to 4). Second, the discussion dives
into the underlying mechanisms that give rise to social inequalities in EIDs, aiming
to understand how and why such public health crises can exacerbate social
inequalities already deeply rooted in our society. Third, the main limitations of the
thesis are discussed. Finally, the implications of the findings for policy and research
are discussed, along with recommendations to address social health inequalities in

future EID pandemic preparedness and responses.
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Summary of main findings

e Social health inequalities in COVID-19-related health behaviors

Chapter 1 aimed to contribute to the understanding of social health inequalities in
COVID-19-related health behaviors. Specifically, we examined the association
between individual sociodemographic (SD) and socioeconomic (SE) factors and the
uptake of a first COVID-19 vaccine dose. Using multivariable logistic regression
models, we found lower vaccine uptake among younger individuals, women,
second- and first-generation migrants, single parents, one-person households,
individuals with lower levels of income and education, and those without
healthcare qualifications.

In Belgium, the vaccination rollout was managed independently by each region.
Regional differences were therefore accounted for in our multivariable models. The
results showed that individuals residing in Brussels and Wallonia were less likely to
be vaccinated compared to those residing in Flanders. Nevertheless, similar SD and
SE disparities were observed within each Belgian region.

Although a limitation of this study was that the study population included only
individuals who were tested for SARS-CoV-2, Hubin et al. [394] have demonstrated

the representativeness of this sample in relation to the Belgian population.
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e Social health inequalities in COVID-19-related morbidity and mortality
Chapter 2 investigated whether educational level was associated with the
likelihood of COVID-19 hospitalization and which variables mediated this
association, by period of variant of concern (VOC) predominance. Given the social
disparities in vaccine uptake identified in Chapter 1, as well as well-documented
social inequalities in comorbidities and health literacy, these three variables were
chosen as potential mediators. Interventional effect models were used, allowing
the consideration of multiple mediators without assuming any causal structure
among the mediators. We observed significantly higher COVID-19 hospitalization
rates among individuals with lower education levels. The interventional direct
effect (IDE) of education explained 85% and 95% of the total effect during Delta and
Omicron periods, respectively. During the Delta period, lack of vaccination
mediated 9% of the association, and comorbidities 6%; for Omicron, comorbidities
mediated 4% and lack of vaccination 1%. Health literacy (proxied by having a
healthcare degree) was not a significant mediator once interactions between
mediators and the exposure were considered. However, the IDE remained
significant, suggesting that unmeasured additional factors may also contribute to
this association (e.g., factors on transmission, exposure, or access to and quality of

healthcare).
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Chapter 3 explored the social patterns of COVID-19 mortality and the extent to
which they differ from regular mortality. Using multivariable logistic regression
models and conditional inference tree (CIT) algorithms, we identified and ranked
predictors of COVID-19 death and all other causes of death (OCOD). Key predictors
of COVID-19 death included older age, male sex, residence in collective settings,
first-generation migration background, and lower SE status (i.e., lower levels of
income and education). CIT analysis further highlighted living in care homes as the
key predictor of COVID-19 death. Similar patterns were observed for all OCOD;
however, both first- and second-generation migrants showed lower odds of all
OCOD, reflecting the well-documented migrant mortality advantage, typically

observed in non-communicable diseases (NCDs).

e Long-term health impacts of severe COVID-19 and related social patterns

Chapter 4 investigated post-acute health complications following severe COVID-19
and related social patterns. Specifically, two research questions were addressed: 1)
Are patients hospitalized for COVID-19 at greater risk of developing post-acute
organ complications compared to non-COVID-19 hospitalized controls, both free of
such conditions at baseline? 2) Among COVID-19 hospitalized patients, are these
complications influenced by SE factors? All analyses were stratified between critical
(ICU admission and/or ARDS) and severe (neither ICU admission nor ARDS) COVID-

19 hospitalized patients. To answer the first question, we used binomial logistic
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regression models with overlap weights based on propensity scores. Results
showed that COVID-19 hospitalization significantly increased the risk of post-acute
cardiovascular (CV) and pulmonary complications within one year, overall
increasing with disease severity. For the second research question, multivariable
logistic regression models indicated that, among patients with severe COVID-19,
those with low income had higher odds of developing post-acute pulmonary
complications compared to those with high income. However, no consistent SE

patterns were observed for other organ complications across severity groups.
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Mechanisms of emerging infectious diseases-

related health inequalities

This thesis contributes to knowledge of social health inequalities in EIDs, using the
COVID-19 pandemic as a case study. Following the summary of the main findings,
this section explores the underlying mechanisms driving EID-related health
inequalities. It aims to shed light on how SDOH influence these inequalities by
shaping the emergence and severity of EID health outcomes, ultimately

exacerbating pre-existing social health inequalities.

1. Pathways to social health inequalities in emerging infectious diseases

Figure 30 illustrates the main pathways through which health inequalities in EIDs
arise in relation to SDOH.

Unequal exposure

and transmission
Inequalities in

Education
Income Social health inequalities
Housing —* Unequal susceptibility ¥ in emerging infectious
Healthcare access diseases
and quality

Social community Unequal treatment

— and preventive
services

Figure 30. Pathways through social health inequalities in emerging infectious diseases. Sources:

adapted from Bambra (2022) [391] and Blumenshine et al. (2008) [395].
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1.1. Unequal exposure and transmission

The disproportionate burden of EID-related morbidity and mortality among

disadvantaged SE groups, as identified in Chapter 2 and Chapter 3 respectively, can

be partly attributed to unequal exposure to the virus, driven by disparities in
working conditions, and unequal SARS-CoV-2 transmission, driven by disparities

in housing conditions [105,395,396].

In terms of housing, individuals with lower SES (socioeconomic status) and migrant
populations are more likely to reside in densely populated urban areas, facilitating
EID transmission [397—-399]. In Belgium, the Brussels Capital Region has the highest
population density (7,501 inhabitants/km?) and the largest proportion of migrant
and socially deprived populations [400-402], and recorded the highest age-
standardized COVID-19 mortality rates from 2020 to 2022 compared to the Flemish
and Walloon regions [29]. Even within densely populated areas, further disparities
emerge as individuals with lower SES and migrants are more likely to live in
overcrowded or multigenerational households, further increasing the risk of viral

transmission [403—405].

Regarding working conditions, individuals with lower SES and migrants are
overrepresented in essential, in-person jobs, such as cleaning, manufacturing, or

transportation, where remote work is not an option. This increased occupational
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exposure has been associated with higher rates of infection, morbidity, and
mortality during the COVID-19 pandemic [406,407]. Socially deprived and migrant
populations also disproportionately used public transport during the pandemic (in
part due to their limited capacity for remote work), which was associated with

higher SARS-CoV-2 infection rates [408—411].

Moreover, the economic fallout of the pandemic has had a particularly severe
impact on socially deprived and migrant populations, many of whom lost their jobs
or faced significant financial hardship [412,413]. Unemployment and reduced
income forced many into shared housing arrangements and homelessness, limiting
social distancing and access to hygiene facilities, further hindering preventive

behaviors such as handwashing [414-416].

1.2. Unequal vulnerability

The burden of NCDs, such as diabetes, CV diseases, or obesity, is higher among
socially deprived and migrant populations, due to its association with SDOH such as
education, income, poor living and working conditions, or access to and quality of
healthcare [105,417-419]. In Belgium, age-adjusted data from 2018 revealed that
individuals with lower SES were 49% more likely to suffer from multimorbidity
compared to those with higher SES, particularly from conditions such as
hypertension, COPD, diabetes, and asthma [420]. In the Brussels Capital Region,

Racape et al. [421] investigated the clinical and social profiles of patients
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hospitalized for COVID-19 during the first wave in two hospitals located in deprived
and multiethnic areas. Their findings showed a higher prevalence of obesity,
diabetes, and hypertension among migrants from the Middle-East, Sub-Saharan

Africa, and North Africa compared to Belgian natives, respectively.

Since these chronic conditions are well-established risk factors for COVID-19-
related morbidity and mortality [422,423], their higher prevalence among socially
disadvantaged and migrant populations partly explains the association between
SDOH and EID-related health outcomes. This mechanism was confirmed in Chapter
2, where the presence of at least one underlying health condition was found to

partially mediate the association between education and COVID-19 hospitalization.

A particularly striking point regarding migrant populations is the “disappearance”
of the migrant mortality advantage typically observed in NCDs, such as cancer or
CV diseases, in the context of EIDs, as identified in Chapter 3 [424]. While migrants
often exhibit lower mortality rates for NCDs, morbidity within these populations
remains high, due to many health issues that stem from lower SES and poor living
and working conditions, thereby increasing their vulnerability to EID-related

morbidity and mortality [333,425].

Beyond physical underlying health conditions, higher levels of chronic stress among
socially deprived and migrant populations, closely related to social deprivation

(e.g., poverty, discrimination), may further increase their vulnerability to EIDs
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[391,395,396,426]. Chronic stress negatively affects immune system functioning,
weakening protective immunity and increasing vulnerability to infection [427,428].
During the COVID-19 pandemic, this stress gap between the most and the least
socially deprived populations widened, fueled by factors such as social isolation,

financial insecurity, and job loss [324,429].

1.3. Unequal treatment and preventive services

The third mechanism conducting to EID-related health inequalities is the unequal
access to, and uptake of, timely and appropriate treatments and preventive

services [105,395].

As shown in Chapter 1, socially deprived and migrant populations were less likely
to be vaccinated against COVID-19. Chapter 2 further demonstrated that COVID-19
vaccine uptake partially mediated the association between lower SES and increased
COVID-19-related morbidity. Unequal vaccination coverage therefore partly
contributes to the observed social gradient in COVID-19 incidence, morbidity, and
mortality [278,425,430-433]. These disparities in vaccine uptake are mainly
explained by higher levels of vaccine hesitancy in socially vulnerable populations
[434,435]. According to the WHO, vaccine hesitancy is defined as “the delay in
acceptance or refusal of vaccine despite availability of vaccination services” and is
influenced primarily by three factors: confidence, complacency, and convenience

(Figure 31) [436].
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Confidence refers to trust in the effectiveness and safety of the vaccine, the
vaccination providers, and the authorities responsible for vaccination decisions
[220,436]. Complacency relates to the perceived risk of disease and whether
vaccination is considered necessary [220,436]. Convenience refers to structural
and practical barriers to access vaccination, including physical availability,
affordability, geographical accessibility, and the ability to understand and seek
vaccination services, challenges that may be heightened by language barriers, low

health literacy, or limited digital skills [436,437].

Complacency

Low perceived risk
of vaccine-preventable diseases;
vaccination not deemed necessary for

prevention
Trustin the effectiveness Extent to which uptake is affected
and safety of vaccines; by physical availability,
public trust in the system affordability, accessibility and
and policy-makers responsiblefor  ability to understand (language
vaccination schedules and health literacy)
Confidence Convenience

Figure 31. Main mechanisms influencing vaccine hesitancy. Source: Thompson et al. (2023) [438].

Beyond vaccination, inequalities were also observed in access to diagnostic testing
and personal protective equipment (PPE) during the COVID-19 pandemic [439-
441]. These inequalities, combined with unequal vaccine uptake, interacted to

exacerbate social inequalities in COVID-19-related health outcomes [431].
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Another key aspect of unequal treatment is the tendency for socially deprived
populations to delay seeking medical care. Such delays are influenced by a
combination of SD and SE factors (e.g., gender, education, income), institutional
barriers (e.g., financial or logistical access to care), individual factors (e.g., perceived
severity), and health beliefs (e.g., disease knowledge) (Figure 32) [442,443].
Delayed care-seeking behaviors increase the risk of severe complications and
reduces the likelihood of timely treatment following respiratory infection

[396,444].

