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Abstract 

Background It has been shown that COVID-19 affects people at socioeconomic disadvantage more strongly. Previ-
ous studies investigating the association between geographical deprivation and COVID-19 outcomes in Italy reported 
no differences in case-hospitalisation and case-fatality. The objective of this research was to compare the usefulness 
of the geographic and individual deprivation index (DI) in assessing the associations between individuals’ deprivation 
and risk of Sars-CoV-2 infection and disease severity in the Apulia region from February to December 2020.

Methods This was a retrospective cohort study. Participants included individuals tested for SARS-CoV-2 infection 
during the study period. The individual DI was calculated employing polychoric principal component analysis on four 
census variables. Multilevel logistic models were used to test associations between COVID-19 outcomes and indi-
vidual DI, geographical DI, and their interaction.

Results In the study period, 139,807 individuals were tested for COVID-19 and 56,475 (43.5%) tested positive. Among 
those positive, 7902 (14.0%) have been hospitalised and 2215 (4.2%) died. During the first epidemic wave, accord-
ing the analysis done with the individual DI, there was a significant inversely proportional trend between the DI 
and the risk of testing positive. No associations were found between COVID-19 outcomes and geographic DI. Dur-
ing the second wave, associations were found between COVID-19 outcomes and individual DI. No associations were 
found between the geographic DI and the risk of hospitalisation and death. During both waves, there were no asso-
ciation between COVID-19 outcomes and the interaction between individual and geographical DI.

Conclusions Evidence from this study shows that COVID-19 pandemic has been experienced unequally 
with a greater burden among the most disadvantaged communities. The results of this study remind us to be cau-
tious about using geographical DI as a proxy of individual social disadvantage because may lead to inaccurate assess-
ments. The geographical DI is often used due to a lack of individual data. However, on the determinants of health 
and health inequalities, monitoring has to have a central focus. Health inequalities monitoring provides evidence 
on who is being left behind and informs equity-oriented policies, programmes and practices. Future research 
and data collection should focus on improving surveillance systems by integrating individual measures of inequalities 
into national health information systems.
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Introduction
The newly emerged virus SARS-CoV-2 was initially 
reported in China in December 2019 [1]. On February 
20, 2020, the first major COVID-19 outbreak in Europe 
was detected in the Lombardy region, Italy [2]. On March 
11, 2020, WHO declared the SARS-CoV-2 outbreak a 
pandemic [3]. As of August 30, 2023, the WHO reports 
a total of 770,085,713 confirmed cases and 6,956,173 
confirmed deaths worldwide [4]; while the Italian NHS 
reported 26,175,146 confirmed cases, and 190,644 deaths 
[5]. During the first pandemic year, the temporal course 
of the epidemic in Italy was characterized by 3 distinct 
phases: the first epidemic wave from March to June 2020, 
followed by a summer period with a relatively low inci-
dence, and a second wave that started in September and 
peaked in November 2020 [4].

Evidence shows that males, aged over 65 and smok-
ing patients might face a greater risk of developing more 
critical or lethal conditions if infected with SARS-CoV2. 
Comorbidities, such as hypertension, diabetes, car-
diovascular disease or respiratory diseases, could also 
greatly affect the prognosis of COVID-19 patients [6]. 
A study carried out in a large community cohort has 
also shown associations between adverse lifestyles and 
a higher risk of COVID-19 [7]. However, it is now well 
known that lifestyle plays a mediating role in the relation-
ship between socioeconomic position (SEP) and health 
[8]. Literature reports that the wide inequalities seen in 
infection, hospitalization and mortality rates between 
population groups were mostly driven by social factors 
overlaid on biological risks [9, 10]. Multiple mechanisms 
explain the increased impact of COVID-19 among peo-
ple with a higher level of socio-economic disadvantage, 
but in summary, unfavourable social determinant of 
health (SDH) and associated higher rates of chronic 
disease [11] increased their risk of poor outcomes from 
COVID-19 and poorer access to health services for treat-
ment and vaccination [12]. While existing predisposing 
susceptibility to COVID-19 is a product of pre-existing 
SDH, there is growing evidence that the ability of dis-
advantaged groups to adhere to public health and social 
measures that reduce viral transmission and to deal with 
the aftermath of the pandemic, is also negatively affected 
by unfavourable SDH [13]. Difficult living and working 
conditions make adherence to preventive measures more 
difficult for disadvantaged populations, thus increasing 
their exposure to the risk of infection [14]. For instance, 
most deprived individuals usually carry out manual 
labour professions or work in the informal sector and 

