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ARTICLE INFO ABSTRACT
Keywords: Objective: Factors that shape individuals’ vulnerability to the effects of air pollution on COVID-19 severity remain
COVID-19 poorly understood. We evaluated whether the association between long-term exposure to ambient NO3, PMy s,

Air pollution
Effect modification
Vulnerability

and PM;( and COVID-19 hospitalisation differs by age, sex, individual income, area-level socioeconomic status,
arterial hypertension, diabetes mellitus, and chronic obstructive pulmonary disease.

Methods: We analysed a population-based cohort of 4,639,184 adults in Catalonia, Spain, during 2020. We fitted
Cox proportional hazard models adjusted for several potential confounding factors and evaluated the interaction
effect between vulnerability indicators and the 2019 annual average of NOy, PMjy 5, and PM;,. We evaluated
interaction on both additive and multiplicative scales.

Results: Overall, the association was additive between air pollution and the vulnerable groups. Air pollution and
vulnerability indicators had a synergistic (greater than additive) effect for males and individuals with low income
or living in the most deprived neighbourhoods. The Relative Excess Risk due to Interaction (RERI) was 0.21, 95
% CI, 0.15 to 0.27 for NO3 and 0.16, 95 % CI, 0.11 to 0.22 for PM, 5 for males; 0.13, 95 % CI, 0.09 to 0.18 for NOy
and 0.10, 95 % CI, 0.05 to 0.14 for PM, 5 for lower individual income and 0.17, 95 % CI, 0.12 to 0.22 for NO, and
0.09, 95 % CI, 0.05 to 0.14 for PM, 5 for lower area-level socioeconomic status. Results for PM;y were similar to
PM, 5. Results on multiplicative scale were inconsistent.

Conclusions: Long-term exposure to air pollution had a larger synergistic effect on COVID-19 hospitalisation for
males and those with lower individual- and area-level socioeconomic status.

1. Introduction status (Burn et al., 2021; Du et al., 2021). In addition, long-term expo-
sure to fine particulate matter (PMj 5) and nitrogen dioxide (NO,) have

The COVID-19 pandemic presented major challenges to societies and been consistently associated with COVID-19 hospitalisation (Bowe et al.,
health systems worldwide (Bell et al., 2022). Several risk factors 2021; Chen et al., 2022a; Chen et al., 2022b; Ranzani et al., 2023;
contributing to progression to severe COVID-19 have been identified, Sheppard et al., 2023; Sheridan et al., 2022). A 2023 systematic review
including age, male sex, chronic comorbidities and lower socioeconomic reported a pooled odds ratio of 2.27 (95 % CI, 1.41-3.66, per 10 pg/m>

Abbreviations: CI, confidence interval; COPD, chronic obstructive pulmonary disease; COVID-19, disease caused by the Sars-CoV-2 infection; df, degrees of
freedom; HR, hazard ratio; NO,, nitrogen dioxide; PM;, fraction of particles with an aerodynamic diameter smaller than 10 um; PM, s, fraction of particles with an
aerodynamic diameter smaller than 2.5 um; RERI, relative excess risk due to interaction; RR, relative risk.
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increase in PM3 5, n = 6 studies) for COVID-19 hospitalisation, intensive
care admission or respiratory support (Sheppard et al., 2023). Addi-
tionally, four large population-based studies not included in the review
analysing either the general population (Ranzani et al., 2023; Stafoggia
etal., 2023; Zhang et al., 2023) or COVID-19 cases (Hyman et al., 2023)
detected positive associations between air pollutants and severe COVID-
19. Positive associations were reported for PM; 5 and NO, and COVID-
19 hospitalizations in three studies (Hyman et al., 2023; Ranzani
et al., 2023; Zhang et al., 2023); for PM; 5 and COVID-19 deaths in four
studies (Hyman et al., 2023; Ranzani et al., 2023; Stafoggia et al., 2023;
Zhang et al., 2023); and NO, and COVID-19 deaths in three (Ranzani
et al., 2023; Stafoggia et al., 2023; Zhang et al., 2023).

However important gaps remain in our understanding of who is most
vulnerable to developing air pollution related severe COVID-19 out-
comes such as hospitalization or death. Overall, previous studies were
not specifically designed to identify vulnerable groups, were limited by
inadequate sample size and power, and did not provide a detailed
evaluation of interaction on both additive and multiplicative scales
(Knol and VanderWeele, 2012; VanderWeele and Knol, 2014). In addi-
tion to the multiplicative scale, evaluating interaction on the additive
scale provides a more complete understanding of groups who would
benefit most from reduced exposure, is more suitable when the baseline
risk of outcome differs considerably between those with and without a
vulnerability indicator, and is more informative regarding the public
health significance of the evaluated interaction (Knol and VanderWeele,
2012; VanderWeele, 2019; VanderWeele and Knol, 2014). Additionally,
some studies evaluated cohorts of COVID-19 cases rather than the
general population, which may introduce bias in the effect modification
estimates, particularly if the effect modifier is also associated with the
risk of getting infected or diagnosed (Griffith et al., 2020; Millard et al.,
2023).