Institutional factors
Price of health services
Distance from health facilities
Approaches of health
professional
Satisfaction of health service

Sociodemographic and
socioeconomic factors
Age
Sex

Marital status -
Occupation Healthcare Health belief factors

Educational status seeking behavior Attitude toward health service
Income Knowledge about diseases
Family size
Religion
Ethnicity
Residence (urban or rural)

Individual factors
Self medication

Traditional medicine
Perceived severity of diseases

Figure 32. Conceptual framework of healthcare seeking behavior. Source: Bojola et al. (2018) [443].
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Furthermore, individuals with lower SES are less likely to have a GP and to consult
specialists or paramedical professionals (e.g., physiotherapists), resulting in
inequalities across the entire spectrum of preventive care, from primary to
guaternary prevention, and contributing to the widening of health disparities in
EIDs [445,446]. In Belgium, a survey conducted by the European Social Observatory
in 2017 found that 6.7% of individuals in the lowest income quintile reported unmet
medical needs due to financial reasons, compared to zero in the highest income
quintile, one of the largest gaps within the EU [445]. This highlights the persistent
inequalities in access to healthcare, even within a system like Belgium’s, which
provides mandatory health insurance and generally high-quality care services

[445,447].

Finally, the COVID-19 pandemic also disrupted access to care for NCDs, with delays
in diagnosis and treatment [448]. While telemedicine was introduced to mitigate
these challenges, it may have further deepened existing social disparities, due to

unequal digital literacy and limited internet access [146,449,450].
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Main limitations of the thesis

1. Availability of individual-level data on unequal transmission and
exposure

The first main limitation of this thesis is the lack of data to account for unequal

exposure and transmission pathways, which are key drivers of social health

inequalities in EID’s health outcomes, as discussed in the section “Pathways to

social health inequalities in emerging infectious diseases” (p. 365).

A study conducted in England found that inequalities in SARS-CoV-2 transmission
factors (e.g., overcrowded households, air quality, rurality, care homes) explained
73% of the effect of deprivation on COVID-19 mortality, followed by inequalities in
vulnerability factors (i.e., chronic baseline conditions), accounting for 49% [323].
Although Chapters 2 to 4 of this thesis, examining social inequalities in COVID-19
health outcomes, include variables such as employment status and household type,
they lack key individual-level granular data on exposure and transmission, such as
the type of occupation, household overcrowding, population density, use of public
transport, or the ability to work remotely. As a result, the analyses may only
partially capture the impact of social inequalities on COVID-19 health outcomes,
given that exposure and transmission pathways are crucial within the syndemic

framework of the pandemic.
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This limitation was particularly evident in Chapter 2, where vaccine uptake and
baseline chronic conditions, reflecting unequal access to preventive services and
vulnerability, respectively, played only a moderate mediating role in social
disparities in COVID-19 hospitalization. The availability of mediating factors
accounting for unequal transmission and exposure pathways would likely have
provided a more comprehensive explanation of social disparities in severe COVID-
19, and helped identify the most critical factors to target in order to reduce them.
Therefore, by including mediating factors that account for the four pathways
driving social inequalities in EIDs within the syndemic framework, more

comprehensive and effective policy recommendations could have been developed.

2. Availability of individual-level data on access to treatment and
preventive service

Another key pathway driving social inequalities in EID’s health outcomes is unequal

access to treatment and preventive services, as discussed in the section “Pathways

to social health inequalities in emerging infectious diseases” (p. 365). The second

main limitation of this thesis is therefore the lack of data to adequately capture this

pathway in the analyses.

For instance, in Chapter 4, vaccination status could not be included as the Belgian
vaccine register was not available within the HELICON population data linkage. This

represents a critical limitation, as evidence shows the effectiveness of the COVID-
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19 vaccine against long COVID [451], and social inequalities in vaccination coverage
[244]. In addition, individual-level data on access to treatment and preventive
services, such as GP density per capita, health insurance coverage, distance to the
nearest hospital, or mask wearing were not available in the population data
linkages used in this thesis. The absence of these variables hinders the ability to
fully capture a key pathway in the syndemic framework: unequal and untimely
access to treatment and preventive services. Consequently, this limitation reduces

the comprehensiveness of the findings and related policy recommendations.

3. Availability of more granular individual-level data on migrant groups

The third major limitation of this thesis is the lack of granularity in the data on
migrant groups in the population data linkages used. In Chapters 1 to 4, migration
background was derived from a combination of parental country of origin and
individual country of birth, both classified into three categories: Belgium, EU-
countries, and non-EU countries. This resulted in a distinction between Belgian
natives, second-generation migrants, first-generation EU migrants, and first-
generation non-EU migrants. While this classification allows for a broad distinction

based on generation, it masks substantial heterogeneity within each group.

Depending of their country of birth, migrants may face markedly different risks of
severe COVID-19 outcomes compared to native individuals, largely due to

disparities in occupational exposure, housing conditions, prevalence of
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comorbidities, and access to public health messaging and the health system
[425,452-455]. The lack of more detailed country-of-birth data therefore limits the
capacity to identify within-group disparities and may result in missed opportunities

for tailored interventions.

This limitation is particularly relevant in Belgium, and especially in Brussels, where
186 nationalities are represented [456]. Grouping such a diverse population into
broad categories risks overlooking the specific needs and barriers experienced by
particular migrant communities. As culturally and linguistically adapted
interventions have been shown to be more effective in reducing health inequalities
among migrant populations [454], the lack of granularity in the data constrained

the ability of this thesis to support more tailored public health recommendations.

4. Availability of data on the deregistered population

The fourth main limitation of this thesis is the lack of health and social data on the
deregistered population in Belgium. The data sources used in this thesis were all
linked through the national social security number (NISS), which is assigned
exclusively to individuals with legal residency status. Consequently, people without
legal residency, most notably undocumented migrants and people experiencing
homelessness, were systematically excluded from the analyses. This deregistered
population is estimated at approximately 100,000 individuals in Belgium, which is

about 1% of the Belgian population [457].
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Evidence shows that undocumented migrants and homeless populations face
disproportionate risks of infection, morbidity, and mortality during the COVID-19
pandemic, largely due to inequalities in the SDOH, including poorer housing
conditions, economic precarity, and limited access to healthcare [458—460]. Their
systematic exclusion from the analyses likely results in an underestimation of both
the overall burden of the COVID-19 pandemic on population health and the extent
of related social health inequalities in Belgium. Furthermore, the absence of this
vulnerable part of the population in the data linkages prevents a comprehensive
assessment of how they were affected by the pandemic, thereby limiting the
evidence base needed to design tailored, equitable, and inclusive public health

strategies for pandemic preparedness and response.
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Implications and recommendations

Inequalities in transmission, exposure, vulnerability, and access to treatment and
preventive services interact and compound one another, generating social health
inequalities associated with EIDs for years. Already back in the early 2000s, the
following question arose concerning the incorporation of social equity into
pandemic preparedness plans for Influenza: “In the absence of social, political, and
economic equality, racial and ethnic minorities and individuals of low socioeconomic
status are left extremely vulnerable to every threat that becomes apparent. How do
we build a fair distribution of benefits during a pandemic in a society so burdened
by inequality?” [461]. However, despite over two decades of calls to incorporate
equity-focused strategies into pandemic response planning, it has largely been
overlooked [391,393,396,461,462]. The persistence of these disparities during the
COVID-19 pandemic underscores a failure to apply lessons learned from previous
(re-)EID outbreaks, allowing well-documented patterns of unequal impact to

persist.

This section examines the ongoing challenge by exploring the implications of key
findings and offering recommendations for policy and research to promote a more
equitable approach to future pandemic preparedness and response. The time for
action is particularly urgent in view of the upcoming rise in EIDs with pandemic
potential, poverty, and migratory movements due to wars and climate change.

379



For policy
The findings of this dissertation imply the following lines of action for policies:

e Promoting social equity in vaccine access and uptake;

e Tackling social inequalities in the burden of comorbidities;

e Tackling the high burden of COVID-19 mortality in care homes;

e Tackling the long-term burden of COVID-19;

e Enhancing timely access to comprehensive individual-level health and

social data.

Below, these action areas are detailed and corresponding policy recommendations

are outlined.

1. Promoting social equity in vaccine access and uptake

This thesis provides important evidence on unequal COVID-19 vaccination coverage
(Chapter 1) and how increasing equal vaccination rates can help reduce inequalities
in COVID-19-related morbidity, albeit with moderate mediating effect (Chapter 2).
These findings are particularly relevant for policymakers, highlighting the need to
increase vaccine uptake among socially deprived and migrant populations in future

EID vaccination campaigns.

In Belgium, the COVID-19 vaccination rollout was organized in three phases based

on clinical risk and occupational exposure: Phase 1a included residents and staff in
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care institutions and frontline healthcare workers; Phase 1b targeted people aged
65 years and over, those aged 45 to 64 with comorbidities, and essential social and
economic function workers; and Phase 2 extended vaccination to the general adult
population [463]. However, this approach overlooked key SDOH, which play a
critical role in shaping vaccine uptake and subsequent vaccine-preventable health
outcomes.

To move towards more equitable vaccination campaigns in future (re-)EID
outbreaks, policy could apply an approach based on proportionate universalism,
which advocates for universal actions, but delivered with a scale and intensity
proportionate to the level of social disadvantage, to flatten the social gradient
[464]. Applied to vaccination, this approach recognizes that while vaccination
should be accessible to all, populations experiencing greater barriers, such as
migrants and socially disadvantaged groups, require additional, tailored support to

achieve equitable coverage.

However, this approach carries a risk of stigmatization and presents challenges in
implementation. It is therefore crucial to carefully identify the populations who
struggle to benefit from universal resources, not only on the basis of SE indicators
such as income, education, or geographic area, but also by assessing their specific

needs to minimize the risk of stigma [465].
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Box 1 provides some recommendations which can help to ensure proportionate

universal vaccination allocation resources.

Box 1. Recommendations to promote equitable vaccination coverage through
proportionate universal vaccination allocation resources.

e Strengthen community participation through co-created

vaccination programs
Engage local organizations and community leaders representing socially
deprived and migrant populations in the design and delivery of vaccination
strategies. Such participatory approaches increase cultural relevance and
enhance trust in public health authorities, thereby reducing vaccine hesitancy

[454,461].

o Strengthen health and digital literacy to improve access to,
understanding of, and use of reliable health information
Health literacy is a crucial enabler of informed and equitable health decisions
[466,467]. Health literacy is generally lower among ethnic minorities,
immigrants, and socially deprived populations, yet it plays a crucial role in
adopting preventive behaviors and in finding, understanding, and applying

government messaging about COVID-19 [468].

382



Box 1. Continued

In 2021, among Organization for Economic Co-operation and Development
(OECD) countries, Belgium was one of the few that did not implement specific
policies to improve health and digital literacy to address inequities in preventive
behavior uptake and the recognition of misinformation [468].

