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A B S T R A C T   

One of the most consistent and worrying features of the COVID-19 pandemic globally has been the dispropor-
tionate burden of the epidemic in the most deprived areas. Most of the literature so far though has focused on 
estimating the extent of these inequalities. There has been much less attention paid to exploring the main 
pathways underpinning them. In this study, we employ the syndemic pandemic theoretical framework and apply 
novel decomposition methods to investigate the proportion of the COVID-19 mortality gap by area-level 
deprivation in England during the first wave of the pandemic (January to July 2020) was accounted for by 
pre-existing inequalities in the compositional and contextual characteristics of place. We use a decomposition 
approach to explicitly quantify the independent contribution of four inequalities pathways (vulnerability, sus-
ceptibility, exposure and transmission) in explaining the more severe COVID-19 outcomes in the most deprived 
local authorities compared to the rest. We find that inequalities in transmission (73%) and in vulnerability (49%) 
factors explained the highest proportion of mortality by deprivation. Our results suggest that public health 
agencies need to develop short- and long-term strategies to alleviate these underlying inequalities in order to 
alleviate the more severe impacts on the most vulnerable communities.   

1. Introduction 

There is an accumulating body of international evidence which 
shows that COVID-19 incidence and mortality rates are higher in more 
deprived areas and populations (Desmet and Wacziarg, 2020; Jung 
et al., 2021; Kim and Bostwick, 2020). For example, in the USA, 
COVID-19 mortality rates are more than twice as high in low-income 
counties than in the wealthiest counties (Chen and Krieger, 2021). 
Similarly, in England, the cumulative death rate in the most deprived 
20% of local authorities was 54% higher than the rate in the 20% least 
deprived areas at the start of the pandemic, with inequalities even 
persisting during- and after-the first national lockdown (Welsh et al., 
2021a). A similar picture has been reported for COVID-19 cases in En-
gland (Morrissey et al., 2021; Welsh et al., 2021b). 

The observed gradients in COVID-19 mortality by area deprivation 
reflect an independent impact on excess mortality from the COVID-19 
pandemic (Brandily et al., 2021; Decoster et al., 2021). Higher risks at 
the individual level interact with local area characteristics that increase 
and compound these risks (Brandily et al., 2021; Decoster et al., 2021). 
Because of these higher risk factors in more deprived areas, it has been 

argued that the COVID-19 pandemic is being experienced as a ‘syndemic 
pandemic’ (Bambra et al., 2020, 2021; Islam et al., 2021). A syndemic 
describes ‘a set of closely intertwined and mutual enhancing health 
problems that significantly affect the overall health status of a popula-
tion within the context of a perpetuating configuration of noxious social 
conditions’ (Singer, 2000, 13). 

In the case of COVID-19, the concurrent inequalities (‘the syndemic’) 
that affect more deprived areas include: greater prevalence and coex-
istence of non-communicable diseases such as hypertension, diabetes, 
asthma, COPD, hypertension, asthma, obesity [Aghili et al., 2021; Ber-
mano et al., 2021; Gao et al., 2021; Menon, 2021; Shah et al., 2021]; 
greater exposure to poor working conditions (as those found in low-paid, 
low-skilled jobs); overcrowded living spaces and poor quality, insecure 
housing; greater barriers to accessing healthcare - even in societies with 
universal health coverage; and greater likelihood of suffering from 
chronic stress arising from everyday material deprivation and its psy-
chological effects (Bambra et al., 2020; Gibson et al., 2011; Guo et al., 
2019; McNamara et al., 2017; Segerstrom and Miller, 2004). These 
pathways also reflect the wider literature on geographical inequalities in 
health – which has focused on the interacting influences of population 

* Corresponding author. Population Health Sciences Institute, Faculty of Medical Sciences, Newcastle University, Newcastle upon Tyne, NE1 4LP, UK. 
E-mail address: clare.bambra@newcastle.ac.uk (C. Bambra).  

Contents lists available at ScienceDirect 

Social Science & Medicine 

journal homepage: www.elsevier.com/locate/socscimed 

https://doi.org/10.1016/j.socscimed.2022.115319 
Received 1 February 2022; Received in revised form 31 May 2022; Accepted 25 August 2022   

mailto:clare.bambra@newcastle.ac.uk
www.sciencedirect.com/science/journal/02779536
https://www.elsevier.com/locate/socscimed
https://doi.org/10.1016/j.socscimed.2022.115319
https://doi.org/10.1016/j.socscimed.2022.115319
https://doi.org/10.1016/j.socscimed.2022.115319
http://crossmark.crossref.org/dialog/?doi=10.1016/j.socscimed.2022.115319&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Social Science & Medicine 311 (2022) 115319

2

(composition) and local area (context) factors (Bambra et al., 2019; 
Cummins et al., 2007). 

Bambra et al. (2020) provide a conceptual framework to help un-
derstand the four different pathways whereby these factors have shaped 
inequalities in the COVID-19 pandemic: unequal vulnerability, unequal 
susceptibility, unequal exposure and unequal transmission. Unequal 
vulnerability refers to the increased risk of mortality and severity of 
disease from the higher burden of non-communicable diseases in 
socio-economically disadvantaged areas. Unequal susceptibility refers to 
the increased risk of more severe disease for people from disadvantaged 
backgrounds, even in the absence of a pre-existing health problem, 
because their immune system is weakened from chronic exposure to 
stressors typical of living under conditions of material deprivation and 
low social status (Marmot, 2004; Whitehead et al., 2016). Unequal 
exposure is differences in the ability to shield from infection. Typically, 
more deprived groups work in so called key sectors, required to go to the 
workplace often in conditions with frequent and close interpersonal 
contact. People in insecure job contracts may also not be able to stop 
working even if sick, increasing exposure to the virus in their social 
networks. Finally, unequal transmission, relates to the increased risk of 
contagion for people living in more deprived areas. This arises from 
living conditions that limit the possibility to self-isolate if infected, and 
which increase the chance of more severe disease in a household, for 
example because of overcrowding, population density or intergenera-
tional households (Mikolai et al., 2020). 