Studies that evaluated effect modification for the association be-
tween ambient NOy and PM; 5 and COVID-19 hospitalization yielded
inconsistent results for age, sex and comorbidities. Zhang et al. observed
effect modification on the multiplicative scale for NO; for those aged
>65 years, but not for sex, and no modification for PM, s for either age
or sex in a general population-based cohort in Denmark (Zhang et al.,
2023). Hyman et al. observed a multiplicative interaction for both NO,
and PM, 5 with age but not sex for COVID-19 hospitalization among a
cohort of COVID-19 cases (Hyman et al., 2023). Chen et al. found no
evidence of effect modification by age or sex for both pollutants (Chen
et al., 2022b). Finally, Bowe et al. observed no evidence of effect
modification for age or sex on the multiplicative scale, but a positive
additive interaction for age for PMy s and COVID-19 hospitalization
(Bowe et al., 2021). Regarding comorbidities, Zhang et al. investigated
multiplicative effect modification for several comorbidities and
observed effect modification for COVID-19 hospitalization only for
chronic obstructive pulmonary disease (COPD) and NO,, The authors
observed a decreased NO5 hospitalization association for those with
COPD compared with individuals without COPD (Zhang et al., 2023). In
contrast, larger PM, s-hospitalization associations were observed among
those with compared to those without chronic respiratory diseases in a
cohort of selected COVID-19 cases (Mendy et al., 2021). Finally, Hyman
et al. reported larger NO,— and PM; s-associations with COVID-19 hos-
pitalization with increasing body-mass index increases (Hyman et al.,
2023).

Evidence regarding modification of air pollution COVID-19 hospi-
talization associations by socioeconomic indicators are more consistent
showing increased associations for those with lower socioeconomic
status. Analysing representative cohorts of COVID-19 cases in the US,
Bowe et al. observed a larger association for PMs 5 and COVID-19 hos-
pitalization among those living in more deprived areas both on multi-
plicative and additive scales (Bowe et al., 2021). In a population-based
cohort of the general Danish population, Zhang et al. observed increased
association for both NO, and PMys and COVID-19 hospitalization
among those with lower compared to higher education on the
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multiplicative scale. Similar trends were observed for income, employ-
ment and wealth status, but interactions were not statistically significant
(Zhang et al., 2023). Evidence from the US indicates modification on the
multiplicative scale of air pollution and COVID-19 hospitalizations by
race/ethnicity, with stronger associations among Black individuals
(Bowe et al., 2021; Chen et al., 2022b).

We previously observed a positive association between long-term
ambient PMy5 and NOy; and COVID-19 hospitalisation in a large,
population-based cohort in Catalonia, Spain (Ranzani et al., 2023). We
now extend these results to evaluate whether demographic (age, sex),
chronic comorbidities (arterial hypertension, diabetes mellitus, COPD)
and socioeconomic (individual-level income and area-level socioeco-
nomic index) characteristics confer vulnerability to the association of
long-term air pollution exposure with COVID-19 hospitalisation. We
selected vulnerability indicators that: 1) were risk factors for COVID-19
progression to severity (Burn et al., 2021; Dessie and Zewotir, 2021; Du
et al., 2021); 2) had little missing data; and 3) in case of comorbidities,
were prevalent across different age ranges (i.e., above and below 65
years). Potential mechanisms underlying increased vulnerability to air
pollution of these indicators include: impaired response to oxidative
stress and inflammation with increasing age and presence of comor-
bidities (Chistiakov et al., 2014; Liguori et al., 2018), different immune
response by sex during acute COVID-19 infection (Takahashi et al.,
2020), and low socioeconomic status having different occupational
exposure resulting on high virus load during acute infection (Wachtler
et al., 2020).

2. Methods
2.1. Study design and population

We analysed a population-based cohort of the adult population of
Catalonia (northeast of Spain) constructed through record-linkage of
data collected in the public health administration databases of Catalonia
(Avellaneda-Gomez et al., 2022; Ranzani et al., 2023), whose system
covers nearly its entire population (98.8 % of the 7.4 million in 2015)
(Ranzani et al., 2023).

The original cohort included 5,127,059 adults (>18 years) residing
in Catalonia in January 2015. Our analysis included all individuals from
the original cohort who were alive and residing in Catalonia in March
1st 2020 (n = 4,669,011).

The cohort design, definitions, and analysis plan were pre-specified
in a protocol before any data extraction. Any deviance from the initial
plan was labelled as post-hoc. The sample size was pragmatic based on
the population-based cohort. We received ethics approval from the Parc
de Salut Mar Ethics Committee (CEIM-PS MAR, no.2020/9610) to
conduct this study.