Strengthening health literacy among vulnerable groups can empower individuals
to critically evaluate information, identify misinformation, and assess personal
health risks. This can be achieved through the following actions:

- Providing timely, accurate, and accessible COVID-19 information in all
relevant languages. Public health messaging should be clear, actionable,
and accessible (i.e., adapted to varying literacy levels and available in
multiple formats to take into account those with no internet connection
or low digital literacy) [454,469] ;

- Developing culturally competent education and prevention campaigns
in collaboration with community organizations and NGOs [468] ;

- Improving health professionals’ communication skills to create
supportive environments that enable vulnerable populations to

understand and apply health information effectively [468].
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Box 1. Continued
- Strengthening coordination between scientific and political sectors to
ensure consistent messaging and avoid an overwhelming flow of
(mis)information leading to public confusion and mistrust [470,471].
e Address practical barriers to vaccine access
Adapt vaccination services to people’s lived realities by addressing logistical
obstacles such as lack of transportation, inflexible work hours, and child care
responsibilities. Solutions may include mobile vaccination units, extended
service hours, workplace-based delivery, or even door-to-door outreach

[454,461].

2. Tackling the high burden of COVID-19 mortality in care homes

As demonstrated in Chapter 3, living in care homes was the key predictor of COVID-
19 mortality among the Belgian adult population, aligning with many national
[120,472] and international findings [473]. In Belgium, 44.7% of all notified COVID-
19 deaths between the first and seventh waves occurred among care home
residents [474]. During the first wave, excess mortality in these facilities was nearly

double that observed in the community among individuals of the same age and sex
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[475], underscoring that residing in a care home constituted a distinct risk
environment.

Several factors contributed to this disproportionate mortality burden. At the
individual level, care home residents were highly vulnerable due to advanced age,
frailty, and comorbidities. At the institutional level, care home settings heightened
exposure risks, primarily through staff serving as vectors of transmission from the
community, particularly when employees worked across multiple facilities
[115,476,477]. At the systemic level, public authorities focused primarily on
preserving hospital capacity, often leaving care homes to function as improvised
medical units without sufficient personal protective equipment (PPE), diagnostic
capacity, or epidemic management expertise in closed settings [478]. These gaps
induced early and rapid viral spread, facilitated by delayed government measures
[475].

Box 2 outlines some recommendations for strengthening pandemic preparedness
and response in Belgian care homes to reduce excess mortality in future health

crises.
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Box 2. Recommendations to tackle the high burden of COVID-19 mortality in
care homes

o Implement systematic and regular testing of staff and residents,

including asymptomatic screening

Undetected introductions of SARS-CoV-2 were a major driver of outbreaks in
care homes [479]. Evidence from Belgium and other European countries
demonstrated a strong correlation between COVID-19 deaths in the community
and in care homes, underscoring the importance of community transmission
[473]. At the beginning of the pandemic, only symptomatic residents were
tested in Belgium [480]. Expanded testing should encompass systematic and
regular screening of staff and residents, with intensified frequency during high
community incidence to inform IPC, isolation, and cohorting strategies [478].

e Guarantee sufficient and adapted infection prevention and

control (IPC) training

During the first wave of COVID-19, Belgian care homes experienced acute
shortages of staff and personal protective equipment (PPE), which severely

hampered efforts to reduce viral transmission [115,478,481].
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Box 2. Continued

IPC measures were often insufficient or poorly adapted, largely due to limited
access to PPE, inadequate training in epidemic management among care-home
staff, and the absence of clear, practical guidelines. To address these
shortcomings, authorities should establish dedicated PPE stockpiles for long-
term care facilities, supported by efficient distribution systems to prevent
shortages during health emergencies. In parallel, ongoing and practical IPC
training must be provided to all staff, including auxiliary and temporary
personnel, to bridge gaps in knowledge and practice revealed during the
pandemic, and to ensure the consistent application of protocols [478].

e Provide external support to care homes in need

Targeted support for care homes during crises is crucial. The intervention of
Meédecins Sans Frontieres in Belgium demonstrated that mobile teams providing
on-site coaching, psychological first aid, and practical guidance were highly
valued, as they strengthened staff confidence and enhanced the overall crisis
response. Building on this model, authorities should establish dedicated mobile
units with the capacity for rapid deployment, ensuring timely assistance to care

homes in need during future health emergencies [478].
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3. Tackling social inequalities in the burden of comorbidities

Our findings highlight that comorbidities play a moderate mediating role in social
disparities in COVID-19 morbidity (Chapter 2) and are among the strongest
predictors of post-acute COVID-19-related organ complications following severe
COVID-19 (Chapter 4). Reducing health inequalities in EID-related health outcomes
therefore requires targeted policies aimed at reducing the burden of comorbidities,

particularly among individuals with lower SES.

Belgium’s healthcare system generally performs well: in 2018, 74% of the adult
population reporting being in good health, compared to the EU average of 69%
[118]. The system operates under a compulsory health insurance managed by
RIZIV-INAMI, covering 99% of the population, with broad benefits and direct access
to healthcare providers due to the absence of gatekeeping. Funded through social
insurance principles, the system ensures both horizontal solidarity (between
healthy and diseased individuals) and vertical solidarity (ensuring higher

reimbursement rates based on income and social status) [118,447].

However, health disparities persist in Belgium [118,445]. In 2019, 59% of
individuals in the lowest income quintile reported being in good health, compared
to 87% in the highest, representing the largest gap among Western EU countries
[118]. Indeed, chronic conditions are more prevalent among individuals in the

lowest compared to the highest income quintile (39% vs. 16%), mainly due to
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unequal healthcare access and greater exposure to risk factors [118]. In 2019, 4%
of individuals in the lowest income group reported unmet medical needs, primarily
for financial reasons, compared to 0.2% in the highest quintile [118]. Behavioral
risk factors, such as smoking, unhealthy diet, and inactivity, are also more prevalent
among individuals with lower SES, largely contributing to inequalities in health and

life expectancy [118,482-484].

Box 3 outlines policy recommendations for future pandemic preparedness plans
aiming to reduce the disproportionate burden of comorbidities that drive unequal
vulnerability to infection and increase morbidity and mortality rates among

individuals with lower SES.

Box 3. Recommendations to reduce social inequalities in the burden of
comorbidities
e Strengthen targeted prevention programs

In 2019, Belgium allocated 1.6% of total health spending to prevention,
compared to the EU average of 2.9%, and reported higher rates of preventable
mortality than many Western EU countries. Increasing health spending on
prevention, particularly for socially vulnerable populations, could help reduce
the burden of behavioral risk factors, which disproportionally affects socially

vulnerable groups and accounted for one-third of all deaths in 2019 [118].
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Box 3. Continued

e Strengthen access to primary healthcare in deprived areas

Community health workers (CHWs), deployed following the COVID-19 crisis,
have proven effective in reaching socially vulnerable groups [485]. Sustained
funding and stronger integration of CHWs in the formal healthcare system are
crucial to overcome barriers such as mistrust, administrative complexity, and
language or legal issues [486,487].

Additionally, healthcare centers should be equitably distributed geographically
and accessible to individuals with reduced mobility, to ensure timely access to
local primary care in deprived areas [486].

e Ensure equitable access to teleconsultation

While teleconsultation improved healthcare access during the pandemic [118],
digital exclusion remains a barrier for many socially disadvantaged communities
[486]. Policies should promote digital literacy, provide affordable devices, and
ensure access to reliable high-speed internet to guarantee equal access to

teleconsultation in future health crises.
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4. Reducing the long-term burden of severe COVID-19

In Chapter 4, significant post-acute CV and pulmonary complications were
identified following COVID-19 hospitalization. These findings provide important
evidence for policymakers regarding the long-term health impacts of severe COVID-
19 and underscore the need to implement effective measures to address them. Box
4 outlines several recommendations to help mitigate the long-term burden of
severe COVID-19, that can be applied in response to future EIDs with similar

characteristics.

Box 4. Recommendations to reduce the long-term burden of severe COVID-19

e Strengthen general practitioners’ knowledge of long COVID and

promote multidisciplinary care

In 2022, most GPs reported insufficient knowledge of long COVID and a lack of
scientific guidance on its diagnosis and management [488]. It is essential to
enhance their understanding of potential post-acute organ complications and
emphasize the importance of targeted follow-up for socially vulnerable
populations, who are more prone to comorbidities and face greater barriers to
care. Given the complexity of long COVID, promoting multidisciplinary
collaboration, recognized as important by 93% of GPs but not consistently

implemented, is also critical [488].
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Box 4. Continued
e Raise awareness among healthcare providers about the

personalized long COVID care pathway

In Belgium, patients suffering from long COVID, regardless of hospitalization
status, can benefit from a personalized care pathway established by RIZIV-INAMI
[489]. Since July 2022, and updated most recently in July 2024, this pathway
offers full reimbursement for a range of frontline services (e.g., physiotherapy,
psychology, dietetics), provided the condition is certified by a GP or specialist
[489]. However, awareness of this program among healthcare providers remains
low, leading to its underutilization [490]. Improving communication about the
availability and implementation of this care pathway is essential to support
patient recovery.

e Strengthen post-hospital follow-up for COVID-19 patients

Several initiatives have been implemented in Belgium to support post-
hospitalization follow-up for COVID-19 patients, including home-based
telemonitoring and/or intermediate care structures [489,491]. However, the
proportion of patients who have effectively benefited from these services

remains limited [492].
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Box 4. Continued
Strengthening and institutionalizing these follow-up mechanisms would help

ensure optimal care for patients recovering from severe COVID-19.

5. Enhancing timely access to comprehensive individual-level health
and social data

Although Belgium has many high-quality health and social data sources,
researchers often face significant administrative, technical, and ethical barriers that
impede timely access and use of comprehensive individual-level data. This is a
critical issue, particularly in the context of public health emergencies, where rapid,

evidence-based policy decisions are essential.

The HELICON population data linkage exemplifies these challenges. Following
ethical approval, it took nearly three years to access the necessary linked datasets,
resulting in major delays in conducting analyses and delivering findings to support
decision-making. Due to technical and administrative difficulties, the project was
also unable to include data from testing and vaccination registries, an omission that
constrained the application of the syndemic framework of the pandemic, and
therefore, the ability to fully address important research questions. Additionally,
HELICON's restricted access to detailed data formats, such as exact dates of death

or hospital admission, created further methodological challenges, constraining the
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use of appropriate statistical techniques like survival analysis. Also, the restricted
access to granular data, for example on the type of occupation or the exact country
of origin, further restricted the precision of our conclusions and prevented related

tailored recommendations.

Box 5 outlines policy recommendations to address the limited and delayed access
to health and social data in Belgium, which remains a major barrier to timely

responses during public health crises.

Box 5. Recommendations to enhance timely access to comprehensive
individual-level health and social data
e Support the collection and use of individual-level data within the

syndemic framework

To fully understand and effectively address social health inequalities during EID
outbreaks, it is essential to collect and make available comprehensive data
within the syndemic framework, accounting for the four critical pathways driving
social inequalities in EIDs: transmission, exposure, vulnerability, and access to
treatment and preventive services. Policymakers should prioritize facilitating
researchers' (timely) access to such multidimensional data, enabling analyses

that reflect the full complexity of the syndemic framework.
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Box 5. Continued
This is crucial for identifying the root causes of social disparities, informing
tailored interventions, and ultimately effectively reducing inequities in EID-
related health outcomes.

e Support the collection and use of more granular individual-level

country-of-origin data

To ensure tailored recommendations and further health equity, the
collection and use of individual-level data on cases, hospitalizations,
deaths, and vaccination by migrant status with the specific country on
origin should be supported [454].

e Facilitate the automatic and systematic creation of a NISS Bis

number for individuals not officially registered in Belgium
The NISS Bis number provides a unique identifier without requiring official
registration in the national register. Expanding and facilitating its use would both
improve access to essential services for unregistered individuals (e.g., the BIS
number gave access to COVID-19 vaccines) and allow to include unregistered
populations in social and health databases through this unique identifier. This,
in turn, strengthens the evidence base for policy decisions and helps design

interventions that reflect the health and social realities of the entire population.
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Box 5. Continued
e Support the development of a sustainable longitudinal

population-based Belgian cohort

The COVID-19 pandemic highlighted the importance of longitudinal population-
based cohorts in answering urgent policy questions, such post-infection
sequelae, vaccine effectiveness, and societal impacts [493—495]. These cohorts
also enabled comparisons between pre- and post-pandemic situations [496].
Although Belgium has the potential to support this type of system, through the
NISS number and secure linkage platforms (i.e., Healthdata.be), such
infrastructure does not yet exist [497]. Implementing it would allow for the
tracking of individuals and events such as changes in employment, housing, and
education, which are critical for understanding health inequalities and shaping
preventive policies.

e Move toward an integrated national health information system

In the wake of the COVID-19 crisis, the Belgian government acknowledged the
critical need for enhanced access to and availability of health and social data. In
March 2023, the Belgian Health Data Agency (HDA) was launched as part of an
integrated federal initiative to facilitate the (re-)use of routine health and social

data for policy development and research [498].