therefore, resulting in limited opportunities for working 
from home. Health and socioeconomic inequality mutu-
ally influence each other by triggering and feeding vicious 
circles [12]. The economic fallouts from the pandemic are 
hitting disadvantaged population groups harder. The pan-
demic itself has accentuated these already existing social 
and health inequalities, widening the gap among individ-
uals with different SEP. This is a crucial point for the pre-
sent but also for the future. Assessment and mitigation 
of SDH cannot be neglected in a pandemic response and 
prevention programme.

The available Italian deprivation index (DI) is a multidi-
mensional measure of the disadvantage in the ownership 
of both social and material resources among residents 
in each census sections, which are comparable to neigh-
bourhoods as described elsewhere [15, 16]. Mateo-
Urdiales et  al. investigated the association between 
deprivation and COVID-19 outcomes in Italy during pre-
lockdown, lockdown and post-lockdown periods using 
the Italian DI as a contextual measure of deprivation. 
No differences in case-hospitalisation and case-fatality 
according to deprivation were observed [17]. Similarly, in 
a study on the city of Barcelona, the increase in hospitali-
sation and mortality rates was not significant among peo-
ple living in areas characterised by higher geographical 
DI [18]. However, the use of geographical DI measures 
as a proxy for the level of individual social disadvantage 
is subject to potential ecological bias that can arise from 
attributing a collective measure to an individual.

The overall objective of this research was to compare 
the geographic and individual DI in assessing the asso-
ciations between individuals’ SEP and risk of Sars-CoV-2 
infection and disease severity in the Apulia region from 
February to December 2020.

Methods
Study setting
The Italian’Servizio Sanitario Nazionale’ (SSN) was intro-
duced in 1978 to ensure that healthcare is accessible to 
all Italian citizens without socio-economic barriers, 
according to a principle of horizontal equity [19]. The 
system is organized into three levels: national, regional, 
and local. The national level is responsible for establish-
ing the general objectives and fundamental principles 
of the NHS. The nineteen regions and two autonomous 
provinces (R&AP) are then responsible for organizing 
and delivering health care [20]. In this scenario, through 
ministerial decrees, the Ministry of Health has taken the 
lead in the fight against the COVID-19 epidemic. Then, 
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the R&AP were in charge of organizing and implement-
ing the monitoring and prevention strategy at the local 
level based on national guidelines. This study is carried 
out in the Apulia region (Dimension: 19.540 km2), which 
is a region in southern Italy as shown in red in Additional 
file 1: Figure S1. As of December 31, 2019, the population 
of the Apulia region was 3,953,305. The region is admin-
istratively divided into six provinces, each with its own 
LHA. In 2019, 51.4% of the population in Apulia were 
females, and 3.4% were foreigners. The average age of 
the population was 45.4 years, with individuals aged over 
65 accounting for 23.1% of the entire population. Addi-
tionally, 40.4% of the population had at least one chronic 
disease, with the most common conditions being hyper-
tension (18.8%), arthrosis and arthritis (17.0%), allergic 
diseases (11.8%), and osteoporosis (9.4%) [21]. In Apulia 
region, the hospital network comprises 33 public and 26 
private institutions, providing a total of 11,565 beds for 
ordinary inpatient care, equating to 2.93 beds per 1000 
people.

Pandemic stages and preventive measures
In Italy, after the detection of the first locally acquired 
Covid-19 case in Lombardy on February 20, 2020, the 
number of cases increased greatly in the following weeks, 
although unevenly among regions, forcing the govern-
ment to adopt unprecedented restrictive measures. In 
particular, during the 1st  year of the pandemic, the fol-
lowing phases can be defined: 1. first comprehensive 
national lockdown from 9 March to 3 May (closure of 
schools and most workplaces, and the implementation 
of quarantines, border closings, and restriction on public 
gatherings) 2., 22] gradual reopening phase from 4 May 
to 14 June (restrictions were gradually rolled back) 3. , 
23] Few restrictions from 15 June to 7 October (Covid-
19 incidence remained low) 4. , 24] new restrictions from 
8 October to 5 November [25], and 5. lockdowns on a 
regional basis from 6 November until the end of 2020 
(closure of regional borders) [26]. During the first epi-
demic wave, the number of diagnostic tests (Polymerase 
Chain reaction—PCR) available was limited, while avail-
ability increased considerably during the second wave 
[27].