In this study we use data on area-level inequalities by deprivation in 
COVID-19 mortality from the first wave of the pandemic in England and 
employed decomposition techniques to estimate the relative importance 
of these theorized pathways in explaining observed differences at the 
local authority level. This is a novel contribution to the literature as 
whilst there are many studies, from many global regions (Calderón--
Larrañaga et al., 2020; Chen and Krieger, 2021; Menaet al., 2021) 
estimating the extent of area-level inequalities in COVID-19 mortality by 
deprivation - we instead seek to identify the key factors explaining the 
observed differences. There have been some studies to date which have 
examined the influence of one or two different factors. For example, 
Harlem (2020) and Maroko et al. (2020) investigated the area-level 
socioeconomic and demographic characteristics of high-versus 
low-COVID-19 incidence urban areas. Almagro et al. (2021) explored 
the effect of commuting and overcrowding on area-level racial dispar-
ities in COVID-19 hospitalizations and Francetic and Munford (2021) 
the association between commuting and COVID-19 mortality. Decoster 
et al. (2021) identified the role of municipal-level household composi-
tion and age profile on the income gradient in COVID-19 deaths. More 
wide ranging examinations have been provided by Karaye and Horney 
(2020) who employed an area-level Social Vulnerability Index 
(comprising socioeconomic position, household composition, disability, 
minority status, housing and transportation), to explore how the 
different factors predicted COVID-19 cases in US counties. Similarly, 
Brandily et al. (2021) used French data to estimate the effect of 
labor-market exposures and housing conditions on the income gradient 
in COVID-19 mortality. However, these studies did not investigate other 
important factors, such as the share of comorbidities in an area, or 
environmental factors such as levels of air pollution. 

So, the existing literature has not employed a comprehensive theo-
retical framework as we propose. Further, they have not used decom-
position methods to explore the relative contribution of different factors. 
Our study therefore makes both an original empirical - and a novel 
methodological - contribution to the COVID-19 and health inequalities 
literature. 

2. Methods 

2.1. Data and variables 

All data for this study are publicly available. All variables were 

measured at the English 2020 Local Authority (LA) geography level 
(Office for National Statistics). After excluding the City of London, the 
Isle of Scilly and Cornwall due to well-known mortality data quality 
issues and low population counts, 311 LAs were included in the final 
dataset. Data on local area deprivation came from the 2019 English 
Index of Multiple Deprivation (IMD) (McLennan et al., 2019). 

A binary variable was derived identifying the LAs in the most 
deprived quintile of IMD (the first quintile, i.e. the 20% most deprived 
LAs compared to the rest of the country). We chose to focus on the 
bottom 20% because in previous work (Welsh et al., 2021a), we found 
that the 20% most deprived local authorities had the highest COVID-19 
age-standardised mortality rates during the first wave and that these 
bottom two deciles had significantly higher death rates than the other 
eight deciles. The relationship between IMD and COVID-19 mortality 
rates was also not linear in the first wave (e.g. some of the more affluent 
IMD deciles [e.g. 9 and 10] had higher mortality rates than some of those 
lower down the IMD ranking [e.g. 8]). 

Weekly counts of COVID-19 deaths (based on any mention of Coro-
navirus in the death certificate) for the study sample of LAs (n = 311) 
were obtained from the UK Office for National Statistics (ONS) by date of 
registration (Timson, 2021) for the period 1st January 2020 to 4th July 
2020, the date at which many service and hospitality establishments 
were allowed to re-open to the public (Department for Business, 2020; 
Prime Minister’s Office, 2020). Age-standardised weekly COVID-19 
death counts were approximated using monthly age-standardised rates 
available from the ONS (Office for National Statistics, 2021b; Welsh 
et al., 2021a). 

Table 1 lists the data sources for the multiple explanatory variables 
included in the PCA analysis. We also summarise them and the reasons 
for their inclusion here:  

• For the increased vulnerability pathway: the prevalence of diabetes, 
hypertension, coronary heart disease and obesity were chosen 
because these conditions were key clinical risk factors for adverse 
outcomes from COVID-19 infection (Shah et al., 2021). For example, 
studies have found that obesity was associated with increased mor-
tality at the individual (Aghili et al., 2021; Bermano et al., 2021; Gao 
et al., 2021) and area levels (Menon, 2021). Likewise, cohort studies 
have noted a positive association between COPD and COVID-19 
mortality (Higham et al., 2020). Shielding was advised by the Na-
tional Health Service for people considered to be ‘clinically 
extremely vulnerable to COVID-19’. This included people with 
COPD, congenital or acquired conditions affecting immunity, and 
cancers (NHS – National Health Service, 2020).  

• For the increased susceptibility pathway: Poverty (and income 
inequality) rates were included as low-income households were less 
likely to be able to work from home and were less able to self-isolate 
(due to financial constraints such as no/low sick pay) (Fletcher et al., 
2022). Homelessness (and rough sleeping) rates for each LA were 
included as people experiencing homelessness are at higher risk for 
chronic health conditions (clinical risk factors for COVID-19 deaths) 
and had a higher mortality rate during the pandemic (Cawley et al., 
2022). Low quality housing (and no central heating) measures were 
included as research has noted an association between poor housing 
conditions, such as damp and mould, with respiratory infections and 
severity of disease (Ingham et al., 2019).  

• For the increased exposure pathway: the percentage of workers in an 
LA employed within industries which research has shown have an 
elevated risk of COVID-19 and were more likely to be designated as 
key workers – requiring continued travel to - and attendnce at – the 
work place (Almagro et al., 2021; Asher et al., 2021; Contreras et al., 
2021; De Negri et al., 2021; Decoster et al., 2021; Office for National 
Statistics, 2021a). These included meat processing, prepared meals, 
food and pharma retail, passenger transport, justice and public order, 
and health. 
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Table 1 
Model variables.  

Variable Source Description COVID-19 specific 
supporting evidence 

COVID-19 Mortality 
Total 

cumulative 
weekly death 
rate 

ONS Age-standardised sum 
of weekly COVID death 
rate per 100,000 
population from 1st 
January 2020 to 4th 
July 2020.  

Area deprivation 
2019 IMD 

Extent most 
deprived 20% 

IMD 20% most deprived 
local authorities versus 
the rest of England. 

Welsh et al. (2021a) 
found that the 20% most 
deprived local 
authorities had the 
highest COVID-19 
age-standardised 
mortality rates during 
the first wave and that 
these bottom two deciles 
had significantly higher 
death rates than the 
other eight deciles. The 
relationship between 
IMD and COVID-19 
mortality rates was also 
not linear in the first 
wave (e.g. some of the 
more affluent IMD 
deciles [e.g. 9 and 10] 
had higher mortality 
rates than some of those 
lower down the IMD 
ranking [e.g. 8]). 