396




Box 5. Continued
This national initiative provides a framework that will strengthen Belgium’s

response to future (re-)EIDs and improve overall pandemic preparedness.
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For research

The findings of this dissertation underscore the critical need for researchers to
collect social indicators alongside clinical data in EID surveillance to promote
equitable resource allocation and policy evaluation during pandemics.
Furthermore, this thesis demonstrated the value of using causal inference
methods, such as mediation analysis, to identify key factors that should be targeted

to reduce social inequalities in EID health outcomes.

Box 6 provides recommendations for future research in Belgium and beyond, aimed
at further monitoring and understanding the scope, origins, and consequences of

EID-related health inequalities.

Box 6. Recommendations for future research
e Rethink emerging infectious disease routine surveillance system
by systematically integrating social indicators
In Belgium, this is already underway with the EPI-LINK project set up by
Sciensano, which aims to couple clinical data with other administrative registers,
such as vaccination, mortality, SD, and SE data. This project will enable routine
surveillance of infectious diseases and support the documentation of responses

to public health emergencies as part of pandemic preparedness [499].
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Box 6. Continued

e Continue investigating the causal pathways driving EID-related

health inequalities within the syndemic framework
Deepen research into transmission, exposure, vulnerability, and access to
treatment and preventive services factors that influence the relationship
between social inequalities and severe health outcomes during infectious
disease pandemics, in order to identify the key risk factors that should be
targeted to reduce these inequalities.

e Apply intersectional approaches in epidemiological research

Unravel how overlapping social determinants (e.g., ethnicity, gender, SE status)
shape vulnerability during infectious disease outbreaks, to better tailor
prevention and care strategies [500].

e Apply mixed-methods designs

Future research should apply mixed-methods designs to better understand
social inequalities in vaccination . Quantitative methods can identify patterns of
under vaccination across groups defined by age, migration background,
socioeconomic status, or type of care facility. Qualitative methods can then
explore underlying barriers, such as mistrust, language or administrative
obstacles. Such evidence is crucial to design equitable strategies that improve

vaccine uptake among the most vulnerable populations.
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Box 6. Continued

e Cross-country analysis of social inequalities in EIDs’ outcomes

Promote international comparative research on social inequalities in EID
outcomes by harmonizing study populations, indicators, and methodologies
across countries. Once disparities are mapped, further analysis could focus on
the underlying drivers, such as differences in political or health systems, to
inform evidence-based strategies that reduce inequities. The European Health
Data Space can support this by providing standardized, cross-country health and
social data, enabling robust comparisons and analysis of underlying drivers of
EID outcome disparities [501].

e Leverage artificial intelligence for early detection of emerging

inequalities
Use Al to automate data analysis, monitor trends, and quickly detect social
disparities in real time during EID outbreaks [502]. Within the EU, the Al Act is

the first legal framework aiming at fostering trustworthy Al in Europe [503]
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Conclusion

The findings of this dissertation call for urgent and sustained policy action to tackle
persistent social health inequalities that have long shaped the impact of EIDs, as
well as the long-term health direct impacts of COVID-19 on organ systems. Action
is urgently needed, particularly in the Belgian context, where an aging population,
ongoing migratory movements, a high prevalence of chronic conditions, and

widening social inequalities amplify the challenges.

To move toward a more equitable health system and reduce the long-term
consequences of COVID-19 and future similar vaccine-preventable viral respiratory

EIDs, policymakers should prioritize the following actions:

=> Integrate social equity into pandemic preparedness and response;

= Enable real-time monitoring of social health inequalities in EIDs routine
surveillance system;

=> Strengthen primary healthcare and prevention in socially deprived areas;

= Ensure long-term follow-up after COVID-19 hospitalization.

These policy directions are essential to reduce the inequitable impacts of EIDs and
their long-term direct health consequences, with the aim of building a more

resilient and equitable public health system for future health crises.
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Appendix A.

Variables list, description and data inclusion/removal of the Clinical survey admission and discharge forms. Source: Produced by

Van Goethem N. and reused with permission.

Variable name

Description

Value set or terminology

Date inclusion
or removal*

Admission questionnaire

dt_reporting_admis Declaration date Date

Hospital_name_admis Hospital name Dropdown list

Hosp_patient_ID Hospital record ID of the patient Text

National_nr National registry number of the patient - | Text From Sept. 14
pseudonimized

dob Birth date of patient Date

gender Gender or patient Male/Female/Other/ Unknown

Post_code Post code of patient (in Belgium) Numeric

and readmission

Country_resid Country of residence Belg./Unknown/Other From June 8

country_resid_other Specification of country of residence, if Text From June 8
'other’

Readmission Previous hospitalization for COVID-19 Yes/No From April 22

1 Date of inclusion (from ...) / removal (up to ...) of a variable in the questionnaire is only indicated if not collected from the initiation of the survey or if
removed during the surveillance period up to 8t of June (last survey update).

405




previous hospital stay

Prev_admis_same_hosp If readmitted for covid, from same Yes/No From April 22,
hospital? up to Sept. 14
Prev_admis_hosp_patient_id if same hospit, hospital patient id from Text From April 22,

up to Sept. 14

Prev_admis_hospital_name

if readmitted after discharge from other
hospital, hospital name

Dropdown list

From April 22,
up to Sept. 14

Prev_admis_dt_discharge if readmitted after discharge from other | Date From April 22,
hospital, date discharge up to Sept. 14

Expo_HCW Patient is a health care worker Yes/No/ Unknown

Expo_retirement_home Patient is a nursing home resident Yes/No/Unknown

Expo_collective_housing

Patient is a resident in a collective
housing

No / Yes, revalidation centre / Yes,
psychiatric centre / Yes, homeless
housing / Yes, other / Unknown

From June 8,
up to Sept. 14

patient

IndexCase Index case in the HH (< 18)? Patient / Yes, adult / Yes, child / From June 8
Unknown

N_household Number of persons living in the same Numeric From June 8

household (<18)

Ethnic Ethnic group of the patient European /Hispanic / Asian / From June 8
Subsaharan African / North African /
Mixed / Other / Unknown

Test_for_covid Test for symptoms suggestive of COVID Yes/No From June 8

Test_systematic Systematic testing of an hospitalized Yes/No From June 8

2 Questions asked only for patients below the age of 18 are indicated by (<18)
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Test_other Test for other reason Yes/No From June 8

Test_unknown Unknown reason for testing Yes/No From June 8

Expo_travel Exposition — Travel to risk region Yes/No Up toJune 8

Expo_Contact_confirmed Exposition — Contact with confirmed Yes/No Up to Sept. 14
COVID-19 patient

Expo_contact_probable Exposition — Contact with probable Yes/No Up to Sept. 14
COVID-19 patient

Expo_nosocomial Exposition — Suspicion of nosocomial Yes/No Up to Sept. 14
infection?

Expo_no_identified Exposition — Not identified* Yes/No Up to Sept. 14

Expo_unknown Exposition — Unknown ° Yes/No Up to Sept. 14

Expo_other Exposition - Other Text field Up to Sept. 14

Dt_onset Onset date of the symptoms Date

Dt_admission Date of hospital admission Date

Reason_clinical_status Reason 407o0dgkin407ization — Clinical Yes/No Up to Sept. 14
status related to COVID-19

Reason_at_risk Reason 407o0dgkin407ization — Person at | Yes/No Up to Sept. 14
risk for COVID-19

3 The official definition of 48 hours of hospitalization to consider an infection as nosocomial is not valid in the COVID-19 context, as SARS-CoV-2 has a
longer incubation period. Thus, this reporting is based on the suspicion from the clinician, rather than the timing since hospital admission.

4|f the patient has been queried regarding the exposure, but no exposure was identified.

5 If the patient has not been queried regarding the exposure or there is no record of such an inquiry within the patient medical file.
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Reason_entourage

Reason 408o0dgkin408ization —
Entourage at risk for COVID-19

Yes/No

Up to Sept. 14

Reason_imposs_at_home Reason 408o0dgkin408ization — Isolation Yes/No Up to Sept. 14
at home impossible

Reason_noncov_hospit Reason 408o0dgkin408ization — Yes/No From June 8,
Hospitalisation for another reason no up to Sept. 14
related to COVID

Reason_transfer Reason 408o0dgkin408ization — Transfer Yes/No

from other hospital

Transfer_from

Transfer from which hospital

Dropdown list

transfer_from_other

Specification of hospital name, if other

Text

Reason_other Reason hospitalision — Other Yes/No Up to Sept. 14

Symptom_fever Symptom at admission — Fever Yes/No

Symptom_viral Symptom at admission — Viral syndrome: | Yes/No From Sept. 14
including previously collected weakness,
headache, muscle & joint pain

Symptom_weakness Symptom at admission — General Yes/No Up to Sept. 14
weakness

Symptom_upper_respi Symptom at admission of upper Yes/No From Sept. 14
respiratory tract infection: including
previously collected throat pain, runny
nose

Symptom_low_respi Symptom at admission of low Yes/No From Sept. 14

respiratory tract infection: including
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previously collected cough,
breathlessness, thoracic pain

Symptom_Gl

Symptom at admission — gastro-
intestinal: including previously collected
diarrhea, nausea / vomiting, abdominal
pain