Study design and data sources
This is a retrospective cohort study conducted by analys-
ing and merging the following electronic health records 
from the Apulia regional health-care information sys-
tems: (i) laboratory registry of individuals tested for 
Sars-CoV-2 infection; (ii) registry of COVID-19 con-
firmed cases; (iii) healthcare workers’ registry; (iv) 2011 
census dataset. Figure  1. explains how the final dataset 
was obtained. In the study, a COVID-19 confirmed case 

was defined as an individual who resulted positive to 
a PCR test. The study period goes from 20 February to 
31 December 2020. The cohort in this study includes all 
the individuals tested for SARS-CoV-2 infection during 
the study period in the Apulia region, in which a total of 
3.95 million inhabitants were registered as of December 
31, 2019 [28]. Since the census data date back to 2011, 
we decided to exclude persons under 35 years of age, for 
whom part of the census data (i.e. education) may have 
changed. Individuals tested from 20 February 2020 to 31 
May 2020 were included in the first epidemic wave, while 
those tested from 16 September 2020 to 31 December 
2020 were included in the second epidemic wave [4].

The laboratory registry tracked: identification code; 
age; sex; province of residence; date of the test; PCR test 
result. The COVID-19 confirmed cases registry reported 
the following information: identification code, COVID-
19 related hospitalization; admission to the intensive care 
unit (ICU) due to COVID-19 and death due to COVID-
19. From the census variables available, the following 
were selected to perform this study: identification code; 
education; the number of family members; citizenship; 
family type; and employment status.

Charlson comorbidities index, extensively described 
previously [29], and the geographical DI [15, 16] were 
added to the characteristics of individuals in the final 
dataset. The Italian geographical DI is the sum of the z 
score of five simple indicators:  x1: % of population among 
15 and 60 years old with education equal to or less than 

Fig. 1 Data linkage to obtain the study cohort
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elementary school;  x2: % of the active population unem-
ployed or seeking their first job;  x3: % of housing occupied 
for rent;  x4: % of single-parent families (and consisting of 
a single-family unit) with children under 18 years old;  x5: 
population density (occupants per 100 m2).

Through the use of the healthcare workers’ registries, 
healthcare workers were removed from the dataset as 
their risk of acquisition of infection was strongly related 
to their professional exposure to the virus.

The merging of the data information system has been 
carried out by the regional health agency through a 
numeric identification code. All the health data used in 
the study were anonymous.

Definition of the individual deprivation index 
through the census data
For the definition of the individual DI, polychoric prin-
cipal component analysis (PCA) was employed, and 
four census variables were used: citizenship, family type, 
employment status, and education. Table  1 reports the 
value attributed to each individual variable category.

Statistical analysis
Generalized linear logistic regression models (GLM) 
were used to test associations between COVID-19 out-
comes (tested positive, being hospitalised due to COVID-
19, being admitted in ICU due to COVID-19 and death 
due to COVID-19) and geographical or individual DI. 
Age, sex and Charlson comorbidity index were included 
in the model as covariates. Multilevel logistic models 
were used to test associations between COVID-19 out-
comes and PCA individual DI, geographical DI, and 
their interaction. Census sections were used as clusters 
for the model, each of which was assigned a geographi-
cal DI. Age, sex and Charlson comorbidity index were 
included in the model as covariates. To build the model, 
we followed the following steps also explained in Addi-
tional file 1: Figure S2: Preliminary step: Data preparation 

(centring of variables); Step1: Construction of an empty 
model to assess the variation of log-odds from cluster to 
cluster. This model did not contain the covariates. Step2: 
Assessment of the variation of lower-level effects from 
cluster to cluster. In order to perform the assessment, 
first, a constrained intermediate model was run, secondly, 
an augmented intermediate model was run and finally 
both were compared by performing a likelihood- ratio 
test. Both models contained the covariates, geographi-
cal and PCA individual DI. The augmented intermedi-
ate included also the residual term associated with the 
PCA individual DI, thereby estimating the random slope. 
Step3: Construction of a final model adding the cross-
level interaction. The methodology is described in detail 
in the work of Morselli et al. [30]. When the variation of 
log-odds from cluster to cluster was not significant, the 
results of one-level regression analyses were considered.