Increased vulnerability 
Diabetes 

(diagnosed & 
undiagnosed) 

PHE 2019/2020 percentage 
of people with the 
condition over 
registered population 
as recorded in the 
Quality Outcomes 
Framework. People 17 
years or older. 

Oxidative stress and pro- 
inflammatory processes 
associated with 
hypertension and 
obesity, and 
compromised immune 
response to viral 
infection in diabetes, 
resulting in greater 
severity of respiratory 
infections like the one 
caused by SARSCoV-2 ( 
Shah et al., 2021). 
Obesity independently 
associated with more 
severe COVID-19 disease 
and increased mortality 
(Aghili et al., 2021;  
Bermano et al., 2021;  
Gao et al., 2021). 
Positive relationship 
between area COVID-19 
case rate and mortality 
and area population 
prevalence of BMI after 
controlling for a host of 
area level population 
and institutional 
characteristics (Menon, 
2021) 

Hypertension 
prevalence 

PHE 2019/2020 percentage 
of people with 
established 
hypertension over 
registered population 
as recorded in the 
Quality Outcomes 
Framework. People 17 
years or older. 

Coronary heart 
disease 
prevalence 

PLDR 2017 percentage of 
patients with a 
diagnosis of coronary 
heart disease as 
recorded in the Quality 
Outcomes Framework. 
All ages. 

Obesity PHE Age-standardised 
percentage of adults 
aged 18 years and over 
classified as 
overweight or obese 
(BMI greater than or 
equal to 25kg/m2). 

COPD PHE 2019/2020 directly 
age-standardised rate 
of emergency 
admissions to hospital 
for chronic obstructive 
pulmonary disease 
COPD in adults aged 35 
years and over per 
100,000 population. 

COPD could increase 
susceptibility to SARS- 
CoV-2 infection and to 
worse outcomes from 
COVID-19 (e.g. from 
vascular damage and 
thrombosis). Higher 
prevalence of COPD 
among patients with 
more severe or fatal  

Table 1 (continued ) 

Variable Source Description COVID-19 specific 
supporting evidence 

COVID-19 disease in 
patient cohorts (Higham 
et al., 2020) 

Shielding NHS 
digital 

April 2020. Percentage 
over total LA resident 
population in official 
shielding list. Includes 
all patients identified 
by general 
practitioners and 
hospital doctors using 
the clinical 
methodology. Excludes 
self-referrals and 
requested exclusions. 
For disclosure control, 
Cornwall and Isles of 
Scilly, and Hackney 
and City of London 
local authorities were 
combined. 

Shielding was advised by 
the National Health 
Service for people 
considered to be 
‘clinically extremely 
vulnerable to COVID- 
19’. This included 
people with COPD, 
congenital or acquired 
conditions affecting 
immunity, and cancers ( 
NHS – National Health 
Service, 2020). 

Increased susceptibility 
Poverty DWP 2014 percentage of 

total households in a 
LA below 60% of the 
median income after 
housing costs. 

low-income households 
were less likely to be 
able to work from home 
and were less able to 
self-isolate (due to 
financial constraints 
such as no/low sick pay) 
(Fletcher et al., 2022). 

Income 
inequality 

IMD 2019 within LA gap in 
income deprivation 
calculated by 
subtracting the lowest 
proportion of 
individuals with a low 
income (IMD Income 
Score) from the highest 
Income Score within 
that local authority. 

Homelessness IMD 2015/2018 Rate per 
1,000 households of 
eligible households for 
homelessness provision 
under the homelessness 
provisions of the 1996 
Housing Act. 

People experiencing 
homelessness are at 
higher risk for chronic 
health conditions 
(clinical risk factors for 
COVID-19 deaths) and 
had a higher mortality 
rate during the 
pandemic (Cawley et al., 
2022) 

Rough Sleeping ONS 2019 one-night 
snapshot of rough 
sleeping in England. 

Low quality 
housing 

IMD Population weighed 
sum of the 2019 IMD 
proportion of social 
and private homes that 
fail to meet the Decent 
Homes standard. 

Association between 
poor housing conditions, 
such as damp and 
mould, with respiratory 
infections and severity ( 
Ingham et al., 2019) 

No central 
heating 

IMD Population weighed 
sum of the 2019 IMD 
proportion of social 
and private homes that 
do not have central 
heating. 

Increased exposure 
Meat processing BSRES 2019 percentage over 

all industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in processing 
and preserving of meat. 

Research has found that 
workers in these 
industries had elevated 
risk of COVID-19 and 
were more likely to be 
designated as key 
workers – requiring 
continued travel to - and 
attendnce at – the work 
place (Almagro et al., 
2021; Asher et al., 2021; 
Contreras et al., 2021;  
De Negri et al., 2021;  
Decoster et al., 2021;  

Prepared meals BSRES 2019 percentage over 
all industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in 
manufacture of 
prepared meals. 

(continued on next page) 
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• For the increased transmission pathway: Overcrowding (and high 
occupancy) rates were included as overcrowded living spaces limit 
the possibility to self-isolate if suffering from COVID-19 infection. 
There is evidence of higher COVID-19 rates in larger households and 
multigenerational households in wave 1 (Almagro et al., 2021; 
Karaye and Horney, 2020; UK Scientific Advisory Group for Emer-
gencies, 2020; 2021). Percentage of households with dependent 
children was included as they may have experienced higher trans-
mission (Larosa et al., 2020). Air quality was included because links 
have been found between air quality and COVID-19 (Cole et al., 
2021; Persico and Johnson, 2021). Crime rates were included as they 
may have impacted on transmission as people living in high crime 
areas are less likely leave home (e.g. to engage in outside physical 
activity, Rees-Punia et al., 2018). Rurality (percentage of population 
living in a rural area) was included as research shows that mortality 
from- and transmission of-previous respiratory pandemics (e.g. 1918 
Spanish flu or 2009 H1N1) was lower in more rural areas (Bambra 
et al., 2022; Rutter et al., 2012). Number of care home beds in an LA 
was included as the proportion of the population in an area living in 
nursing homes was associated with differences in COVID-19 death 
rates (Bach-Mortensen and Degli Esposti, 2021; Desmet and Wac-
ziarg, 2020). 