From Sept. 14

Symptom_cough Symptom at admission — Cough Yes/No Up to Sept. 14
Symptom_throat_pain Symptom at admission — Throat pain Yes/No Up to Sept. 14
Symptom_runny_nose Symptom at admission — Runny nose Yes/No Up to Sept. 14
Symptom_anosmia Symptom at admission — anosmia- Yes/No From march 23
agueusia
Symptom_breathless Symptom at admission — Breathlessness | Yes/No Up to Sept. 14
Symptom_diarrhoea Symptom at admission — Diarrhoea Yes/No Up to Sept. 14
Symptom_nausea_vomit Symptom at admission — Nausea Yes/No Up to Sept. 14
Symptom_loss_apetite Symptom at admission: reduced feeding | Yes/No From June 8
(<18)
Symptom_headache Symptom at admission — Headache Yes/No Up to Sept. 14
Symptom_mental Symptom at admission — Irritability Yes/No Up to Sept. 14
Symptom_pain Symptom at admission — Pain Yes/No Up to Sept. 14
Symptom_rash Symptom at admission — Skin rash (< 18) | Yes/No From June 8
Symtom_erythema Symptom at admission — Erythema Yes/No From June 8
multiforme (< 18)
Symptom_urtic Symptom at admission — Urticaria (< 18) | Yes/No From June 8
Symptom_petechia Symptom at admission — Petechia (< 18) | Yes/No From June 8
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Pain_muscle Pain location — Muscles Yes/No Up to Sept. 14
Pain_abdomen Pain location — Abdomen Yes/No Up to Sept. 14
Pain_thorax Pain location — Thorax Yes/No Up to Sept. 14
Pain_joint Pain location — Joint Yes/No Up to Sept. 14
Pain_other Pain location — Other Yes/No Up to Sept. 14
Symptom_none Symptom at admission — None Yes/No
Symptom_other Symptom at admission — Other Text field
Clin_sign_pharyngitis Clinical sign — Pharyngeal exsudate Yes/No From Sept. 14
for <18 only
Clin_sign_conjonctivitis Clinical sign — Conjonctival injection Yes/No From Sept. 14
for <18 only
Clin_sign_convulsions Clinical sign — Convulsions Yes/No From Sept. 14
for < 18 only
Clin_sign_coma Clinical sign — Coma Yes/No From Sept. 14
for < 18 only
Clin_sign_dyspnea Clinical sign — Dyspnea Yes/No From Sept. 14
for < 18 only
Clin_sign_lung_auscult_abnorm | Clinical sighs — Abnormal pulmonary Yes/No From Sept. 14
auscultation for < 18 only
Clin_sign_lung_Xray_abnorm Clinical signs — Abnormal pulmonary Yes/No From Sept. 14
imaging compatible with viral for < 18 only
pneumonia
Clin_sign_none Clinical sighs — None Yes/No From Sept. 14

for <18 only
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Clin_sign_Other Clinical signs — Other Text field From Sept. 14
for <18 only
Temperature Temperature Numeric From Sept. 14
for <18 only
Freq_cardiac Cardiac frequency (< 18) Count/min — numeric From June 8
Freq_respi Respiratory frequency (< 18) Count/min — numeric From June 8
BP_syst Systolic Blood pressure (< 18) Numeric (mmHg) From June 8
BP_diast Diastolic Blood pressure (< 18) Numeric (mmHg) From June 8
Value_SpO2_admission Value of Sp02 at hospital admission (< Numeric (%) From June 8
18)
Comorbid_CVD Comorbidities — Cardiovasular disease
Comorbid_HBP Comorbidities — Arterial hypertension Yes/No
Comorbid_diabetes Comorbidities — Diabetes Yes/No
Comorbid_renal_chronic Comorbidities — Chronic renal disease Yes/No
Comorbid_liver_chronic Comorbidities — Chronic liver disease Yes/No
Comorbid_neuro_chronic Comorbidities — Chronic neurologic or Yes/No
neuromuscular disease (with the
exception of cognitive troubles)®
Comorbid_cognitive Comorbidities — Cognitive troubles Yes/No From March 23

& Initially, it was not specified that cognitive conditions were excluded from the category “Comorbid_neuro_chronic”; from 23rd March on, the definition
was clarified: “chronic neurologic conditions excluding cognitive disorders”, and the category “Cognitive disorders” was added. Cognitive disorder is
indicated as “N/A” for the cases reported before the 23rd March.
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Comorbid_immunodep

Comorbidities — Immunodepresion,

Yes/No

including HIV
Comorbid_lung_chronic Comorbidities — Chronic lung disease Yes/No
Comorbid_solid_cancer Comorbidities — Solid cancer Yes/No
Comorbid_hemato_cancer Comorbidities — Hematological cancer Yes/No
Comorbid_transplant Comorbidities — Solid organ Yes/No From June 8
transplantation
Comorbid_pregnancy Comorbidities — Pregnancy Yes/No
Comorbid_postpartum Comorbidities — Post partum (< 6 weeks) | Yes/No
Comorbid_premature Comorbidities — Prematurity Yes/No From Sept. 14
for <18 only
Comorbid_obesity Comorbidities — Obesity Yes/No From April 3
Comorbid_none Comorbidities — None Yes/No
Comorbid_other Comorbidities — Other Yes/No From April 3
Cardiac_failure If CVD, cardiac failure? (< 18) Yes/No From June 8
Lung_details If comorbid_lung_chronic = “Yes”, Cystic fibrosis / Severe asthma / From June 8
details (< 18) Bronchiectasis / Ciliary diskynesia /
tuberculosis / dysplasia / Other /
Unknown
Immuno_details If immunodepression = “Yes”, details (< HIV / primary immunodeficiency / From June 8
18) immunosuppressive treatment /
Other / Unknown
Transplant_organ If comorbid_transplant = “Yes”, which Kidney / Liver / Lung / Heart / Other | From June 8

organ? (< 18)
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Dt_transplant If comorbid_transplant = “Yes”, date of date From June 8
transplantation? (<18)
Solid_cancer_active If comorbid_solid_cancer = “Yes”, active | Yes/No/Unknown From June 8
in last 5 years?
S_cancer_treat6M If comorbid_solid_cancer = “Yes”, Yes/No/Unknown From June 8,
treatment in the last 6 months? up to Sept. 14
Cancer_bladder if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of bladder up to Sept. 14
Cancer_breast if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of breast up to Sept. 14
Cancer_colon if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of colon/rectum up to Sept. 14
Cancer_endometrium if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of endometrium up to Sept. 14
Cancer_headneck if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of head & neck up to Sept. 14
Cancer_kidney if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of kidney up to Sept. 14
Cancer_liver if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of liver up to Sept. 14
Cancer_lung if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of lung up to Sept. 14
Cancer_melanoma if comorbid_solid_cancer = “Yes”, Yes/No From June 8,

melanoma

up to Sept. 14
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Cancer_pancreas

if comorbid_solid_cancer = “Yes”, cancer
of pancreas

Yes/No

From June 8§,
up to Sept. 14

Cancer_prostate if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of prostate up to Sept. 14
Cancer_thyroid if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of thyroid up to Sept. 14
Cancer_ovarian if comorbid_solid_cancer = “Yes”, cancer | Yes/No From June 8,
of ovary up to Sept. 14
Cancer_other if comorbid_solid_cancer = “Yes”, other | Text field From June 8,
cancer up to Sept. 14
Cancer_unknown if comorbid_solid_cancer = “Yes”, Yes/No From June 8,
unknown location of cancer up to Sept. 14
Hemato_cancer_active If comorbid_hemato_cancer = “Yes”, Yes/No/Unknown From June 8
active in last 5 years?
H_cancer_treat6M If comorbid_hemato_cancer = “Yes”, Yes/No/Unknown From June 8,
treatment in the last 6 months? up to Sept. 14
H_Cancer_hodgkin if comorbid_solid_cancer = “Yes”, Yes/No From June 8,
Hodgkin lymphoma up to Sept. 14
H_Cancer_leukemia if comorbid_solid_cancer = “Yes”, Yes/No From June 8,
leukemia up to Sept. 14
H_Cancer_myeloma if comorbid_solid_cancer = “Yes”, Yes/No From June 8,
multiple myeloma up to Sept. 14
H_Cancer_non_hodgkin if comorbid_solid_cancer = “Yes”, non Yes/No From June 8,

4140dgkin lymphoma

up to Sept. 14
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H_Cancer_other if comorbid_solid_cancer = “Yes”, other | Text field From June 8,
up to Sept. 14

H_Cancer_unknown if comorbid_solid_cancer = “Yes”, Yes/No From June 8,
unknown type of cancer up to Sept. 14

Hemato_stemcell if comorbid_hemato_cancer = “Yes”, Yes/No From June 8
patient received stem cell
transplantation? (< 18)

Dt_stemcell if hemato_stemcell = “Yes”, date of date From June 8
transplantation (< 18)

Prema_preg_weeks if comorbid_premature = “Yes”, weeks Numeric (weeks) From June 8
of pregnancy at birth (< 18)

Prema_birth_weight if comorbid_premature = “Yes”, weight Numeric (gr) From June 8

at birth

Pregnancy_trimester Pregnancy trimester (< 18) 1st/2"/3rd/Unknown
Current_smoker Current smoker ? Yes/No/Unknown
Influenza_vaccine Has the patient been vaccinated against | Yes/No/Unknown Up to Sept. 14

influenza (season 2019-2020)?

Treat_IEC_Sartan

Is the patient under IEC and/or SARTAN
treatment?

Yes, an IEC/ Yes, a SARTAN / Yes, an
IEC and a SARTAN / No / Unknown

Up to Sept. 14

Treat_NSAI Is the patient under usual treatment Yes/No/Unknown From June 8
NSAI? (< 18)
Treat_corticoid_PO Is the patient under usual treatment Yes/No/Unknown From June 8

with oral corticoids? (< 18)
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Cortic_dose if Treat_corticoid_PO="Yes” then which Numeric (/kg/day) From June 8
dose. (< 18)
Treat_immunodep Is the patient under usual treatment Yes/No/Unknown From June 8
with immunodepressor? (< 18)
Lab_name Laboratory name Text Up to April 3
Dt_sample Date of sample for COVID-19 diagnosis Date Up to April 3
Type_sample Type of sample Nasopharyngeal swab / Up to April 3
nasopharyngeal aspirate / BAL /
Other
Type_sample_other Specification of type of sample, if other Up to April 3
Dt_lab_confirmation Date of lab confirmation Date From April 3
Diag_method_PCR Diagnostic method — Positive result by Yes/No From April 3
PCR?
Diag_method_Scan Diagnostic method — Typical thoracic Yes/No From April 3
scan
Diag_method_Ag_rapid Diagnostic method — Positive rapid Yes/No From April 3
antigen test
Diag_method_Unk Diagnostic method — Unknown Yes/No From April 3
dt_diagnosis Date du diagnostic ’ Date

7 Initially it was asked to report all patients with a laboratory-confirmed diagnosis of COVID-19. From the 3rd April on, cases confirmed with CT-scan were
also recorded (in line with the change of the official case definition by Sciensano). Thus, before the 3rd of April, the method of diagnosis was not asked
and the date of laboratory confirmation was recorded as dt_lab_confirmation. From the 3rd April on, the method of diagnostic confirmation is now
asked as: diag_method_PCR / diag_method_scan / diag_method_age_rapid / diag_method_unk and the date of diagnosis is recorded as dt_diagnosis

(if it is confirmed by several methods, the date of the first confirmation is asked).
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Name_admis Name of the person reporting the Text
admission®

Phone_admis Phone number of the person reporting Text
the admission®

Email_admis Email address of the person reporting Text
the admission?®

Discharge questionnaire

Dt_reporting_disch Declaration date Date

Hospital_name_disch

Hospital name

dropdown list

Pneumonia_Xray

Pneumonia on medical imaging (X-ray or
CT-scan)®

Yes/No/Not done/Unknown

Pneumonia_localisation

if pneumonia_Xray="Yes", Location of

Bilateral/Unilateral/Unknown

Up to Sept. 14

pneumonia
X_ray_not_performed X-ray: not perfomed (< 18) Yes/No From June 8
X_ray_normal X-ray: normal (< 18) Yes/No From June 8
X_ray_inters_syndr X-ray: interstitial syndrome (< 18) Yes/No From June 8
X_ray_cardiomegaly X-ray: cardiomegaly (< 18) Yes/No From June 8
X_ray_pleural X-ray: pleural effusion (< 18) Yes/No From June 8
X_ray_consolidation X-ray: alveolar consolidation (< 18) Yes/No From June 8
X_ray_other X-ray: other image Yes/No From June 8
CTscan_not_performed CT-scan: not perfomed (< 18) Yes/No From June 8