2.2. Outcome

We defined COVID-19 related hospitalisation as hospital admission
within 30-days of COVID-19 diagnosis (Chen et al., 2022b; Nobile et al.,
2022; Ranzani et al., 2023). COVID-19 diagnosis was defined as positive
RT-qPCR or rapid antigen test or clinical diagnosis of COVID-19 (defined
by respective ICD-10 codes recorded in the administrative healthcare
databases). We considered only the first COVID-19 diagnosis since the
start of the cohort and excluded diagnoses at nursing homes (Chen et al.,
2022a; Ranzani et al., 2023). To account for individuals who were first
hospitalized and had a subsequent COVID-19 diagnosis, particularly
during the first wave of the pandemic in Spain, we also included hos-
pitalisations that occurred during ten days prior to first COVID-19
diagnosis.

2.3. Exposure assessment

We assigned annual average (2019) NO,, PMas and PM;( at
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participant’s residential address using spatiotemporal machine learning
models developed in the COVAIR-CAT project. Details of the model have
been published elsewhere (Mila et al., 2023). The estimated perfor-
mance of the models in terms of R? was 0.77 for NO5, 0.61 for PMy 5, and
0.64 for PM;o. We used residential address at the start of 2021 or the last
available since address data collection for 2020 was disrupted by the
pandemic. Exposure distributions are shown in the supplementary
material.

2.4. Covariates

We obtained age, sex, individual-level income and health risk group
in 2015 from the Central Registry of Insured Persons. Individual income
group was based on the co-payment system for drug dispensations,
which largely depends on income (Avellaneda-Gomez et al., 2022;
Ranzani et al., 2023). Individual health risk group was based on a
validated ordinal index which encompasses multimorbidity and levels of
patient complexity, accounting for acute, chronic or oncological mor-
bidities, single or multimorbidity, medications and demand of the health
system (Monterde et al., 2020; Vivanco-Hidalgo et al., 2021).

Tobacco smoking status (non-smoker, former-smoker or active
smoker) and arterial hypertension, diabetes mellitus, and COPD were
obtained from the primary care database. Selected chronic comorbid-
ities were also obtained from the hospital admissions database (e.g.,
COPD) (Avellaneda-Gomez et al., 2022; Ranzani et al., 2023). We
considered a missing value for tobacco smoking as a non-smoker
because the value is most often omitted for non-smokers in the pri-
mary care. Previous analysis using different approaches (e.g., multiple
imputation) yielded similar results (Ranzani et al., 2023). Nursing home
status for those with COVID-19 diagnosis was obtained from the COVID-
19 surveillance system. We adjusted for the four area-level indicators:
the Small Area Socioeconomic Index (Avellaneda-Gomez et al., 2022;
Idescat. Small Area Socioeconomic Index, n.d); the distance from the
residence to the closest primary care unit, as a proxy for the public
healthcare system accessibility; the weekly test-positive proportion of
RT-qPCR and rapid antigen tests as a proxy of the pandemic dynamics
(Hitchings et al., 2021); and a residential urban/rural area binary in-
dicator (Ranzani et al., 2023).

Further details of the cohort are in the supplementary material and
published elsewhere (Avellaneda-Gomez et al., 2022; Ranzani et al.,
2023).

2.5. Statistical analysis

We fitted Cox proportional hazards models to estimate the associa-
tion between long-term exposure to air pollution and COVID-19 hospi-
talisation. Follow-up started on March 1st 2020, coinciding with the
start of the pandemic in Catalonia in early March 2020, and finished if
COVID-19 hospitalization occurred, or right-censoring at the first
instance of (1) death; (2) 30 days after the first COVID-19 diagnosis
among individuals who were not hospitalized in the 30 day window
(Chen et al., 2022b; Nobile et al., 2022; Ranzani et al., 2023); (3)
emigration outside the study area (we set July 1st 2020 as date of
censoring, n = 39,241, 0.8 %, due to lack of exact date of emigration in
2020 due to pandemic disruption); and (4) the end of the study period
(December 31st 2020).

We used time from March 1st 2020 in days as the time scale. We
assessed the proportional hazards assumption by visual inspection of
score residuals plotted against time. Associations were reported as
Hazard Ratios (HR) with their 95 % Confidence Intervals (CI).

We used two approaches to evaluate effect modification on the ad-
ditive scale. First, we created a 10-level category for each exposure and
vulnerable group by combining quintiles of exposure and a binary in-
dicator of vulnerability (Wang et al., 2023). We used quintiles to opti-
mize the trade-off between preserving exposure variability and ensuring
adequate sample size within each group. Second, we created a 4-level
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category using binary exposure above or below the median and a bi-
nary indicator of vulnerability to estimate the Relative Excess Risk due
to Interaction (RERI) (Knol and VanderWeele, 2012; VanderWeele and
Knol, 2014; Wang et al., 2023), a measure of departure from additivity,
as defined below:

RERI = RR,; — RR\) —RRy; +1

where RR;; is the risk when both conditions are present and RR;o and
RRy; are the risks when only one of the conditions is present. RERI was
estimated with the resulting HRs from the 4-level category. RERI tests
whether the combined effect of exposure and vulnerability is greater
(positive), smaller (negative) or equal (0 value) to the sum of their ef-
fects. Confidence intervals for RERI were estimated using the delta-
method (Assmann et al., 1996).