2.2. Statistical analyses 

To ensure that we estimated a parsimonious model, Principal 
Component Analyses (PCA) is employed. We estimated four separate 
PCAs, one for each of the group of factors in the theoretical framework. 
PCAs were extracted using orthogonal varimax rotation. The choice of 
number of factors to retain was based on the figure of eigenvalues (scree 
plot), excluding factors with an eigenvalue below 1, as well as based on 
the interpretability of the factors. 

We estimated the contribution of the different group of factors 
(vulnerability, susceptibility, exposure and transmission) to differences 
in mortality by area-level deprivation through a regression 

Table 1 (continued ) 

Variable Source Description COVID-19 specific 
supporting evidence 

Office for National 
Statistics, 2021a). 

Food and 
pharma retail 

BSRES 2019 percentage over 
all industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in food and 
pharmaceuticals retail 
establishments.  

Passenger 
transport 

BSRES 2019 percentage over 
all industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in passenger 
transport by rail, land 
including taxis, and 
water but excluding air 
transport. 

Justice and 
public order 

BSRES Percentage over all 
industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in private 
security activities, 
justice and judicial 
activities and in public 
order activities. 

Health BSRES 2019 percentage over 
all industries (5-digit 
subclass) present in the 
LA of employees and 
working owners 
working in hospital, 
general practice and 
specialist medical 
practice activities, but 
excluding work in care 
homes. 

Increased transmission 
Overcrowding Census 2011 percentage over 

total households in a 
LA of 4 person 
households with 1 
room and 2 rooms. 

Overcrowded living 
spaces limit the 
possibility to self-isolate 
if sick. Evidence of high 
correlation for larger 
occupancy households 
and multigenerational 
households (UK 
Scientific Advisory 
Group for Emergencies, 
2020; 2021); Almagro 
et al. (2021); Karaye and 
Horney (2020) 

High occupancy Census 2011 percentage over 
total households in a 
LA with homes falling 
short of the 
household’s 
requirements by 2 
bedrooms. 

Households 
with 
dependent 
children 

APS 2019 Percentage of 
households with 
dependent children 
over total households 
within a LA. 

Homes with children 
may have experienced 
higher transmission ( 
Larosa et al., 2020) 

Air quality IMD Population weighed 
sum of the 2019 IMD 
estimate of the 
concentration of the 
four pollutants 
nitrogen dioxide, 
benzene, sulphur 
dioxide and 
particulates. 

Links have been found 
between air quity and 
covid-19. E.g. Persico 
and Johnson (2021),  
Cole et al., 2021). 

Crime IMD 2019 IMD recorded 
crime rates index for 
theft, burglary, 
violence and criminal 
damage. 

Crime rates may have 
impacted on 
transmission as people 
living in high crime 
areas are less likely leave 
home (e.g. to engage in  

Table 1 (continued ) 

Variable Source Description COVID-19 specific 
supporting evidence 

outside physical 
activity) (Rees-Punia 
et al., 2018). 

Rurality Defra 2011 percentage of 
total population in the 
LA that lives in a rural 
location (rural 
including hub towns). 

Research shows that 
mortality and 
transmission of previous 
respiratory pandemics 
(e.g. 1918 Spanish flu or 
2009 H1N1) was lower 
in more rural areas ( 
Rutter et al., 2012;  
Bambra et al., 2022). 

Care homes PBLDR/ 
CQC 

2020 total number of 
care home beds in a LA. 

The proportion of the 
population in an area 
living in nursing homes 
associated with 
differences in death rates 
(Desmet and Wacziarg, 
2020) 
Area deprivation is a key 
risk factor in COVID-19 
deaths among care home 
residents. ( 
Bach-Mortensen and 
Degli Esposti, 2021) 

APS: Annual Population Survey, IMD is produced by the Ministry of Housing, 
Communities & Local Government, Defra: UK Department for Environment, 
Food & Rural Affairs, PHE: Public Health England, PLDR: Place-based Longitu-
dinal Data Resource, BSRES: Office for National Statistics Business Register and 
Employment Survey, CQC: Care and Quality Commission. 
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decomposition approach (Karlson and Holm, 2011). The method esti-
mates the share of a total effect (the reduced model: an unadjusted 
relationship between an explanatory variable and an outcome) that is 
accounted for by a set of confounders (the indirect effect of the 
explanatory variable on the outcome after adjusting for confounders in 
an adjusted or ‘full’ model) (Kohler et al., 2011) and allows for a trun-
cated distribution. We use linear regression to estimate the unadjusted 
and adjusted models. In the adjusted models we use the principal 
components of the PCA as the relevant confounders. Standard errors 
were clustered by 2011 ONS area (Office for National Statistics, 2015), 
where 2011 codes were assigned to 2020 LA codes using LA population 
weights. We estimated six separate models: the unadjusted or reduced 
model, one model adjusting for each of the ‘vulnerability’, ‘susceptibil-
ity’, ‘exposure’ and ‘transmission’ PCAs, and one last model including all 
four pathways simultaneously. Model fit using the Bayesian Information 
Criteria (BIC) is presented. Confidence intervals for the decomposition 
estimates were calculated using 1000 bootstrap samples with replace-
ment and strata for 2011 ONS area. 

3. Results 

In total, 63 LAs out of 311 in our sample were classed as the most 
deprived 20% LAs in the country. These LAs were more densely 

populated than the rest of the country (Table 2). These areas also had on 
average a slightly lower proportion of residents aged between 65 and 84 
years (15.6%) compared to the rest of the country (17.6%), but similar 
proportions of people over the age of 85 years (2.3% and 2.8% in 
deprived and no-deprived areas, respectively). Deprived areas also had 
on average 11% of residents from BAME groups. In terms vulnerability, 
susceptibility, exposure and transmission factors, deprived areas had 
higher prevalence of: comorbidities (especially COPD), households 
living in poverty, crime, overcrowding, and people employed in health, 
transport and food and pharmaceutical retail. The full list of variables 
can be found in Table 3. 

The average cumulative weekly age-standardised COVID-19 mor-
tality rate in the most deprived areas was 1135.9 (SD 2704.5) per 
100,000 population in the 20% most deprived areas and 853.7 (SD 
1742.3) in the rest of England (Welsh et al., 2021a). 