8 Coordinates of the data providers are used only to recontact in case of question or communication related to the data but are not analyzed.
9 Includes pneumonia observed at the CT-scan and/or at the thoracic X-ray.
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CT_scan_normal CT-scan: normal (< 18) Yes/No From June 8
CT_scan_ground_glass CT-scan: Ground glass (< 18) Yes/No From June 8
CT_scan_crazy_paving CT-scan: crazy paving (< 18) Yes/No From June 8
CT_scan_micronodule CT-scan: micronodules (< 18) Yes/No From June 8
CT_scan_pleural CT-scan: pleural effusion (< 18) Yes/No From June 8
CT_scan_consolidation CT-scan: consolidation (< 18) Yes/No From June 8
CT_scan_bronchiectasis CT-scan:bronchiectasis (< 18) Yes/No From June 8
CT_scan_other CT-scan: other image (< 18) Yes/No From June 8
Oxygen Did the patient receive oxygen during his | Yes/No/Unknown From June 8
hospital stay?
ICU_transfer Was the patient transferred to ICU Yes/No/Unknown
Complic_none Complication: None Yes/No From June 8
ARDS Complication: ARDS Yes/No/Unknown From June 8
Complic_MOF Complication: MOF Yes/No From June 8
Complic_myocarditis Complication: myocarditis Yes/No From June 8,
up to Sept. 14
Complic_sepsis Complication: sepsis Yes/No From June 8
Complic_bacterial_super Complication bacterial superinfection Yes/No From June 8,
up to Sept. 14
Complic_bacterial_pulmonary Pulmonary bacterial complication Yes/No From Sept. 14
Complic_bacteremia Complication bacteremia Yes/No From Sept. 14
Complic_fungal Complication: fungal infection Yes/No From June 8
Complic_kidney Complication: kidney failure Yes/No From June 8
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Complic_delirium

Complication:

delirium

Yes/No

From June 8§,
up to Sept. 14

Complic_conscious Complication: altered consciousness Yes/No From June 8
Complic_shock Complication: shock Yes/No From June 8
Complic_embol Complication: pulmonary embolism Yes/No From June 8
Complic_ACS Complication: acute coronary syndrome | Yes/No From June 8
Complic_stroke Complication: stroke Yes/No From June 8
Complic_hep_hypoxia Complication hepatic hypoxia Yes/No From June 8
Complic_other Complication: other Text-field From June 8
Superinfection Bacterial and/or fungal surinfection Yes/No/Unknown Up to June 8
Kawasaki Kawasaki/SIRS (only < 18) Yes/No/Unknown From June 8
Kawasaki_immuno Treatment for Kawasaki: Yes/No/Unknown From June 8
Immunoglobulines (only < 18)
Kawasaki_cortic Treatment for Kawasaki: corticoides Yes/No/Unknown From June 8
(only < 18)

Kawasaki_AAS Treatment for Kawasaki: AAS (only < 18) | Yes/No/Unknown From June 8
Value_Pa02_admission Value of Pa02 at hospital admission Numeric

Value_lympho_admission Value of Ph at hospital admission Numeric

Value_LDH_admission Value of LDH at hospital admission Numeric

Value_CRP_admission Value of CRP at hospital admission Numeric

Value_PCO2_admission Value of PCO2 at hospital admission Numeric Up to June 8
Value_Ph_admission Value of Ph at hospital admission Numeric Up to June 8
Value_lactate_admission Value of lactate at hospital admission Numeric Up to June 8
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Creatinine_admission_mg Value of creatinine in mg/dl at hospital Numeric Up to June 8
admission

Creatinine_admission_mol Value of creatinine in umol/I at hospital Numeric Up to June 8
admission

Value_Pa02_USI Value of Pa02 at ICU admission Numeric Up to June 8

Value_PCO2_USI Value of PCO2 at ICU admission Numeric Up toJune 8

Value_Ph_USI Value of Ph at ICU admission Numeric Up to June 8

Creatinin_admission_USI_mg Value of creatinine in mg/dl at ICU Numeric UptoJune 8
admission

Creatinin_admission_USI_mol Value of creatinine in umol/Il at ICU Numeric Up to June 8
admission

Value_lympho_USI Value of Lymphocytes at ICU admission Numeric Up to June 8

Value_LDH_USI Value of LDH at ICU admission Numeric Up to June 8

Serology_COVID Serology was performed for the patient? | Yes/No/Unknown From June 8

Dt_serology If performed, date of serology Date From June 8,

up to Sept. 14
Serology_result Result of serology Positive/Negative/Undetermined/U | From June 8
nknown
Hemoc Hemoculture (only < 18) Positive/negative/not From June 8
performed/unknown

Hemoc_germ if hemoc="positive", which germ was Text field From June 8
identified (only < 18)

Respi_virus Coinfection with respiratory virus? No/Yes/Not tested/Unknown From June 8

Virus_type If yes, which virus(es) Text field From June 8
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Treatmentl Specific COVID-19 treatment received? Yes/No/Unknown Up to June 8
Name_Drugl Drug name treatment 1 Text Up to June 8
Dt_init_drugl Start date treatment 1 Date Up toJune 8
Dt_stop_drugl Stop date treatment 1 Date Up to June 8
Drugl_administration Administration mode drug treatment 1 Per os/IV/Unknown/Other Up toJune 8
Drugl_admin_other Specification of other administration Text Up to June 8
mode of drug treatment 1, if 'other’
Treatment2 Specific COVID-19 treatment received? Yes/No/Unknown UptoJune 8
Name_Drug2 Drug name treatment 2 Text Up toJune 8
Dt_init_drug2 Start date treatment 2 Date Up toJune 8
Dt_stop_drug2 Stop date treatment 2 Date Up toJune 8
Drug2_administration Administration mode drug treatment 2 Per os/IV/Unknown/Other Up toJune 8
Drug2_admin_other Specification of other administration Text Up to June 8
mode of drug treatment 2, if 'other’
Treatment3 Specific COVID-19 treatment received? Yes/No/Unknown UptoJune 8
Name_Drug3 Drug name treatment 3 Text Up toJune 8
Dt_init_drug3 Start date treatment 3 Date Up to June 8
Dt_stop_drug3 Stop date treatment 3 Date Up to June 8
Drug3_administration Administration mode drug treatment 3 Per os/IV/Unknown/Other Up toJune 8
Drug3_admin_other Specification of other administration Text Up to June 8
mode of drug treatment 3, if 'other’
HCQ Hydoxychloroquine received? Yes/No/Unknown From June 8
Dt_init_HCQ Start date HCQ Date From June 8,

up to Sept. 14
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Dt_stop_HCQ Stop date HCQ Date From June 8,
up to Sept. 14
Remdesivir Remdesivir received? Yes/No/Unknown From June 8
Dt_init_Remdesivir Start date remdesivir Date From June 8,
up to Sept. 14
Dt_stop_remdesivir Stop date remdesivir Date From June 8,
up to Sept. 14
Lopi_ritonavir Lopinavir/Ritonavir received? Yes/No/Unknown From June 8§,
up to Sept. 14
Dt_init_Lopi_rito Start date Lopinavir/Ritonavir Date From June 8,
up to Sept. 14
Dt_stop_Lopi_rito Stop date Lopinavir/Ritonavir Date From June 8,
up to Sept. 14
Olsetamivir Olsetamivir received? Yes/No/Unknown From June 8,
up to Sept. 14
Dt_init_Olsetamivir Start date Olsetamivir Date From June 8,
up to Sept. 14
Dt_stop_Olsetamivir Stop date Olsetamivir Date From June 8,
up to Sept. 14
Macrolides Macrolides received? Yes/No/Unknown From June 8
Dt_init_Macrolides Start date Macrolides Date From June 8,
up to Sept. 14
Dt_stop_Macrolides Stop date Macrolides Date From June 8,

up to Sept. 14
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Tolicizumab Tolicizumab received? Yes/No/Unknown From June 8,
up to Sept. 14
Dt_init_Tolicizumab Start date Tolicizumab Date From June 8,
up to Sept. 14
Dt_stop_Tolicizumab Stop date Tolicizumab Date From June 8,
up to Sept. 14
Other_treatment Other medication specific for COVID-19 Yes/No/Unknown From June 8
received?
Name_other_treat Name other treatment Text From June 8
Dt_init_other_treat Start date other treatment Date From June 8,
up to Sept. 14
Dt_stop_other_treat Stop date other treatment Date From June 8,
up to Sept. 14
Clinical_trial Is the patient part of a clinical trial Yes/No/Unknown From June 8,
up to Sept. 14
AB1 Antibiotic received during Yes/No/Unknown From June 8
hospitalization? (only < 18)
AB1_indication Indication AB 1 (only < 18) Prophylaxis/Sepsis/Infection KTC From June 8
/Other
AB2 Second antibiotic received during Yes/No/Unknown From June 8
hospitalization? (only < 18)
AB2_indication Indication AB 2 (only < 18) Prophylaxis/Sepsis/Infection KTC From June 8
/Other
Corticoid_treatment Systemic corticoid treatment? Yes/No/Unknown From June 8
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LMWH_prevention Prevention with low molecular weight Yes/No/Unknown From June 8
heparin

LMWH_dosis Dosis of LMWH Standard/High/Unknown From June 8

Parent_nutrition Nutrition parentérale (only < 18) Yes/No/Unknown From June 8

Status_discharge

Health status at discharge

Cured/Deceased/Transferred
(hospital)/Other/Unknown

Death_covid If dead, due to covid Yes/No/Unknown
Death_nocovid_cause If dead not due to covid, cause Text
Status_discharge_other Specification of health status at Text

discharge, if 'other'

Transfer_out_hospit_name

Patient transferred to which hospital?

Dropdown list

Transfer_out_hospname_other | Name of 'other' hospital the patient was | Text
transferred to
Dt_discharge Date of discharge, transfer or death Date
Dt_last_test Date of last COVID-19 test before Date Up to Sept. 14

discharge, if done

Result_last_test

Result of last COVID-19 test

Positive/Negative/Unknown

Up to Sept. 14

10 When patients are sufficiently well to be discharged from the hospital, but need to continue their recovery/convalescence at home or at another

place outside the hospital.
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Name_disch Name of the person reporting the Text
discharge®

Phone_disch Phone number of the person reporting Text
the discharge®

Email_disch Email address of the person reporting Text
the discharge®

ICU questionnaire

Dt_reporting_ICU Declaration date Date

Hospital_name_ICU

Hospital name

Dropdown list

Dt_ICU_transfer

Date of transfer to ICU

Date

Length_stay_ICU

Length of stay at ICU

Numeric

UptoJune 8

QuickSOFA_score

QuickSOFA score at admission in ICU

Numeric

UptoJune 8

SOFA_score

SOFA (or pedSOFA > 18 years) score at
admission in ICU: TOTAL - if sedated use
for neurological SOFA the last available
GCS on admission or before intubation

Numeric (total)

ICU_adm_reason

Reason for ICU admission

Dropdown list

From Sept. 14

ICU_adm_reason_other

Reason for ICU admission, if other

Text

From Sept. 14

Non_inv_vent_support

Non-invasive ventilatory support

Yes/No/Unknown

Length_non_inv_vent

Number of days on non-invasive
ventilatory support

Numeric (days)

From Sept. 14

Non_inv_vent_extub

Non-invasive ventilation only after
extubation and weaning from invasive
ventilatory support

Yes/No/Unknown

From Sept. 14
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Inv_Vent_support

Invasive ventilatory support

Yes/No/Unknown

Length_inv_vent Number of days on invasive ventilatory Numeric (days) From Sept. 14
support
Weaning_inv_vent Weaning of IVS Yes (successfully weaned)/No(dead From Sept. 14
whilst on 1IVS)/Unknown
ECMO Oxigenation by ECMO Yes/No/Unknown
Length_ECMO Number of days on ECMO/ECCO2R Numeric (days) From Sept. 14
Weaning_ECMO Weaning of ECMO/ECCO2R Yes (successfully weaned)/No(dead From Sept. 14
whilst on IVS)/Unknown
Vasopressor Vasopressor received? Yes/No/Unknown From Sept. 14
Inotropic Inotropic agent received? Yes/No/Unknown From Sept. 14
Prone_posit Prone positioning? Yes/No/Unknown From Sept. 14
Renal_replace Renal replacement therapy? Yes/No/Unknown From Sept. 14
Tracheostomy Tracheostomy? Yes/No/Unknown From Sept. 14
Value_lactate_USI Value of lactate at ICU admission Numeric
Value_Pa02_FiO2_ratio_ICU Lowest Pa02 / FiO2 on ICU admission Numeric From Sept. 14
(<=48h)
Value_CRP_USI CRP value known at ICU admission? Numeric
Value_Ddimer_ICU Value of ddimeres on ICU admission Numeric From Sept. 14
Value_ferritin_ICU Value of ferritin on ICU admission Numeric From Sept. 14
ICU_outcome Patient was weaned from mechanical Alive/Dead
ventilation
Dt_ICU_discharge Patient was weaned from ECMO Date
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ICU_dead_cause

If dead during ICU stay, reason

Dropdown list

From Sept. 14

ICU_dead_other

Other reason for ICU death

Dropdown list

From Sept. 14

Email_ICU

Email address of the person reporting
the ICU®

Text
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Appendix B.