We investigated interaction on the multiplicative scale using two
approaches. First, multiplicative interaction was estimated from the
model used to calculated the RERI (Knol and VanderWeele, 2012;
VanderWeele and Knol, 2014). Second, we added an interaction term
between the air pollutant (continuous term) and each vulnerability
indicator.

We adopted the terminology from VanderWeele to assess where on
the interaction continuum (11 states ranked according to strength of
positive interaction) our RERI results were located (VanderWeele,
2019). Where two exposures have positive associations with the
outcome, the probability of the outcome in the doubly exposured group
determines the location of the continuum (VanderWeele, 2019).

We adjusted models based on a priori assumptions about the re-
lationships between exposures, covariates and the outcome (Fig. S1)
(Ranzani et al., 2023). Models for the 10- and 4-level categories were
adjusted by age (2 categories) + sex (2 categories) + smoking (3 cate-
gories) + health risk group (4 categories) + Small Area Socioeconomic
Index (2 categories) + distance to the closest primary care unit
(continuous) + urbanicity (2 categories) + average weekly test-positive
proportion (continuous) + health region (strata of 7 categories). Models
investigating multiplicative interaction with continuous exposure
differed only by including continuous terms for age (penalized spline
with 6 df) and Small Area Socioeconomic Index (main model in previous
analysis (Ranzani et al., 2023)). In the models of the 4- and 10-level
categories, continuous age and Small Area Socioeconomic Index
would have resulted in high collinearity with dichotomous vulnerability
indicators (e.g. age >65 years).

In post-hoc analysis to illustrate the phenomena observed in the
multiplicative scale models with continuous exposures, we predicted the
probability of COVID-19 hospitalisation from the Cox model using two
vulnerable groups: diabetes mellitus and low individual income as ex-
amples of variables with strong (diabetes) and modest (individual in-
come) associations with COVID-19 hospitalisation (Fig. 1).

All analyses were conducted in R (R Core Team, 2020) software
(version 4.1.2). Cox proportional hazards model were conducted using
the “survival” package (Thermeau, 2021), and RERI was estimated with
the “interaction” package (Alli, 2021).

3. Results
3.1. Population characteristics

On March 1st 2020, there were 4,669,011 adults residing in Cata-
lonia, of which we excluded 998 (<0.1 %) because of inconsistent or loss
to follow-up information, 1512 (<0.1 %) missing residential address,
5999 (0.1 %) missing air pollution exposure, and 21,318 (0.4 %) COVID-
19 cases from nursing-homes, resulting in the analysed population of
4,639,184 individuals (Fig. S2).

Table 1 presents the general characteristics of the full population and
vulnerable groups, including their crude COVID-19 hospitalisation rates.
The mean age was 54 (SD = 17) years, with 27 % of the population aged
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Fig. 1. Combined adjusted hazard ratios of long-term NO, and vulnerability indicators on the risk of COVID-19 hospitalisation. The ten category levels were created
by combining the presence or absence of the vulnerable group and the quintiles of the long-term ambient NO,. The hazard ratio was estimated with a Cox Pro-
portional Hazards model, adjusted by age (factor, 2 categories) + sex (factor, 2 categories) + smoking (factor, 3 categories) + health risk group (factor, 4 categories)
+ Small Area Socioeconomic Index (factor, 2 categories) + distance to the closest primary care unit (continuous term) + urbanicity (factor, 2 categories) + average
weekly test-positive proportion (continuous term) + health region (strata, 7 categories). The reference group was always the group with absence of the vulnerable
group indicator and the first quintile of the long-term ambient NO,. The black circle refers to the point estimated hazard ratio and the stickers refers to the 95 %
confidence interval.

>65 years. The prevalence of arterial hypertension was 25 %, followed
by 10 % for diabetes mellitus and 4 % for COPD. About two thirds of the
population had low income (<18,000 euros per year). The characteris-
tics of those excluded (n = 29,827) are shown in Table S1. Excluded

Table 1
Characteristics and crude COVID-19 hospitalisation rates of the full population
and vulnerable groups.