3.1. Principal components analysis 

The different factors and the associated rotated factor loadings 
resulting from the PCAs are summarized in Table 4, and the corre-
sponding scree plots can be found in Supplementary Fig. 1. For the 
vulnerability group of variables, two factors were extracted explaining 
76% of the variance of the variables. The first factor was loaded mainly 
by the hypertension, CVD and shielding variables and was interpreted as 
“General poor health and disability, with a focus on cardiovascular 
conditions”. The second factor for this group loaded mainly on COPD. 
The susceptibility variables loaded on two factors explaining 60% of the 
variance in the original variables, the first factor interpreted as “low 
household income and income inequality” and the second as “Poor 
quality home”. Three factors were extracted for the exposure group of 
variables, explaining 66% of the variance in the original data. These 
were interpreted based on the loadings as “Close contact food process-
ing”, “Key service sector workers” and “Key retail sector workers”. 
Finally, variables related to transmission loaded in three factors 
explaining 77% of the total variance in this group of variables. The first 
factor was loaded by overcrowding, high occupancy, and urban location 
and was interpreted as “Overcrowded urban environments”, the second 
factor was loaded mainly by the density of care homes in an area, and 
the third factor was loaded mainly by households with dependent chil-
dren and was used as a proxy for multigenerational households. 

3.2. Decomposition analyses 

Results from the decomposition analyses are based on the set of 
linear regressions of COVID mortality on the ‘vulnerability’, ‘suscepti-
bility’, ‘exposure’ and ‘transmission’ PCAs (Table 5). We found that 
COVID-19 cumulative weekly deaths were significantly higher in 
deprived areas in the first wave (282.2 per 100,000 population [95% CI: 
106.8, 457.6]). The coefficients for the cumulative death rate per 
100,000 population on the area deprivation variable after adjustment 
for the pathways was reduced to 35.1 (95% CI: − 112.3,182.4). The 
association between IMD and COVID-19 mortality is also attenuated by 
vulnerability, susceptibility and transmission individually. The BIC for 
each model - including PCAs - is lower than the area deprivation alone, 
with transmission and all factors having similar BIC and R-squared 
values. 

Table 6 shows the results of the decomposition analyses of the dif-
ference in the reduced and adjusted coefficients. Each factor on its own 
explained between 30.8% (exposure) to 84.2% (transmission) of the 
relationship between deprivation and COVID-19 mortality. When all 
pathways were considered together 87.6% of the effect was explained by 
the factors together; transmission (73.3%) remained the most important, 
followed by vulnerability (48.6%). Neither exposure, nor susceptibility 
factors are significantly related to mortality after adjustment for 
vulnerability or transmission (indicated by small proportions with 
confidence intervals that include 0). The decomposition results are also 

Table 2 
Summary measures of demographic characteristics of the most deprived 20% 
areas in England and the rest of the country.    

Mean Min. Max. CV Skewness 

Population 
density 

Most 
deprived 

2388.8 80.0 14758.0 0.95 3.06 

Rest 1665.6 25.0 16427.0 1.65 2.96 
Median age 

(years) 
Most 
deprived 

39.5 29.7 52.4 0.12 0.27 

Rest 42.9 28.9 54.3 0.12 − 0.34 
0 to 16 Most 

deprived 
20.9 16.2 28.6 0.11 0.65 

Rest 19.7 14.5 27.9 0.11 0.44 
17 to 24 Most 

deprived 
9.9 6.5 21.3 0.3 1.91 

Rest 8.5 6.3 22.8 0.3 2.94 
25 to 44 Most 

deprived 
26.2 17.8 42.2 0.14 1.29 

Rest 24.7 17.3 43.1 0.18 1.5 
45 to 64 Most 

deprived 
25.1 18.4 29.2 0.1 − 0.79 

Rest 26.8 17.2 31.4 0.09 − 1.19 
65 to 84 Most 

deprived 
15.6 7.0 26.9 0.24 0.36 

Rest 17.6 5.8 28.6 0.24 − 0.23 
85 and over Most 

deprived 
2.3 1.0 4.0 0.26 0.7 

Rest 2.8 0.8 4.9 0.26 0.1 
White Most 

deprived 
89.0 59.0 99.0 0.12 − 1.38 

Rest 92.0 38.0 99.0 0.12 − 2.55 
White Irish Most 

deprived 
1.0 0.0 4.0 0.78 2.15 

Rest 1.0 0.0 6.0 0.78 2.15 
Mixed ethnicity Most 

deprived 
1.0 0.0 6.0 0.86 2.05 

Rest 1.0 0.0 5.0 0.84 2.21 
Asian Most 

deprived 
6.0 0.0 30.0 1.03 1.64 

Rest 4.0 0.0 37.0 1.5 3.23 
Black, African 

and Caribbean 
Most 
deprived 

3.0 0.0 23.0 1.72 2.69 

Rest 2.0 0.0 26.0 1.94 3.54 
Other Most 

deprived 
1.0 0.0 5.0 1.21 2.49 

Rest 1.0 0.0 10.0 1.76 4.46 

CV: coefficient of variation, estimated as the mean divided by the standard 
deviation. 
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visualized in Fig. 1. 

4. Discussion 

This study explored area-level inequalities behind the large dispar-
ities in COVID-19 mortality between more and less deprived local au-
thority areas in England during the first wave of the pandemic. 
Specifically, it explored the contribution of four theorized pathways: 
unequal vulnerability, unequal susceptibility, unequal exposure and 
unequal transmission (Bambra et al., 2020, 2021). We found that from 
January 2020 to July 2020, transmission factors explained the largest 
share of the deprivation gap in mortality, followed by vulnerability 
factors. 

Transmission factors were also found to be important in previous 
research conducted in France where Brandily et al. (2021) examined the 
gradient in COVID-19 mortality by area-level income in urban munici-
palities. They found that the share of over-crowded housing in an area 
(transmission) was an important explanation of the mortality gap 

(Brandily et al., 2021). Similarly, a US study of COVID-19 incidence 
found that COVID-19 spread faster in more urban areas with higher 
population density (Clouston et al., 2021). Like Brandily et al. (2021) 
and Clouston et al. (2021), our study also found that when accounting 
for all factors simultaneously in our final model, exposure factors were 
the least important in explaining the deprivation gap in mortality. 
Whilst exposure is the first avenue through which a virus will spread into 
a community, differences in mortality levels in an area will be influ-
enced by what happens after that exposure (Murti et al., 2021). So, in-
equalities in other risks such as overcrowding, population density 
(transmission) and comorbidities (vulnerability) become more impor-
tant once the infectious disease has been seeded into a community. 

