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A B S T R A C T

Objective: Environmental health impact assessments (HIA) on green space, air pollution (fine particulate matter 
(PM2.5) or nitrogen dioxide (NO2)), and noise use exposure–response functions (ERF) based on single-exposure 
models from epidemiological studies, not accounting for potential confounding by other commonly correlated 
exposures. We assessed differences in ERFs between single- and multi-exposure models for calculation of joint 
health impacts in HIA.
Methods: We systematically searched cohort studies that reported both single- and multi-exposure models for 
associations of long-term exposure to any combination of the following exposures green space, PM2.5, NO2, and 
noise, with all-cause mortality. For each exposure, pooled hazard ratios (HRs) were calculated by meta-analyses 
and compared between single- and two-exposure models. The joint effects of two exposures in each exposure pair 
were expressed as joint HRs calculated by multiplying the individual HRs. Coefficient differences were calcu
lated, and population attributable fractions (PAF) were used to estimate joint health impacts.
Results: Eleven studies were identified, examining associations between multiple exposures and mortality in the 
general population. The studies show substantial variability in exposure levels and correlations between expo
sures. For most exposure pairs, adjusting for a second exposure resulted in moderately attenuated HRs compared 
to single-exposure models. The mortality PAFs estimated from joint single-exposure model HRs were higher than 
those from two-exposure models, indicating an overestimation of mortality burden when not accounting for 
other co-exposures. For example, when adjusted for green space or noise, the mortality HRs for PM2.5 were 
attenuated from 1.071 to 1.061 and 1.072 to 1.055, respectively. As for PAFs, for the green space-PM2.5 pair, the 
single-exposure model PAF (0.090) was 18.4% higher than the two-exposure model (0.076). For all exposure 
pairs, the joint PAFs of two-exposure models were higher than the PAFs from the single-exposure models for each 
exposure individually.
Conclusion: The pooled coefficient differences from this study can be used to adjust single-exposure ERFs from 
meta-analyses and allow the calculation of combined impacts from multiple environmental exposures, making 
HIA estimates more robust and realistic.
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1. Introduction

Environmental exposures such as air pollution, lack of green space, 
and noise have been associated with adverse health outcomes, including 
cardiovascular, respiratory mortality and morbidity (Khraishah et al., 
2024; Yang et al., 2021; Engelmann et al., 2024). According to the 
Global Burden of Diseases, Injuries, and Risk Factors Study, an estimated 
18.9 % (95 % uncertainty interval: 16.3 %–21.1 %) of global deaths in 
2021 were attributable to environmental and occupational risk factors 
(GBD 2021 Risk Factors Collaborators, 2024). Quantitative health 
impact assessments (HIAs) can be used to estimate health impacts from 
environmental policies and interventions.

Previous quantitative HIA studies commonly use exposure–response 
functions (ERFs) from meta-analyses of single-exposure models adjusted 
for common confounders such as age, sex and socioeconomic status 
(SES). This is partly due to most epidemiological studies deriving ERFs 
from single-exposure models. When exposures are positively correlated, 
and their associated health effects align in the same direction, single 
exposure effect estimates are generally biased away from the null (Zhu 
et al., 2024). As a consequence, in HIAs, summing the impacts from 
correlated exposures calculated from single-exposure models will lead to 
an overestimation of the total health burden. Correlations between 
environmental stressors such as air pollution, noise, and a lack of 
greenness have been widely reported (Bloemsma et al., 2019a; Klomp
maker et al., 2020; Stafoggia et al., 2017). For example, road traffic is a 
major source of air pollutants and noise, contributing to their correlation 
(Khan et al., 2020; Ross et al., 2011). Air pollution and road traffic noise 
are often negatively correlated with green spaces, as areas with more 
greenery tend to have fewer pollution sources such as traffic.

Additionally, single-exposure ERFs do not account for the complex 
reality that people are often exposed to multiple environmental stressors 
simultaneously. For example, in densely populated urban areas, traffic- 
related air pollution (e.g., nitrogen dioxide (NO2)), noise, urban heat 
islands (UHIs), and a lack of green space are often experienced together, 
compounding risks to public health (Münzel et al., 2023). Likewise, 
urban environmental policies or interventions often simultaneously 
affect more than one exposure. For example, policies restricting traffic 
could simultaneously reduce air pollution, noise, UHIs.