Variable Category  Full Crude COVID-19 individuals were older, more likely to be female, with more comorbid-
population Hospitalisation rate, n . . T . .
) ities, and more likely to have low individual-level socioeconomic status
compared to included individuals.
n n 4,639,184 42,741 (0.92) There were 319,290 (6.9 %) COVID-19 cases identified during the
study period, of whom 42,741 (13 %) were hospitalized. The mean
Age categories, n (%) 23-64 3,390,376 20,407 (0.60) follow-up time was 293 (SD = 48) days. The overall crude hospital-
years 73.1) isation rate was 0.92 %, and varied according to vulnerability group:
65 + 1,248,808 22,334 (1.79) -4 70, 8 I ty group:
years (26.9) 1.79 % for those aged 65 + and 1.96 % (hypertension) to 2.53 % (COPD)
Male, n (%) No 2,431,299 19,470 (0.80) for those with chronic comorbidities (Table 1).
(52.4)
Yes (2";02)’885 23,271 (1.05) 3.2. Additive effects of air pollution exposure and vulnerability indicators
Hypertension, n (%) No 3,469,940 22,956 (0.66)
(74.8) Overall, there was an additive effect when evaluating the combined
Yes 1,169,244 19,785 (1.69) effects of NOy (Fig. 1, Table S2), PMy 5 (Fig. S3, Table S2) and PMjg
Diabet it %) N 2215'723)175 32,186 (0.77) (Fig. S4, Table S2) and vulnerability indicators. Relative to the least
iabetes mellitus, n o , 3 3 . .. . o1s . .
0 (90.0) exposed quintile without vulnerability, the risk of COVID-19 hospital-
Yes 466,009 10,555 (2.26) isation was highest in the most exposed quintile for each vulnerability
(10.0) indicator for the three pollutants. For age, sex, and most comorbidities,
Chronic Obstructive No 4,448,766 37,927 (0.85) the increase in risk of COVID-19 hospitalisation was close to monotonic
Pulmonary Disease, n (95.9) h . disti .
% across the ten categories. However, a distinct, non-monotonic pattern
Yes 190,418 4,814 (2.53) was observed for individual and area-level SES indicators, for which the
4.1) effect of the vulnerability indicator on risk of COVID-19 hospital
Low individual income, ~ No 1,417,397 12,433 (0.88) admission alone (e.g. comparison of with and without vulnerability in
n (%) (30.6) the first quintile of exposure) was modest.
Yes 3,221,787 30,308 (0.94)
(69.4)
Lower area-level SES,n  No 2,333,456 20,300 (0.87) 3.3. Additive interactions between air pollution and vulnerability
(%) (50.3) indicators
Yes 2,305,728 22,441 (0.97)
(49.7)

Broadly similar patterns were observed with dichotomous exposure
SES: socioeconomic status. (two categories using the median value) for PMy s, PM;p, and NO;
(Tables 2 and 3, Table S3). Based on the RERI, there was evidence for a
joint effect larger than the sum of effects (positive additive) of air
pollution exposure and the vulnerability indicator for sex and the SES
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Table 2
Association between NO, and COVID-19 hospitalisation by vulnerability in-
dicators and their interaction on additive and multiplicative scales.
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Table 2 (continued)

NO,* Interaction Interaction on Type of
on additive = multiplicative interaction (
- scale scale VanderWeele,
Low High RERI (95 % HR (95 % CI) 2019)
CI)
Age, years
23-64  1.00 1.49 0.06 (-0.01 0.87 (0.84 to Zero additive
(Reference) (1.44 to 0.12) 0.91)
to
1.55)
65+ 1.81 (1.75 2.36 Negative
to 1.87) (2.26 multiplicative
to
2.45)
Male
No 1.00 1.39 0.21 (0.15 1.00 (0.96 to Positive
(Reference) (1.34 to 0.27) 1.04) additive
to
1.45)
Yes 1.52 (1.47 2.12 No
to 1.57) (2.03 multiplicative
to
2.20)
Hypertension
No 1.00 1.49 —0.10 0.87 (0.84 to Negative
(Reference) (1.43 (-0.16 to 0.90) additive
to —0.05)
1.54)
Yes 1.32 (1.28 1.71 Negative
to 1.37) (1.64 multiplicative
to
1.78)
Diabetes
No 1.00 1.43 0.01 (-0.06 0.91 (0.87 to Zero additive
(Reference)  (1.38 to 0.09) 0.95)
to
1.48)
Yes 1.49 (1.44 1.94 Negative
to 1.55) (1.86 multiplicative
to
2.02)
Chronic Obstructive Pulmonary Disease
No 1.00 1.41 0.00 (-0.10 0.91 (0.85 to Zero additive
(Reference)  (1.36 to 0.10) 0.97)
to
1.46)
Yes 1.45(1.38 1.86 Negative
to 1.53) (1.77 multiplicative
to
1.95)
Low individual income
No 1.00 1.30 0.13 (0.09 1.10 (1.05 to Positive
(Reference) (1.25 to 0.18) 1.15) additive
to
1.36)
Yes 1.00 (0.97 1.44 Positive
to 1.04) (1.38 multiplicative
to
1.50)
Lower area-level SES
No 1.00 1.34 0.17 (0.12 1.10 (1.06 to Positive
(Reference)  (1.29 to 0.22) 1.15) additive
to
1.39)

NO,* Interaction Interaction on Type of
on additive =~ multiplicative interaction (
- = scale scale VanderWeele,
Low High RERI (95 % HR (95 % CI) 2019)
CDh
Yes 1.07 (1.04 1.59 Positive
to 1.11) (1.53 multiplicative
to
1.65)