The statistical analysis has been carried out separately 
for the first epidemic wave and the second epidemic 
wave.

R (version 4.2.0) was used for all statistical analysis 
and a p-value of 0.05 was applied for testing statistical 
significance.

Results
In the study period 129,779 individuals aged more 
then 34 (49.1% female and 50.9% male) were tested for 
COVID-19: 7,160 (5.6%) during the first wave, 20,523 
(15.9%) during the summer and 102,096 (78.4%) dur-
ing the second wave (Additional file 1: Figure S3). In our 
study population the median age was 60. 24,466 (18.9%) 
individuals lived in a census area whose geographical DI 
was 1, 23,594 (18.2%) in a census area whose geographi-
cal DI was 2, 25,508 (19.6%) in a census area whose geo-
graphical DI was 3, 27,676 (21.3%) in a census area whose 
geographical DI was 4, 28,497 (20.5%) in a census area 
whose geographical DI was 5. Table  2 describes study 
population characteristics by epidemic wave.

Table 1 Census variable used to define the individual DI

Citizenship Family Type Employment Status Education

1—Italian 1—Couple without children 1—Employed 1—Academic Diploma 2nd Level/Academy 
of Fine Arts Diploma/Master degree

2—Foreigner 2—Single-person households 2—Recipient(s) of one or more pensions 
due to previous employment or investment 
income

2—Academic 1st Level Diploma/Bachelor 
degree

3—Couple with children 3—Students /Housewives/In other status 3—High school graduation

4—Single parent 4—First-time job seekers 4—Middle school graduation

5—Households with 2 or more families 5—Unemployed 5—Elementary school diploma

6—Illiterates/Literate without educational 
qualification
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PCA Individual deprivation index
The census variables selected to build the individual DI 
were available for a subpopulation of 129,779 individu-
als. We have retained two principal components in our 
PCA: the variance explained by the principal component 
1 was 34.1% and the variance explained by the principal 
component 2 was 25.5% (Additional file 1: Figure S4). The 
coefficients forming these components can be found in 
Additional file 1: Table S1.

Outcomes of interest by type of deprivation index
Figure  2 shows the counts of positive tests, COVID-
19 hospitalisations, intensive care unit admissions and 
deaths among the DI groups per 100,000 tests or positive 
tests during the first or second wave respectively.

1st epidemic wave
According to the results of the logistic GLMs, during 
the first wave, the risk of testing positive for Sars-CoV-2 
infection was not significantly different in people with 
a level of geographical deprivation higher than 1 when 
compared with the less deprived population group. The 
models that used PCA individual ID reported that in 
the more deprived population, the odds of testing posi-
tive were lower compared those estimated in the less 
deprived population, with ORs lower than one. Consid-
ering both DI indicators, the ORs of being hospitalised, 
admitted to the ICU or dying when positive did not 
exhibit significant differences between the subgroups of 
the population with the highest DI and those with the 
lowest DI. (Fig. 3, Table 3).

Fig. 2 Counts per 100,000 of positive tests, hospitalizations, ICU admissions, and deaths per DI level. A: 1st wave (20 February 2020 to 31 May 2020). 
B:  2nd wave (16 September 2020 to 31 December 2020)