We found higher vulnerability to adverse COVID-19 outcomes in 
more deprived areas arising from a higher prevalence of NCDs. This 
suggests that the virus was more lethal in more deprived areas, char-
acterized by populations with higher rates of key comorbidities (Alma-
gro et al., 2021; Brandily et al., 2021; Chang et al., 2021). However, 
whilst the proportion of comorbidities in an area has been previously 

Table 3 
Summary measures of vulnerability, susceptibility, exposure, and transmission factors.    

Mean Min. Max. CV Skewness 

Diabetes Most deprived 7.7 5.8 10.0 0.12 − 0.03 
Rest 6.9 3.8 10.0 0.13 − 0.27 

Hypertension Most deprived 14.8 9.1 18.5 0.14 − 0.78 
Rest 14.6 7.4 18.9 0.14 − 0.60 

Coronary heart disease Most deprived 3.6 1.5 5.6 0.21 − 0.58 
Rest 3.2 1.3 5.2 0.25 0 

Shielding Most deprived 2.6 1.7 3.4 0.15 0.13 
Rest 2.2 1.4 3.2 0.14 0.18 

Obesity Most deprived 66.2 48.7 75.7 0.08 − 0.90 
Rest 62.2 41.7 76.0 0.09 − 0.44 

COPD Most deprived 603.3 265.6 1068.5 0.29 0.36 
Rest 355.8 162.5 1193.5 0.37 1.55 

Income inequality Most deprived 0.4 0.3 0.6 0.16 − 0.33 
Rest 0.3 0.1 0.5 0.32 0.36 

Poverty Most deprived 24.7 18.0 36.0 0.16 0.71 
Rest 18.8 12.0 38.0 0.23 1.56 

Homelessness Most deprived 0.2 0.0 0.9 0.92 1.50 
Rest 0.2 0.0 1.1 0.80 1.50 

Rough Sleeping Most deprived 14.4 0.0 91.0 1.00 2.81 
Rest 13.3 0.0 333.0 1.90 8.71 

Low quality housing Most deprived 0.2 0.1 0.3 0.24 − 0.26 
Rest 0.2 0.1 0.4 0.25 1.14 

No central heating Most deprived 0.01 0.0 0.1 1.40 1.69 
Rest 0.01 0.0 0.1 1.10 1.68 

Meat processing Most deprived 0.1 0.0 2.5 3.94 5.70 
Rest 0.1 0.0 3.8 3.70 5.80 

Prepared meals Most deprived 0.1 0.0 1.4 2.77 4.75 
Rest 0.1 0.0 7.1 4.68 8.48 

Food and pharma retail Most deprived 5.2 2.9 9.7 0.26 0.63 
Rest 4.5 1.5 8.5 0.26 0.23 

Passenger transport Most deprived 1.2 0.3 4.3 0.58 1.87 
Rest 0.9 0.1 5.0 0.87 2.50 

Justice and public order Most deprived 1.8 0.5 5.3 0.55 1.36 
Rest 1.5 0.2 8.9 0.80 1.91 

Health Most deprived 7.2 1.7 17.5 0.48 0.61 
Rest 4.6 0.4 19.1 0.74 1.12 

Overcrowding Most deprived 0.5 0.1 3.2 1.14 3.26 
Rest 0.5 0.0 4.1 1.46 3.14 

High occupancy Most deprived 0.7 0.2 3.0 0.86 2.06 
Rest 0.5 0.1 7.6 1.47 4.83 

Air quality Most deprived 1.0 0.6 1.5 0.19 0.72 
Rest 0.9 0.4 1.6 0.25 0.61 

Households with dependent children Most deprived 38.3 26.4 51.0 0.13 0.51 
Rest 38.8 20.0 55.1 0.16 − 0.11 

Crime Most deprived 0.6 0.0 1.0 0.79 − 0.49 
Rest 0.1 0.0 1.0 3.07 2.74 

Care home beds Most deprived 10577.1 1557.0 37282.0 0.61 1.67 
Rest 6510.8 1421.0 23620.0 0.60 2.00 

Rurality Most deprived 9.5 0.0 100.0 1.85 3.15 
Rest 36.0 0.0 100.0 0.98 0.60 

CV: coefficient of variation, estimated as the mean divided by the standard deviation. 
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associated to greater overall vulnerability to worse local COVID-19 
outcomes in England (Daras et al., 2021), associations with in-
equalities by area-level deprivation have been less clear (Davenport 
et al., 2021). In our study, we included key clinical risk factors (such as 
COPD - which exhibits a clear deprivation gradient in England [Collins 
et al., 2018]) and so our different choice measurement of NCDs 
compared to these earlier studies may be responsible for our different 
findings. 

Whilst our research has examined the place-based factors that matter 
for the increased mortality from COVID-19 in deprived areas, our find-
ings might also have relevance and insights for other respiratory ill-
nesses including influenza. As with COVID-19, inequalities were 
documented in the 2009 H1N1 influenza pandemic and there are well 
documented inequalities by area-level deprivation every year in sea-
sonal flu deaths. For example, the mortality rate from H1N1 in the most 
deprived areas of England was three-times higher than in the least 
deprived areas (Rutter et al., 2012). Similarly, in Canada hospitalization 
rates for H1N1 were associated with neighbourhood deprivation (Low-
cock et al., 2012). Various studies into cyclical winter influenza have 
also found associations between mortality, morbidity and symptom 
severity and socio-economic status amongst both adults and children 
(Crighton et al., 2007; Tam et al., 2014). The pathways we have detected 
for COVID-19 might also be important for inequalities in flu. 