Description of the substances, Anatomical Therapeutic Chemical (ATC) subcodes and ATC codes used to build the pseudopathologies
available in the Intermutualistic Agency (IMA) database.

Intermutualistic Agency
(IMA) codes

Pseudopathologies
available in IMA

Codes ATC

Sub-codes ATC Corresponding drugs

FL_PSEUDOPATH_0101 Cardiovascular C Cardiovascular co1 Cardiac therapy
diseases (general) system Cc02 Antihypertensives
co3 Diuretics
co4 Peripheral
vasodilatators
Co5 Vasoprotectives
C06 Beta blocking agents
co7 Calcium channel
blockers
Cco8 Agents acting on the
renin-angiotensin
system
C09 Lipid modifying agents
FL_PSEUDOPATH_01A01 Thrombosis B Blood and blood BO1A Anthithrombotic agents
forming organs
FL_PSEUDOPATH_0201 Cardiovascular C Cardiovascular co1 Cardiac therapy
diseases system
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FL_PSEUDOPATH_0301 Chronic obstructive Respiratory system | RO3BB Anticholinergics
pulmonary disease RO3DA0O4 Theophylline
RO3A Adrenergics, inhalants
(if age > 50)
RO3BA Glucocorticoids
(if age > 50)
FL_PSEUDOPATH_2201 Renal failure Alimentary tract A11CCO03 Alfracalcidol
and metabolism Al1CC04 Calcitriol
A11CCO06 Calcifediol
A12AA12 Calcium
Various VO3AE02 Sevelamer
VO3AEO03 Lanthanum carbonate
VO3AEO4 Calcium acetate and
magnesium
VO3AEO1 Polystyrene sulfonate
Systemic hormonal | HO5BX01 Cinacalcet
preparation
(exlusion of sexual
hormones and
insulins)
FL_PSEUDOPATH_1801 Chronic hepatitis B Antineoplastic and LO3AB0O4 Inteferon alfa-2a
and C immunomodulating | LO3ABO5 Interferon alfa-2b
agents LO3AB09 Interferon alfacon-1
LO3AB10 Peginterferon alfa-2b
LO3AB11 Albinterferon alfa-2b
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Antiinfectives for JO5AF08 Adefovir dipivoxil
systemic use JOS5AF10 Entecavir

JOSAE11 Protease inhibitors

JO5AE12 Protease inhibitors

JO5AE14 Protease inhibitors

JO5AX15 Other antivirals

JO5AX65 Other antivirals

JO5AB04 Nucleosides and
nucleotides (exclusion
of reverse transcriptase
inhibitors)

JO5AF05 Lamivudine

FL_PSEUDOPATH_0401 Asthme Respiratory system | RO3DCO1 Zafirlukast

RO3DCO3 Montelukast

RO3DX05 Omalizumab

RO3A (if age < | Adrenergics, inhalants

50)

RO3BA (if age < | Glucocorticoids

50)

FL_CANCER_MOC_YN Based on / / /

reimbursement
consultation
oncologist over the
year of reference
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FL_CANCER_CHEMORT_YN | Based on Antineoplasticand | LO1 Antineoplastic agents
reimbursed chemo- immunodulating
or radiotherapy agents
FL_PSEUDOPATH_2001 Organ transplant Antiinfectives for JO5AF05 Lamivudine
systematic use JO5AG Non-nucleoside reverse
transcriptase inhibitors
JOS5AE Protease inhibitors
JO5AR Antivirals for treatment
of HCV infections
JOSAF Nucleoside, and
nucleotide reverse
transcriptase inhibitors
JO5AX Other antivirals
FL_PSEUDOPATH_1701 HIV Antiinfectives for JOS5AF05 Lamivudine
systematic use JO5AG Non-nucleoside reverse
transcriptase inhibitors
JO5AR Antivirals for treatment
of HIV infections,
combinations
JOSAE Protease inhibitors
FL_PSEUDOPATH_1501 Parkinson Nervous system NO4AB Ethers chemically close
to antihistamines
NO4AC Ethers of tropine or

tropine derivatives
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NO4B

Dopaminergic agents

FL_PSEUDOPATH_1601 Epilepsy and Nervous system NO3 Antiepileptics
neurotic pain
FL_PSEUDOPATH_1901 Multiple sclerosis Antineoplasticand | LO3AB07 Interferon beta-1a
immunomodulating | LO3ABOS Interferon beta-1b
agents LO3AX13 Glatiramer acetate
LO5AA Colony stimulating
factors
Nervous system NO7XX09 Other nervous system
drugs
FL_PSEUDOPATH_2101 Alzheimer Nervous system NO06DX01 Memantine
NO6DA Anticholinesterases
FL_PSEUDOPATH_1301 Psychosis (< 70 Nervous system NOS5AA Phenothiazines with
years) aliphatic side-chain
NO5AB Phenothiazines with
piperazine structure
NO5AC Phenothiazines with
piperidine structure
NO5AD Butyrophenone
derivatives
NOSAE Indole derivatives
NOSAF Thioxanthene

derivatives
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NO5AG Diphenylbutylpiperidine
derivatives

NOS5AH Diazpines, oxazepines,
thiazepines and
oxepines

NO5AN Lithium

NO5AX Other antipsychotics

NO7XX06 Tetrabenazine

FL_PSEUDOPATH_1401 Psychosis (> 70 Nervous system NOS5AA Phenothiazines with
years) aliphatic side-chain

NO5AB Phenothiazines with
piperazine structure

NO5AC Phenothiazines with
piperidine structure

NOSAD Butyrophenone
derivatives

NOSAE Indole derivatives

NOSAF Thioxanthene
derivatives

NO5AG Diphenylbutylpiperidine
derivatives

NO5AH Diazpines, oxazepines,

thiazepines and
oxepines
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NOSAN Lithium
NO5AX Other antipsychotics
NO7XX06 Tetrabenazine
FL_PSEUDOPATH_0601 Diabetes Alimentary tract A10A Insulins and analogues
and metabolism A10B Blood glucose lowering
drugs (exclusion of
insulins)
FL_PSEUDOPATH_0801 Diabetes treated Alimentary tract Al10A Insulins and analogues
with insulin and metabolism A10B Blood glucose lowering
drugs (exclusion of
insulins)
FL_PSEUDOPATH_0901 Diabetes treated Alimentary tract A10B Blood glucose lowering
without insulin and metabolism drugs (exclusion of
insulins)
FL_PSEUDOPATH_0501 Mucovisidosis Respiratory system | RO5CB13 Dornase alfa
(desoxyribonuclease)
RO7AX02 Ivacaftor
Alimentary tract A09AA02 Multienzymes (lipase,
and metabolism protease, etc.)
FL_PSEUDOPATH_1201 Rhumatoid Antineoplasticand | LO4AA Selective
arthritis, Crohn's immunomodulating immunosupressants
disases, ulcerative agents LO4ABO1 Etanercept
LO4AB02 Infliximab
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colitis, arthiritis
psoriasis

LO4AA24 Abatacept
LO4ABO4 Adalimumab
LO4ABO5 Certolizumab pegol
LO4ABO6 Golimumab
LO4ABO7 Opinercept
Alimentary tract AOQ7ECO1 Sulfasalazine
and metabolism AO07EC02 Mesalazine
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Appendix C.

R code to reproduce the working example computing the density distribution of
propensity scores, the relative contributions of all individuals in the overlap
weighted pseudo-population and inverse probability of treatment weighted
pseudo-population, along with the standardized mean difference by balancing

weight method.

# Load packages

library(survey)
library(tableone)
library(scales)
library(dplyr)
library(ggplot2)

# Simulated data based on the distribution of the variables
used in the study by Mehta et al. (2020)

set.seed(123)

simulate exact bin <- function(n, prop) {
k <- round(n * prop)
vec <- c(rep(1, k), rep(@, n - k))
sample(vec)

}

generate_exact_group <- function(n, Age_mean, Age_sd,
Male prop, hta_prop, diab_p
rop,
cad_prop, hf_prop, copd_pro
P,
acei_value) {
Age _raw <- rnorm(n, mean = Age_mean, sd = Age_sd)
Age corrected <- Age raw + (Age _mean - mean(Age raw))

data.frame(
Age = round(Age corrected),
Male = simulate_exact_bin(n, Male_prop),
HTA = simulate_exact_bin(n, hta_prop),
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Diabetes = simulate_exact_bin(n, diab_prop),
CAD = simulate_exact_bin(n, cad_prop),
HF = simulate_exact_bin(n, hf_prop),
COPD = simulate_exact bin(n, copd_prop),
ACEI = acei_value
)
}

group_acei <- generate_exact_group(
n==197,
Age_mean = 62, Age sd = 16,
Male prop = 0.53,
hta _prop = 0.94,
diab_prop = 0.48,
cad _prop = 0.29,
hf prop = 0.25,
copd_prop = 0.23,
acei value =1

)

group_non_acei <- generate_exact_group(
n = 93,
Age_mean = 48, Age sd =
Male prop = 0.39,
hta_prop = 0.36,
diab_prop = 0.17,
cad_prop = 0. 11
hf_prop = 0
copd_prop = 1,
acei_value = 0

)

sim_data <- rbind(group_acei, group _non_acei)
# Compute propensity score model

ps_model <- glm(ACEI ~ Age + Male + HTA + Diabetes + CAD + H
F + COPD,

data = sim_data, family = binomial())
sim_data$propensity score <- predict(ps_model, type = "respo
nse"
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# Plot PS distribution to visualize extreme PS

ggplot(sim_data, aes(x = propensity_score, fill = factor(ACE
I))) +
geom_density(alpha = 0.5) +
labs(title = "",
x = "Propensity score",
y="Density",
fill = "") +
scale_fill manual(values = c("blue", "red"), labels = c("N
o ACEI", "ACEI")) +
theme_minimal()+
theme(
panel.grid.major.x = element_line(color
panel.grid.major.y = element_line(color
panel.grid.minor = element_blank(),
legend.title = element_blank()