Fig. 3 Adjusted ORs per increase in the geographical, PCA individual 
DI for the counts of positive tests, hospitalisations, ICU admissions, 
and deaths. *IDI: individual deprivation index
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2nd epidemic wave
According to the results of the logistic GLMs, during the 
2nd epidemic wave the risk of testing positive for Sars-
CoV-2 infection was significantly higher in people with 
a level of deprivation higher than 1 when compared 
with the less deprived population group, with generally 
homogeneous results disregarding the DI used in the 
model. For what concern the odds of being hospitalised 
and dying if positive, considering the geographical DI, 
the subgroup with deprivation level 5 has a higher OR 
of being hospitalised (OR: 1.23; 95% CI 1.12–1.35) and 
dying (OR: 1.34; 95% CI 1.05–1.58) if positive than the 
subgroup with deprivation level 1. Calculating GLMs 
with the PCA individual DI, the OR of being hospitalised 
and dying if positive increased with increasing individual 
deprivation level also in population subgroups with a DI 
less than 5. The models that used individual ID reported 
that as deprivation increased, the risk of hospitalisation 
and death increased, which was not evident in the mod-
els that used geographic ID. The OR of being admitted to 
the ICU when positive in the subgroups of the population 
with the highest DI was not significantly different from 
the subgroup of the population with the lowest DI, irre-
spective of the type of DI used (Fig. 3, Table 3).

Multilevel logistic modelling
1st epidemic wave
The proportion of the between-cluster variation (ICC) 
in the probability of being positive if tested during the 
first wave was 9.9 (Table  4). This indicates that 9.9% of 
the chances was explained by between the census section 
differences. The deviance of the augmented intermedi-
ated model was significantly lower than the deviance of 
the constrained model. Table  4 reports multilevel logis-
tic regression results. The model showed that higher level 
PCA individual DI were significantly associated with 
lower probability of being positive if tested. Additional 
file 1: Figure S5, Panel A shows the interaction between 
geographical ad individual DI in the prospective predic-
tion of being positive if tested. Although the association 
between geographical and individual DI was not signifi-
cant, the coefficient (ß) was negative. The proportion of 
the between-cluster variation in the probability of being 
hospitalised, admitted to ICU and dying if positive dur-
ing the first wave was respectively 5.4, 4.9 and 2.1. There-
fore, the results for the one-level regression model were 
considered.

2nd epidemic wave
The proportion of the between-cluster variation in the 
probability of being positive if tested during the first 
wave was 15.2. This indicates that 15.2% of the chances 

was explained by between the census section differences. 
The deviance of the augmented intermediated model was 
significantly lower than the deviance of the constrained 
model. The model shows that both higher level PCA 
individual DI or geographical DI were significantly asso-
ciated with higher probability of being positive if tested 
(Table  4). Additional file  1: Figure S5, Panel B shows 
the interaction between geographical ad individual DI 
in the prospective prediction of being positive if tested. 
Although the association between geographical and indi-
vidual DI was not significant, the coefficient (ß) was posi-
tive. The proportion of the between-cluster variation in 
the probability of being hospitalised, admitted to ICU 
and dying if positive during the first wave was respec-
tively 1.3, 2.4 and 1.9. Therefore, the results for the one-
level regression model were considered.

Discussion
This study reports results from a large population-wide 
cohort of people tested for COVID-19 in the Apulia 
region, Italy, during the first and second wave of the pan-
demic in 2020. To our knowledge, this was the first study 
to investigate the role of individual DI on COVID-19 out-
comes in Italy. Previous studies were limited to the use of 
an area-based DI or the individual component of socioec-
onomic deprivation as a proxy of individual deprivation 
[17, 31–33]. Although for the first wave, the geographic 
DI and the individual DI calculated in this study show no 
differences in the non-significance of the association with 
COVID-19 outcomes, the results were different for the 
second wave.

According to our findings, the association between the 
risk of testing positive for Sars-CoV-2 and the level of 
socioeconomic deprivation in the Apulia region changed 

Table 4 Results of multilevel logistic regression or GLM models 
including geographical and individual DI interaction