By examining the influence of place characteristics on inequalities in 
COVID-19 mortality, our study also makes a contribution to our un-
derstanding of the geographical nature of health inequalities. This 
longstanding sub-section of the medical geographies literature (Elliott, 
2018), examines the well documented health inequalities that exist 
within and between places – at different scales: from the life expectancy 
gap of 9 years between men living in the most and least deprived 
neighbourhoods of England, to the excess mortality in the West of 
Scotland, or the US heath disadvantage (Bambra et al., 2019). There has 
long been a tension in the geographical analysis of these health in-
equalities about the relative importance of compositional and contex-
tual factors – and their interrelationship (Bambra, 2016; Cummins et al., 
2007). Compositional factors explain the relationship between place and 
the health of a community by focusing on the demographic (age, sex, 
ethnicity), health-related practices (smoking, alcohol, physical activity, 
diet, drugs, gambling), and socio-economic characteristics (income, 
education, occupation) of the people living within the area (neigh-
bourhood, town, city, region). In contrast, contextual analyses explore 
how the characteristics of a local place – economic (e.g. area-level: 
poverty rates, unemployment rates, wages, types and quality of work, 
and job availability), social (‘opportunity structures’ [e.g. services such 
as childcare, food availability, healthcare, housing or schools] and 
‘collective social functioning’ [e.g. social cohesion, community control, 
social capital, stigma]) and physical (e.g. air pollution, access to green 
space, built environment) – also matter for the health of the community 
living in that place (Macintyre et al., 2002; Pouliou and Elliott, 2010; 
Bambra et al., 2014). Our study engages with this debate by suggesting 
that on the one hand, compositional factors – specifically underlying 
rates of NCDs (vulnerability) – matter for unequal COVID-19 outcomes 
but on the other hand, the contextual characteristics of places also 
matter – particularly housing conditions and population density rates 
(transmission). Our results also suggest that these compositional and 
contextual factors act relationally both within and between pathways. 

An important strength of this study is the use of a theory-guided 
framework to investigate the observed health inequalities in COVID- 
19 in England. In contrast to previous studies that have explored only 
a couple of potential mediators, we concurrently test for a wide range of 
socio-spatial inequalities that could explain the area-level deprivation 
gap in COVID-19. Our results show that indeed area-level inequalities 
were explained by this comprehensive set of factors. 

Table 4 
Rotated factor loadings and factors from Principal Components Analysesa.  

Original variables Factors    

Vulnerability  

Factor1 Factor2 . Uniqueness 

Diabetes 0.5999 0.3247 . 0.4645 
Hypertension 0.9469 − 0.221 . 0.1299 
CVD 0.9418 − 0.0726 . 0.1324 
Shielding 0.7662 0.2703 . 0.2653 
Adults overweight or obese 0.6015 0.4213 . 0.3696 
COPD − 0.0391 0.9633 . 0.0842  

Variance explained 
(proportion) 

0.507 0.252 . N/A 

Variance explained 
(cumulative) 

0.507 0.759 . N/A 

Interpretation Poor health, focus on cardiovascular conditions 
COPD 

Susceptibility  

Factor1 Factor2 . Uniqueness 

Inequality in income 0.6964 0.0474 . 0.5127 
Households in poverty 0.9012 − 0.0666 . 0.1833 
Homelessness 0.5791 − 0.448 . 0.464 
Rough sleeping 0.6050 − 0.0971 . 0.6245 
Low quality housing − 0.2175 0.7614 . 0.3729 
Houses with no central heating 0.0733 0.832 . 0.3025  

Variance explained 
(proportion) 

0.3419 0.2481 . N/A 

Variance explained 
(cumulative) 

0.3419 0.5899 . N/A 

Interpretation Low income and income inequality 
Poor housing conditions 

Exposure  

Factor1 Factor2 Factor3 Uniqueness 

Meat processing − 0.1257 0.7918 − 0.1622 0.3310 
Prepared meals 0.0390 0.8384 0.0851 0.2883 
Food and pharma retail − 0.0007 − 0.0319 0.9395 0.1163 
Passenger transport (exc. air) 0.7317 0.0283 0.3551 0.3377 
Justice and public order 0.7806 − 0.0564 − 0.2049 0.3455 
Health (exc. care homes) 0.5679 − 0.1526 − 0.0540 0.6512  

Variance explained 
(proportion) 

0.2474 0.2264 0.1812 N/A 

Variance explained 
(cumulative) 

0.2474 0.4738 0.655 N/A 

Interpretation Key sectors - services 
Close contact manufacturing 
Key sectors - retail 

Transmission  

Factor1 Factor2 Factor3 Uniqueness 

Overcrowding 0.9175 − 0.1309 − 0.1431 0.1207 
High occupancy 0.8923 − 0.0686 − 0.0287 0.1982 
Oringal variables Factot    
Air quality 0.8723 0.0568 0.1592 0.2106 
Households with dependent 

children 
− 0.0211 − 0.0625 0.9529 0.0875 

Crime rates 0.5711 0.4476 − 0.0187 0.4732 
Care homes − 0.1191 0.9036 − 0.0753 0.1637 
Rurality − 0.6289 − 0.3631 − 0.3198 0.3703  

Variance explained 
(proportion) 

0.4479 0.1682 0.1519 N/A 

Variance explained 
(cumulative) 

0.4479 0.6161 0.768 N/A 

Interpretation Overcrowded urban environments 
Care home density 
Multi-generational homes  

a Factors extracted from PCAs using orthogonal varimax rotation. 
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Table 5 
Regressions of mortality on vulnerability, susceptibility, exposure and transmission factors (first wave - January to July 2020).   

Reduced Vulnerability Susceptibility Exposure Transmission All factors 

Deprivation 282.2** (106.8,457.6) 111.9 (− 36.5,260.2) 115.3 (− 97.4,328.1) 195.3* (17.7,372.8) 44.7 (− 101.1,190.5) 35.1 (− 112.3,182.4) 
Vulnerability_1  − 206.7*** (− 300.5,- 

112.9)    
16.2 (− 52.4,84.9) 

Vulnerability_2  163.3*** (115.1,211.5)    90.2** (39.9,140.5) 
Susceptability_1   184.3** (90.7,278.0)   − 73.5 (− 158.8,11.8) 
Susceptablity_2   − 191.4*** (− 254.3,- 

128.5)   
− 56.1 
− 124.6,12.4) 

Exposure_1    170.1* (41.4,298.8)  19.0 (− 42.6,80.6) 
Exposure_2    − 44.1* (− 78.6,-9.5)  − 14.2 (− 44.1,15.7) 
Exposure _3    − 36.9 (− 126.9,53.0)  − 16.4 (− 55.8,23.0) 
Transmission_1     305.7*** 

(254.5,356.8) 
304.2*** 
(183.2,425.1) 

Transmission_2     85.8*** (49.4,122.2) 62.8** (21.3,104.4) 
Transmission_3     52.6** (15.3,90.0) 24.0 (− 14.8,62.7) 
Constant 853.7*** 

(654.3,1053.1) 
887.2*** (775.7,998.7) 896.6*** (774.8,1018.4) 870.9*** 

(712.7,1029.0) 
900.9*** 
(828.5,973.3) 

902.3*** 
(841.9,962.7) 

N 311 311 311 311 311 311 
BIC 4668 4548 4544 4629 4467 4475 
R2 0.064 0.387 0.372 0.220 0.537 0.565 

95% confidence intervals in parentheses, *p < 0.05, **p < 0.01, ***p < 0.001. 