RERI stands for relative excess risk due to interaction.
" NO, categories were defined by the median value (28.3), the low category
has a mean of 17.4 (SD = 6) while the high category has a mean of 35.0 (SD = 5).

indicators. The RERI for the joint effect of NO, and vulnerability in-
dicators was positive and statistically significant for: male sex (0.21 (95
% CI 0.15, 0.27)), low individual income (0.13 (95 % CI, 0.09, 0.18))
and higher area-level deprivation (0.17 (95 % CI, 0.12, 0.22)). For age,
RERI was 0.06 (95 % CI, —0.01 to 0.12). There was no evidence of ad-
ditive synergistic effects for chronic comorbidities. For hypertension, the
RERI was negative (negative additive) indicating that their combined
effect was less than the sum of their individual effects. Broadly similar
patterns were observed for PM; 5 and PMj.

3.4. Interaction on the multiplicative scale

When evaluating multiplicative interaction between high air pollu-
tion exposure and vulnerability indicators, we observed a negative
multiplicative interaction for older age and chronic comorbidities, no
interaction for sex, and a positive multiplicative interaction for low
individual-level income for all pollutants (Tables 2 and 3, Table S3).

A similar pattern was observed when evaluating the multiplicative
interaction between continuous air pollutants and vulnerability in-
dicators (Fig. S5). For instance, the hazard ratio per IQR increase in NO5
among those aged 23-64 years was 1.42 (95 % CI, 1.37 to 1.47) while
among those aged 65+ was 1.24 (95 % CI, 1.20 to 1.28), Pinteraction <
0.001 (Table S4).

To illustrate the multiplicative interaction on a different scale than
the hazard ratio, we plotted the probability of COVID-19 hospitalisation
for the average individual with and without diabetes mellitus and low
individual-level income. The probability of hospitalisation increased
with increasing pollution levels (Fig. 2). However, those with diabetes
consistently had higher risk of hospital admission, with the gap between
the two groups slightly smaller at the highest pollutant levels consistent
with a multiplicative interaction effect estimate less than one (negative
multiplicative). In contrast, risk of hospital admission was similar
among those with and without low income at low pollution levels;
however, the difference in risk between those with and without low
income increased with increasing pollution, with low income in-
dividuals having higher risk of hospital admission consistent with a
multiplicative interaction effect estimate greater than one (positive
multiplicative).

4. Discussion

In a large population-based cohort study of adults in Catalonia dur-
ing the first year of the COVID-19 pandemic, the combined effects of air
pollution and vulnerability indicators were, overall, additive and the
risk of COVID-19 hospitalisation was highest in the most exposed
quintile for each vulnerability indicator compared to the least exposed
quintile without vulnerability. There was evidence for a joint effect
greater than the sum of effects of air pollution and male sex and lower
individual- and area-level socioeconomic status. Results regarding
vulnerable groups were considerably different depending on whether
interaction was evaluated on the additive versus multiplicative scale.

We found that the effect of air pollution on COVID-19 hospitalisation
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Table 3
Association between PM, s and COVID-19 hospitalisation by vulnerability in-
dicators and their interaction on additive and multiplicative scales.

Table 3 (continued)
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PM, 5" Interaction Interaction on Type of
on additive  multiplicative interaction (
scale scale VanderWeele,
Low High RERI (95 % HR (95 % CI) 2019)
CI)
Age, years
23-64  1.00 1.40 0.04 (-0.02 0.89 (0.86 to Zero additive
(Reference) (1.35 to 0.11) 0.93)
to
1.45)
65+ 1.78 (1.72 2.22 Negative
to 1.84) (2.14 multiplicative
to
2.30)
Male
No 1.00 1.32 0.16 (0.11 1.00 (0.96 to Positive
(Reference) (1.27 to 0.22) 1.04) additive
to
1.36)
Yes 1.52 (1.47 2.00 No
to 1.57) (1.94 multiplicative
to
2.07)
Hypertension
No 1.00 1.37 —0.05 0.91 (0.87 to Zero additive
(Reference) (1.33 (-0.11 to 0.95)
to 0.00)
1.42)
Yes 1.29 (1.24 1.61 Negative
to 1.33) (1.55 multiplicative
to
1.67)
Diabetes
No 1.00 1.34 0.02 (-0.05 0.93 (0.89 to Zero additive
(Reference)  (1.30 to 0.09) 0.97)
to
1.38)
Yes 1.47 (1.42 1.83 Negative
to 1.53) 1.77 multiplicative
to
1.90)
Chronic Obstructive Pulmonary Disease
No 1.00 1.33 0.01 (-0.09 0.93 (0.87 to Zero additive
(Reference)  (1.29 to 0.10) 0.99)
to
1.36)
Yes 1.43 (1.36 1.77 Negative
to 1.51) (1.69 multiplicative
to
1.85)
Low individual income
No 1.00 1.26 0.10 (0.05 1.07 (1.03 to Positive
(Reference) (1.21 to 0.14) 1.12) additive
to
1.31)
Yes 1.02 (0.99 1.37 Positive
to 1.06) (1.32 multiplicative
to
1.43)
Lower area-level SES
No 1.00 1.29 0.09 (0.05 1.04 (1.00 to Positive
(Reference)  (1.25 to 0.14) 1.09) additive
to
1.33)