***  p-value < 0.001; ** p-value = 0.001; * p-value = 0.01; ° p-value = 0.05

1st Wave 2nd Wave

Outcome: being positive if tested

ICC for empty models 0.10 0.15

ß SE ß SE

PCA Individual DI − 0.12*** 0.03 0.02° 0.01

Geo DI − 0.01 0.02 0.04*** 0.01

Female − 0.02 0.05 − 0.01 0.01

Age 0.01** 0.00 − 0.01*** 0.00

Charlson comorbidity index 1 − 0.66*** 0.09 − 0.61*** 0.03

Charlson comorbidity index 2 − 0.96*** 0.17 − 0.89*** 0.07

Charlson comorbidity index 3 − 1.69** 0.62 − 1.77*** 0.30

Geo x Individual DI 0.00 0.01 0.00 0.00
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between the first and second waves. According the anal-
ysis done with the PCA individual DI, during the first 
wave, there was a significant inversely proportional trend 
between the DI and the risk of testing positive. As depri-
vation increased, the risk of being positive when tested 
decreased. During the second wave, individuals with a 
higher level of socio-economic deprivation had a higher 
statistically significant probability of testing positive. This 
may be explained by the fact that during the early stages 
of the epidemic outbreak, with affected geographical 
areas still circumscribed, most of the cases in the Apulia 
region were due to returning residents [34]. Indeed, the 
gradual implementation of control measures in Italy 
sparked substantial movements of people travelling from 
northern regions at the epicentre of the epidemic toward 
other regions, such as Apulia. Then, the swift extension 
of lockdown to the entire country [22] mitigated the 
impact of these COVID-19 seeding events and the epi-
demic in Apulia was successfully contained. For these 
reasons, during the first wave in Apulia, the epidemic 
probably spread mainly among individuals who had the 
financial means to travel or who were economic migrants 
in Lombardy or northern regions, areas of intense eco-
nomic activities. During the first wave, individuals with a 
higher level of socio-economic deprivation did not have 
a statistically significant higher probability of being hos-
pitalised or dying if positive. These results were in line 
with those reported by Furtunato et al. [35]. While dur-
ing the second wave, individuals with a higher level of 
socio-economic deprivation had a higher statistically sig-
nificant higher probability of being hospitalised or dying 
if positive.

Concerning the second wave, the two DI showed a clear 
association between the probability of testing positive 
and the level of deprivation. However, the geographic DI 
showed a stronger trend. The results of this study showed 
that most people with a higher individual DI live in the 
most deprived census areas. Since people with a higher 
individual DI were more often in jobs that were less 
amenable to remote working and so they benefited less 
from lockdown restrictions than those able to work from 
home; they had a higher likelihood of acquiring the infec-
tion [36]. Moreover, they generally live in higher-density 
environments where family members could be infected 
secondarily [37]. This may have meant that in more 
deprived areas the virus circulated more widely than in 
less deprived areas. As individual DI increased, so did the 
probability of hospitalisation and death. The same trend 
was not observed for geographical DI, which showed a 
significantly increased probability of being hospitalised 
or dying if positive only for the highest level of depriva-
tion. In accordance with our results, Mateo-Urdiales 
and colleagues, using the same geographical DI used in 

this study, but at the municipality level, found a higher 
incidence of cases in the most deprived municipalities 
compared with the least deprived ones and no differ-
ences in case-hospitalisation and case-fatality according 
to deprivation were observed in any period under study. 
The same result has also been reported by other studies 
using geographical measures of deprivation conducted 
in Spain [38, 39]. While many factors could explain this 
finding, an alternative could be that hospitalisation and 
death cases were similar across areas with different levels 
of deprivation in a well-developed universal healthcare 
system, such as Italy and Spain.

The use of individual DI enabled to understand that 
actually the most disadvantaged people had a higher 
risk of hospitalisation and death, regardless of the area 
in which they lived. To avoid exacerbating existing social 
inequalities and marginalisation, it is essential to be able 
to monitor them. According to our results, using geo-
graphical DI as a proxy for individual DI may lead to 
inaccurate assessments. However, the geographic DI can 
have a relevance in providing insight into the distribution 
of infection within different neighbourhoods, accounting 
for their heterogeneity. This may have important implica-
tions for public health action planning.

Understanding the relationship between deprivation 
and COVID-19 outcomes is multifaceted and complex. 
This is why the secondary objective of this manuscript 
was to test the hypotheses about how individual and geo-
graphical DI interact to predict COVID-19 outcomes. 
According to the results of the multilevel logistic and 
GLM models, there was no association between COVID-
19 outcomes and the interaction between PCA individual 
DI and geographical DI. Although this may seem at odds 
with the robust evidence in the literature demonstrating 
an interaction between socioeconomic status in one’s 
neighbourhood, individual deprivation and health, this 
evidence is mainly based on health outcomes of non-
communicable chronic diseases [40–43].