Table 6 
Percentage (and 95% confidence interval) of the total effect of deprivation on COVID-19 mortality rates accounted for by the different ‘vulnerability’, ‘susceptibility’, 
‘exposure’ and ‘transmission’ factors between January 2020 and July 2020.   

Vulnerability Susceptibility Exposure Transmission All factors 

% (95% CI) % (95% CI) % (95% CI) % (95% CI) % (95% CI) 

First wave 
Vulnerability 60.4 (4.3,116.4)    48.6 (5.9,91.4) 
Susceptibility  59.1 (19.8,98.5)   − 35.9 (− 76.3,4.3) 
Exposure   30.8 (4.5,57.1)  1.6 (− 10.3,13.4) 
Transmission    84.2 (34.9,133.3) 73.3 (25.9,120.8) 
All factorsa     87.6 (34.5,140.6)  

a Decomposition of the total effect of deprivation on cumulative COVID-19 mortality death rates after accounting for vulnerability, susceptibility, exposure and 
transmission factors together. 

Fig. 1. Visualization of decomposition results: Percentage of area-level deprivation gap in COVID-19 mortality explained by different pathways.  

V. Albani et al.                                                                                                                                                                                                                                  



Social Science & Medicine 311 (2022) 115319

9

Our study is also strengthened from using age-standardised mortality 
rates to account for the impact on COVID-19 mortality arising from 
different age profiles across local authorities, although this was done as 
an approximation using pro-rata monthly age-standardised rates to 
weekly ones based on weekly death counts from a lack of official weekly 
age-standardised mortality rates at the local authority level (Welsh 
et al., 2021a). 

A point of note in our analyses is that we did not adjust for the ethnic 
composition of neighbourhoods. Mainly in the United States, but also in 
other parts of the world, some of the areas worst affected by the 
pandemic within a country have been those with high concentrations of 
non-white ethnic groups (Karaye and Horney, 2020; Ruck et al., 2021). 
In England, many of the social inequalities associated with greater 
deprivation are closely interlinked with ethnicity (e.g. living in 
multi-generational homes and more crowded housing, holding key 
sector and low-paying occupations, greater prevalence of comorbidities 
associated with greater COVID-19 death risk, etc.) (Marmot and Allen, 
2020; Nazareth et al., 2020; UK Scientific Advisory Group for Emer-
gencies). Including a variable with such strong correlations to the ex-
posures of interest would have very likely subsumed their predictive 
effects and left us with an uninformative model about the reasons why 
local area inequalities account for mortality disparities (Office for Na-
tional Statistics, 2020). However, the important association between 
ethnicity and adverse COVID-19 outcomes should also be explored 
further (Katikireddi et al., 2021). 

Our study is also subject to some important limitations. Firstly, using 
COVID-19-specific mortality, as opposed to a measure of excess mor-
tality, could have biased – underestimated - our estimates of the effect of 
area deprivation on deaths if true COVID-19 deaths were underreported 
- which may well have been the case at the start of the pandemic. 
Similarly, our estimates from the decomposition analyses could also be 
conservative if underreporting of true COVID-19 deaths was associated 
with deprivation. Given findings from other studies (see e.g. Brandily 
et al., 2021), however, we would expect our main conclusions to remain 
the same even when using excess mortality. Secondly, we used mortality 
data from local authorities in England. This was partly because local 
authority COVID-19 mortality data was available publicly at the time we 
conducted our analysis. But also because most of our predictor, 
explanatory variables were only available at the local authority level – 
not at a smaller neighbourhood level (e.g. lower super output areas 
[LSOAs]). Analysis of smaller-level geographies would allow a more 
precise estimation of the extent of area-level inequalities in COVID-19 
mortality - but data for our predictors is not available at this scale. 
Thirdly, we chose to focus on the bottom 20% compared to the other 
80% because previous work (Welsh et al., 2021a) found that the 20% 
most deprived local authorities had the highest COVID-19 age-standar-
dised mortality rates and that the relationship between IMD and 
COVID-19 mortality rates was not linear. However, we acknowledge 
that the other 80% of local authorities are likely to be heterogeneous 
themselves. Further work could explore differences in the pathways 
between these other four quintiles. Fourthly, some of the variables used 
in each of the four pathways are collinear with deprivation and some are 
in fact taken directly from the calculation of the underlying IMD score 
domains, however the pathways fit better than deprivation alone. 
Finally, whilst we have identified relationships at the area level we 
cannot, of course, assume that our findings hold true at the individual 
level. To do so would be to risk the ecological fallacy since relationships 
identified for areas cannot be assumed to apply to individuals (Field-
house and Tye, 1996). Further cohort based work would need to be 
conducted to explore the factors that influence individual-level socio--
economic inequalities in COVID-19 (Office for National Statistics, 
2021a). 

5. Conclusion 

This study provides evidence that the higher rates of COVID-19 

mortality in more deprived areas arose from pre-existing inequalities 
in vulnerabilities (i.e. a greater burden of NCDs) and inequalities during 
the pandemic in transmission factors – specifically housing conditions 
and population density. This is consistent with the theorization of the 
pandemic as a syndemic for more deprived communities (Bambra et al., 
2020). This suggests that public health agencies need to understand how 
these factors are unequally distributed across and clustered within 
communities (Daras et al., 2021). Efforts to reduce the impact of 
COVID-19 - and any future pandemics (including influenza) – on more 
deprived communities must focus on addressing these priority under-
pinning pathways by intervening to reduce health inequalities through 
action on the social determinants of health (Bambra et al., 2010). 
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