PMy 5™ Interaction Interaction on Type of
on additive =~ multiplicative interaction (
- scale scale VanderWeele,
Low High RERI (95 % HR (95 % CI) 2019)
CDh
Yes 1.11 (1.07 1.49 Positive
to 1.14) (1.44 multiplicative

to
1.54)

RERI stands for relative excess risk due to interaction.
" PMy 5 categories were defined by the median value (13.9), the low category
has a mean of 12.1 (SD = 1) while the high category has a mean of 15.6 (SD = 1).

was higher among individuals with lower income and higher area-level
deprivation on both additive and multiplicative scales (positive multi-
plicative positive additive) and for the three pollutants. This is consis-
tent with findings from a cohort of COVID-19 cases (n = 169,102) from
the US Department of Veterans Affairs healthcare databases where the
risk of hospitalisation was higher for those living in more deprived areas
compared with those in low deprived areas on the multiplicative (RR
1.15,95%CI, 1.12 to 1.18, for high deprivation versus RR 1.08, 95 % CI,
1.05 to 1.11 for low deprivation, per 1.9 pg/m? increase of PMy s, pin-
teraction = <0.001) and additive scales (RERI 0.04, 95 % CI, 0.02 to 0.06)
(Bowe et al., 2021). A similar pattern was observed for race, with higher
risk of hospitalisation for Black compared to White on both scales (Bowe
et al., 2021). Additionally, in a population-based cohort of the general
Danish population, increased risk for COVID-19 hospitalization was
found for low compared to high education level on a multiplicative scale
(Zhang et al., 2023). However, other studies did not observe a clear
pattern of effect modification of air pollution and COVID-19 severity by
education level or race/ethnicity on the multiplicative scale (Bozack
et al.,, 2022; Chen et al., 2022b; Kogevinas et al., 2021). Inconsistent
results across studies may reflect the large sample size needed to detect
modification of the association between long-term air pollution and
COVID-19 hospitalization.

While age has been consistently identified as a main predictor of
COVID-19 severity (Burn et al., 2021; Du et al., 2021; Ranzani et al.,
2021), our results based on the multiplicative scale indicated that the
effect of air pollution was lower for those above compared to under 65
years (negative multiplicative), whereas the effect of air pollution
exposure combined with older age was clearly associated with higher
risk of hospital admission compared to younger age on an additive scale
(Tables 2 and 3, Fig. 1, Figs. S2 and S3) with a positive, non-statistically
significant RERI (0.06, 95 % CI, —0.01 to 0.12 for NOy). This can be
explained by the large difference in baseline risk of severe COVID-19
across the two age groups (Table S5). The literature regarding vulner-
ability according to age has been inconsistent, likely because most
studies have evaluated interaction on a multiplicative scale and across
different age ranges. Some studies observed a U-shaped risk, with higher
risks of severe COVID-19 in the young and elderly groups (Chen et al.,
2022b), while others observed a higher risk among the elderly (Hyman
et al., 2023; Zhang et al., 2023) or found no evidence for interaction in
the multiplicative scale, but a positive association in the additive scale
(Bowe et al., 2021).

We observed a positive additive interaction but no multiplicative
interaction for male sex. Other studies found no associations on either
scales or when stratifying analyses by sex (Bowe et al., 2021; Chen et al.,
2022b; Hyman et al., 2023; Kogevinas et al., 2021; Stafoggia et al., 2023;
Zhang et al., 2023). Results from many previous studies are challenging
to interpret regarding vulnerability by sex since they were not
population-based and were often based on a cohort of COVID-19 cases
with notably different sex distributions from what would be expected in
the general population (Bowe et al., 2021).

A pattern similar to that for age was observed for chronic comor-
bidities, in which the combined effect of air pollution and comorbid
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Fig. 2. Cumulative probability of COVID-19 hospitalisation according to air pollution exposure and diabetes mellitus and individual income status. Illustrative
cumulative probability and 95 % confidence interval of COVID-19 hospitalisation at 305 days of follow-up (maximum follow up time in the cohort) representing
individuals with average age, male, non-smoker, low individual income status (for the diabetes plot), moderate health risk group, average small area socioeconomic
index, average distance to the nearest primary health care unit, residence in urban municipality, average test positive proportion and health region of Barcelona.
These cumulative probabilities are from the main model of analysis which included an interaction term between the pollutant and diabetes mellitus (left plots) and

between the pollutant and individual income status (right plots).

conditions were additive and air pollution had a smaller effect on
COVID-19 hospital admission among those with comorbidities on a
multiplicative scale. Few studies have evaluated effect modification for
chronic comorbidities, and most found no evidence for effect modifi-
cation on the multiplicative scale. One cohort study (n = 1128) with
selected COVID-19 patients reported higher association between 10-
year average PMj s and the risk of hospitalisation among those with
chronic respiratory diseases (Mendy et al., 2021). Another cohort study
of COVID-19 patients showed an increased risk of hospitalisation for
increases in NO, and PM; 5 and several chronic comorbidities on the
multiplicative scale (Hyman et al., 2023), and a population-based cohort
from Denmark showed decreased risk of hospitalisation in relation to
NO; among those with COPD (Zhang et al., 2023).