)
# Compute IPTW and OW

"gl"ey92" ) ,
llgr\eygzll ) B

sim_data$ipw <- ifelse(sim_data$ACEI == 1, 1 / sim_data$prop
ensity score, 1 / (1 - sim data$propensity score))
sim_datag$ow <- ifelse(sim_data$ACEI == 1, 1 - sim_data$prope
nsity score, sim_data$propensity score)

# Normalize OW

sim_data <- sim_data %>%
group_by(ACEI) %>%
mutate(ow_norm = ow / sum(ow)) %>%
ungroup()

# Comparison of the distribution of diabetes according to ag
e in weighted pseudo-populations and unweighted baseline pop
ulation

sim _data$diabetes label <- factor(sim_data$Diabetes, levels
= C(GJ 1))

labels = c("No diabetes",
"Diabetes"))
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## Unweighted population

ggplot(sim_data, aes(x = Age, y = diabetes_label, color = fa
ctor(ACEIL))) +
geom_jitter(height = 0.2, width = 9,size=3) +
scale_color_manual(values = c("slatebluel", "orangered"),
labels = c("No ACEI", "ACEI")) +

labs(
X = "Age",
y = IIII)
color = ""
) +

theme_minimal() +
theme_classic()+

theme(
axis.title = element_text(color = "black",size=11),
axis.text = element_text(color = "black",size=11),
panel.grid.major.y = element_line(color = "grey80"),

panel.grid.major.x = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "bottom"

)
## OW pseudo-population

ggplot(sim _data, aes(x = Age, y = diabetes label, color = fa
ctor(ACEI), size = ow_norm)) +

geom_jitter(height = 0.2, width = 9) +

scale color manual(values = c("slatebluel", "orangered"),
labels = c("No ACEI", "ACEI")) +

scale_size_continuous(name = "Weighting of each patient")
+

labs(

x = "Age",

color = s

y= mn
) +
theme_minimal() +
theme_classic()+

theme (
axis.title = element_text(color = "black",size=11),
axis.text = element_text(color = "black",size=11),
panel.grid.major.y = element_line(color = "grey80"),
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panel.grid.major.x = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "bottom"

)
## IPW pseudo-population

ggplot(sim data, aes(x = Age, y = diabetes_label, color = fa
ctor(ACEIL), size = ipw)) +

geom_jitter(height = 0.2, width = 0,) +

scale _color_manual(values = c("slatebluel", "orangered"),
labels = c("No ACEI", "ACEI")) +

scale_size_continuous(name = "Weighting of each patient")
+

labs(
x = "Age",
y = "t
color = ""

) +

theme_classic()+

theme(
axis.title = element_text(color = "black",size=11),
axis.text = element_text(color = "black",size=11),
panel.grid.major.y = element_line(color = "grey80"),
panel.grid.major.x = element_blank(),
panel.grid.minor = element_blank(),
legend.position = "bottom"

)

# Compute SMD across treatment groups

vars <- c("Age","Male","HTA","Diabetes","CAD","HF","COPD")

## SMD without weights

table _unadj <- CreateTableOne(vars = vars, strata = "ACEI",
data = sim_data, test = FALSE)

smd_unadj <- ExtractSmd(table_unadj)

## SMD without IPTW

design_ipw <- svydesign(ids = ~1, weights = ~ipw, data = sim
_data)

table_ipw <- svyCreateTableOne(vars = vars, strata = "ACEI",
data = design_ipw, test = FALSE)
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smd_ipw <- ExtractSmd(table_ipw)

## SMD with OW

design_ow <- svydesign(ids = ~1, weights = ~ow_norm, data =
sim_data)

table_ow <- svyCreateTableOne(vars = vars, strata = "ACEI",
data = design_ow, test = FALSE)

smd_ow <- ExtractSmd(table_ow)

smd_df <- data.frame(

Variable = rep(vars, 3),

SMD = c(abs(smd_unadj), abs(smd_ipw), abs(smd_ow)),

Method = rep(c("Unweighted", "IPW", "OW"), each = length(v
ars))

)

ggplot(smd_df, aes(x = Variable, y = SMD, color = Method)) +
geom_point(position = position_dodge(width = ©.6), size =
3) +
geom_hline(yintercept = 0.1, linetype = "dashed", color =
"red") + # seuil 0.1

labs(title = "",
y = "Absolute SMD",
X = IIII) +

scale_y continuous(breaks = seq(@, 2, by = 0.5)) +
theme_classic()+
scale_color_manual(values

orangel")) +

coord flip()+

c("deepskyblue"”, "deeppink",

theme(
axis.title = element_text(color = "black",size=11),
axis.text = element_text(color = "black",size=11),
panel.grid.major.x = element_line(color = "grey80"),

panel.grid.major.y = element_blank(),
panel.grid.minor = element_blank(),
legend.title = element_blank()
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Appendix D.

R code to reproduce the working example implementing a conditional inference

tree algorithm and assessing its predictive performance.

# Install and lLoad the necessary packages
library(party)

library(partykit) # To compute Conditonal Inference Trees

library(binom) # To compute 95% CI for sensitivity and speci
ficity
library(pROC) # To compute ROC curve (+95% CI) and AUC

# Fix the seed for reproducibility
set.seed(123)

# Number of observations
n <- 1000

# Simulate the data: 1000 individuals with binary predictors
'education’ and 'income'’

Education <- factor(sample(c("low", "high"), n, replace = TR
UE))

Income <- factor(sample(c("low", "high"), n, replace = TRUE)

)

# Define a probability for being diseases based on the predi

ctor values

prob <- ifelse(Education == "low" & Income == "high", 0.7,
ifelse(Education == "low" | Income == "high",

0.4, 0.2))

# Generate health status using defined probability

status <- factor(ifelse(runif(n) < prob, "Diseased", "Health

y"))
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# Cenerate dataset
data <- data.frame(Education, Income, status)

# Create the training (70%) and validation (30%) datasets at
random

train_indices <- sample(l:n, size = 0.7 * n)

train_data <- data[train_indices, ]

test_data <- data[-train_indices, ]

### Compute the conditional 1inference tree on the training d
ataset

ctree <- ctree(status ~ Education + Income, data = train_dat
a)

plot(ctree)

### Make predictions on the test dataset
predictions <- predict(ctree, newdata = test_data)

### Convert predictions and actual outcomes to a confusion m
atrix

confusion_matrix <- table(predictions,test data$status)
print(confusion_matrix)

### Assess predictive performances

# Calculate sensitivity and specificity
sensitivity <- confusion_matrix[2, 2] / sum(confusion_matrix

(2, D

specificity <- confusion_matrix[1, 1] / sum(confusion_matrix

(1, 1
# Print the results

print(paste("Sensitivity:", sensitivity))
print(paste("Specificity:", specificity))
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# Calculate confidence intervals for sensitivity and specifi
city
sensitivity_conf_int <- binom.confint(confusion_matrix[2, 2]

, sum(confusion_matrix[2, ]), methods = "wilson")
specificity_conf_int <- binom.confint(confusion_matrix[1, 1]
, sum(confusion_matrix[1, ]), methods = "wilson")

# Print the results with confidence intervals
print(paste("Sensitivity:", round(sensitivity,3),

", 95% CI:", round(sensitivity conf_int[1,5], 3)
, "-", round(sensitivity_conf_int[1,6], 3)))
print(paste("Specificity:", round(specificity,3),

", 95% CI:", round(specificity conf_int[1,5], 3)
, "-", round(specificity_conf_int[1,6], 3)))

# Compute ROC and AUC

predictions <- as.data.frame(predict(ctree, newdata = test d
ata, type = "p"))

# Create predicted class based on the threshold of 6.5
predict_ctree <- ifelse(predictions$Diseased > 0.5, 1, 0)

roc_ctree<-roc(test data$status,predictions$Diseased,
levels = c("Healthy", "Diseased"),
smoothed = TRUE,
# arguments for ci
ci=TRUE, ci.alpha=0.95, stratified=FALSE,
# arguments for plot
plot=TRUE, max.auc.polygon=T, grid=T,
print.auc=TRUE, show.thres=TRUE)
ci <- ci.se(roc_ctree)
plot(ci,type="shape",col="1lightcyan")

445






Appendix E.

R code to reproduce the working example illustrating the differences in
estimating the incidence of COVID-19 mortality using the Kaplan-Meier vs.

competing risk method, in the presence of competing risks.

library("survival™)

library("cmprsk")

# Data

y <- ¢(1,2,3,4,5,6,7,8,9,10) # follow-up

d <- c(1,0,2,1,1,0,2,2,1,0) # 1= event of interest, 2=compet
ing event,O=censored

# Kaplan-Meier (KM) : we considered 2 as censored
d_km <- ifelse(d == 1, 1, 0)

#Fit KM estimator
km_fit <- survfit(Surv(y, d_km) ~ 1)

# Competing risks : estimation CIF for event R=1
cif <- cuminc(y, d, cencode = @)

time cif <- cif[["1 1"]]$time

est cif <- cif[["1 1"]]%est

# Compare KM estimator and competing risk estimator on a gra
ph
plot(km_fit$time, 1 - km_fit$surv, type = "s", col = "orange
", 1wd = 2,
xlab = "Follow-up", ylab
main = "",
ylim = c(9, 1))
lines(time_cif, est_cif, type = "s", col = "red", 1lwd = 2)
legend("bottomright",
legend = c("Kaplan-Meier", "Competing risk"),
col = c("orange", "red"),
lwd = 2)

"Cumulative probability",

grid()
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Appendix F.

R code to reproduce the working example illustrating the calculation of the
cumulative incidence function by subgroup and the use of Gray's test to evaluate

statistical differences between groups.

# Load packages

library(cmprsk)
library(ggplot2)
library(ggsurvfit)
library(tidycmprsk)

# Simulation of the dataset
set.seed(123)
N <- 1000
education <- sample(c("Low education", "High education"), N,
replace = TRUE)
prob_event <- c(covid = 0.2, other = 0.15, censored = 0.65)
event <- rep(@, N)
event[sample(1:N, size = N * prob_event["covid"])] <- 1
remaining <- which(event == 0)
event[sample(remaining, size = N * prob_event["other"])] <-
2
died_idx <- which(event %in% c(1, 2))
education[died_idx] <- sample(c("Low education", "High educa
tion"), length(died idx), replace = TRUE, prob = c(0.8, 0.2)
)
censored_idx <- which(event == 9)
education[censored _idx] <- sample(c("Low education", "High e
ducation"), length(censored_idx), replace = TRUE, prob = c(©
.4, 0.6))
time <- rexp(N, rate = 0.2)
time <- pmin(time, 10) # Tronquer a 10 mois
time <- round(time)
data <- data.frame(

id = 1:N,

time = time,
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status = event,
education = factor(education, levels = c("Low education”,
"High education"))

)

# Convert education in factor and define a refence level
datag$education<-as.factor(datageducation)
data$education<-relevel(data$education,ref = "Low education"

)

# Compute competing riskR cumulative incidence
ci <- cuminc(Surv(time, as.factor(status)) ~ education, data
= data)

# Plot cumulative incidence of COVID-19 death according to t
he education Level

ci %>%
ggcuminc() +
labs(
x = "Follow-up (in months)",
y = "Cumulative incidence of COVID-19 death"
) +

scale_x_continuous(
limits = c(1, 190),
breaks = 1:10
) +
add_confidence_interval()+
theme(
axis.title.x
axis.title.y

10, face "bold"),
10, face = "bold")

element_text(size
element_text(size

# Create table with 10-month cumulative incidence and obtain
the Gray test p-value
ci %>%
tbl cuminc(
times = 10, # since time 1is 1in months already
label _header = "**{time}-month cuminc**"
) %>%
add_p()
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