The COVID-19 pandemic has been described as a syn-
demic pandemic [44]. Originating in anthropology, a syn-
demic describes a set of closely intertwined and mutual 
enhancing health problems that significantly affect the 
overall health status of a population within the context of 
a perpetuating configuration of noxious social conditions 
[45]. Deprivation—which is an area measure of poverty, 
low income, and a reflection of the wider social deter-
minants of health (such as housing, working conditions, 
unemployment, health-care access, etc.)— results in mul-
tiple, interacting, and additive adverse risk factors for 
COVID-19 outcomes. These can be summarised by way 
of four inter-related pathways: unequal exposure, unequal 
transmission, unequal vulnerability, and unequal suscep-
tibility [46]. Living in a more deprived neighbourhood 
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may increase the likelihood of exposure and transmis-
sion. Although it has been proven that individuals living 
in more deprived neighbourhoods have worse profiles on 
many components of subjective health, more risk factors 
and higher morbidity and mortality rates than their coun-
terparts living in less deprived neighbourhoods, the level 
of neighbourhood deprivation does not influence with a 
higher extent the health of those with low individual DI 
compared to those whit a higher individual DI [43]. This 
could be the reason why not all individuals living in the 
most deprived neighbourhoods have a higher vulnerabil-
ity and susceptibility to COVID-19 and would explain 
why the analyses in this study give different results when 
using geographical DI than when using individual DI.

This study had some limitations. Firstly, policies for 
the execution of the diagnostic test changed during the 
period under study. During the first wave, the diagnostic 
capacity was limited, and the number of positives could 
be under-reported, whereas for the second wave data 
could represent laboratory-confirmed COVID-19 cases 
who sought care. Secondly, the death status only reflects 
deaths occurring in individuals diagnosed with COVID-
19, but this number may be underestimated due to non-
diagnosis. Third, the Charlson comorbidities index was 
utilized as a comorbidity index, though it may not be the 
most suitable or up-to-date choice for studies related to 
SARS-CoV-2. Unfortunately, we could not independently 
calculate a comorbidity index due to a lack of available 
data. Finally, the DI is a composite measure of depriva-
tion, and it is difficult to know which of its constituent 
factors are driving associations. There are other poten-
tial variables, such as income and homeownership, that 
could enhance the deprivation index, but we were unable 
to assess them due to information unavailability.

Conclusion
Historically, pandemics have been experienced unequally 
with higher rates of infection and mortality among the 
most disadvantaged communities [47]. Evidence from a 
variety of countries suggests that these inequalities are 
being mirrored in the COVID-19 pandemic [36, 48] and 
this study also adds to this evidence. The causal forces 
at work at the interface of disease epidemics and social 
inequality are complex: they are operant at the level of 
individuals, neighbourhoods, and local communities. 
The results of this study remind us to be cautious about 
using geographical DI as a proxy for the level of individ-
ual social disadvantage because of the inevitable potential 
ecological bias that can result from attributing a collec-
tive measure to an individual and may lead to inaccurate 
assessments.

The geographical DI is often used due to a lack of 
individual data. However, on the determinants of 

health and health inequalities, monitoring has to have 
a central focus. Health inequalities monitoring pro-
vides evidence on who is being left behind and informs 
equity-oriented policies, programmes and practices 
[49]. The emergence of novel data sources and moni-
toring approaches for public health surveillance is 
triggered by technological advances in data retrieval 
and data analysis. Unfortunately, the information rich-
ness resulting from the data science revolution is not 
exploited to better understand health inequities and 
inform the development and implementation of ser-
vices and policies that tackle inequities in health [50, 
51].

Reducing these inequalities—and those that may result 
from future pandemics—requires long-term action to 
improve equity in health and wealth. Future research and 
data collection should focus on improving surveillance 
systems, for example by integrating individual measures 
of inequalities into national health information systems. 
Understanding the social nature of emerging infectious 
disease pandemics will ultimately help reduce the burden 
of disease.
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