For vulnerability indicators that are strong predictors (i.e., have high
baseline risk) of COVID-19 hospital admission (e.g., age, male sex, and

comorbidities; Table S5), we observed that multiplicative interactions
based on Cox proportional hazards models could be difficult to interpret
and that additive scale provided more consistent, biologically plausible
results. For instance, diabetes has been consistently identified as a main
predictor of COVID-19 severity. In our model, the HR for COVID-19
hospitalization was 1.37 (1.33-1.40) for those with diabetes compared
with those without diabetes. However, when evaluating diabetes and air
pollution interaction on the multiplicative scale, we observed that the
effect of air pollution was lower for those with diabetes compared with
those without diabetes (negative multiplicative). In contrast, the risk of
hospital admission among the most exposed quintile, was higher among
those with compared to those without diabetes (Fig. 1) and when
transforming the relative risk to probability, which adds the additional
risk of air pollution to the baseline risk of those with and without dia-
betes (Fig. 2). Other factors beyond the baseline risk could also result in
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different results between scales, such as the measure of effect estimated
(e.g., relative risk vs. odds ratio) and the prevalence of the vulnerable
indicator in the population, likely influencing the power to detect
interactions.

The biological and social mechanisms underpinning patterns of ef-
fect modification of associations between air pollution and COVID-19
hospitalisation are not well understood. Some, such as older age and
chronic comorbidities, likely reflect reduced capacity to manage
oxidative stress and inflammation (Bajaj et al., 2021; Chistiakov et al.,
2014; Liguori et al., 2018; Rebelo-Marques et al., 2018). However, the
mechanisms involved in the synergistic additive effect between air
pollution and sex and low socioeconomic status are less clear. We hy-
pothesize that sex-specific differences in innate and adaptive immunity
could play a role (Chaturvedi et al., 2022; Takahashi et al., 2020) as
could non-biological sex-differences such as health self-awareness and
occupation (Chaturvedi et al., 2022; Vahidy et al., 2021) which may
result in higher exposure to the virus. Individuals with low individual-
and area-level SES were identified as being vulnerable to air pollution
for COVID-19 hospitalisation. Our results suggest these patterns do not
operate through comorbidities and instead may be related to occupa-
tional exposure to high viral loads (Mena et al., 2021; Wachtler et al.,
2020) or differences in health care access or utilization (Riou et al.,
2021).

Strengths of this study include the combination of population
representativeness spanning large urban and rural areas, with detailed
individual-level data for exposures and confounding adjustment in a
country heavily affected by the pandemic during 2020, yielding good
statistical power to evaluate interaction effects (Ranzani et al., 2023).
Analysing the general population helped us to better control the po-
tential selection bias present in studies that evaluated cohorts of COVID-
19 patients, given that potential effect modifiers are also those associ-
ated with the likelihood of being tested, such as sex, age, chronic
comorbidities and socioeconomic status (Griffith et al., 2020; Millard
et al., 2023). A major strength is that we evaluated interaction effects on
both multiplicative and additive scales (Knol and VanderWeele, 2012;
VanderWeele and Knol, 2014), where departure from additive in-
teractions can inform the potential for interventions to reduce the ab-
solute risk of hospitalisation (VanderWeele and Knol, 2014).

Some limitations need to be acknowledged. First, we evaluated the
first year of the pandemic, thus our analysis does not shed light on the
role of COVID-19 vaccines in shaping vulnerability (Chen et al., 2022a).
Second, to estimate the additive joint effect — RERI — we categorized
exposures and some continuous variables (e.g. age) to create vulnera-
bility indicators, which may have resulted in loss of precision and cut-
offs for categories may not be generalizable to other populations.
Third, we did not have data on race/ethnicity, which has been shown to
confer vulnerability to COVID-19 outcomes. Fourth, we took an addi-
tional post-hoc decision that has not an impact on the interpretation of
the results and was only an illustration of the interaction in the proba-
bility scale.

5. Conclusions

In conclusion, the combined effect of long-term air pollution with
male sex and low individual- and area-level socioeconomic status on the
risk of COVID-19 hospitalisation was synergistic (greater than the sum of
effects), indicating that these population subgroups may benefit most
from air pollution reductions as part of pandemic preparedness and
public health protection.
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