So far, the majority of HIA studies incorporating multiple environ
mental exposures report the health burden of exposures separately 
rather than as a joint estimate. However, as policies may affect air 
pollution, noise, green space, and other built environment exposures 
simultaneously, there is a research and policy interest in assessing the 
joint health impacts from different, correlated environmental stressors 
(Weber et al., 2023). Addressing the cumulative impact of multiple ex
posures requires moving beyond the current one-exposure-at-a-time 
framework to consider the simultaneous evaluation of multiple expo
sures. One approach used previously is to use effect estimates from 
multi-exposure models, which adjust for the confounding effects of other 
exposures.

Previous work systematically evaluated the epidemiological evi
dence on single- and two-exposure models of long-term exposure to fine 
particulate matter (PM2.5) and NO2 with all-cause mortality (Chen et al., 
2024). Joint health impacts of the PM2.5 - NO2 exposure pair were 
calculated using different approaches. Here, we extend this to five 
exposure pairs (green space and PM2.5, green space and NO2, green 
space and noise, noise and PM2.5, and noise and NO2) to address the 
current gap of ERFs for multiple correlated environmental exposures in 
HIAs. These exposures were chosen due to their common spatial corre
lation in urban environments, their widely established associations with 
mortality in previous epidemiological studies, and their relevance to 
urban and transport planning interventions which makes them critical 
for informing policy decisions.

This study aims to (1) assess differences in ERFs between single- and 
two-exposure models (i.e., exposure pairs) for long-term air pollution 
(NO2 and PM2.5), noise, and green space with all-cause mortality; (2) 

compare the estimated health impacts of these exposures from single- 
and two-exposure models.

2. Methods

2.1. Study design

The study consists of two parts. In the first part, we assessed differ
ences in ERFs between single- and multi-exposure models (i.e., exposure 
pairs) for long-term air pollution, noise, and green space (using NDVI as 
an indicator) with all-cause mortality. We included five exposure pairs: 
green space and PM2.5, green space and NO2, green space and noise, 
noise and PM2.5, and noise and NO2. We conducted systematic searches 
to identify cohort studies of long-term exposure and all-cause mortality 
that reported ERFs for single- and two- or three-exposure models for one 
of the five exposure pairs and used meta-analyses to calculate pooled 
hazard ratios (HRs).

In the second part, we applied several approaches to quantify the 
joint mortality burden for the different exposure pairs in HIAs using HRs 
following our previous study on single- and two-pollutant models for air 
pollution (Fig. 1, Table S1.1 in Appendix S1 in Supplementary Ma
terials) (Chen et al., 2024).

ERFs derived from single- and two-exposure models can be employed 
to estimate the joint mortality burden for each exposure pair. The single- 
exposure models presented separately approach is to present the popu
lation attributable fractions (PAFs) from single-exposure models sepa
rately (Zapata-Diomedi et al., 2018). The sum of two-exposure models 
approach, when two-exposure models are available for both exposures, 
is to use these directly to calculate a joint hazard ratio (JHR) (Crouse 
et al., 2015) and then estimate the joint health impacts using joint 
population attributable fractions (JPAFs). The sum of single-exposure 
models approach involves calculating JPAFs using the JHR for each 
exposure pair derived from single-exposure models; however, this 
approach is seldom employed due to the risk of overestimation of 
mortality burden. As there are many more epidemiological studies 
addressing only single exposures than those including multiple expo
sures, we applied in addition the sum of single-exposure models adjusted 
by coefficient difference approach. This involves adjusting pooled 
single-exposure ERFs from the larger body of evidence for co-exposure 
to another exposure using the coefficient differences between single- 
and two-exposure models derived from the limited set of multi-exposure 
studies. The coefficient difference adjusted single-exposure HRs were 
then applied to calculate the JHR and JPAF.

To demonstrate the application of this coefficient difference 
approach on a more extensive evidence base of single-exposure models, 
we used reviews of single-exposure models of associations between 
green space (NDVI) (Rojas-Rueda et al., 2019), noise (Engelmann et al., 
2024), PM2.5 (Orellano et al., 2024), and NO2 (Kasdagli et al., 2024) 
with all-cause mortality.

2.2. Systematic search and data extraction

We conducted systematic searches to identify cohort studies report
ing ERFs for PM2.5, NO2, noise, and green space (NDVI) in relation to all- 
cause mortality. These searches build on previous systematic reviews of 
single-exposure models: green space (NDVI) (Rojas-Rueda et al., 2019), 
noise (Cai et al., 2021), PM2.5 (Chen and Hoek, 2020), and NO2 
(Huangfu and Atkinson, 2020), focusing specifically on mortality out
comes. In total, we conducted four systematic searches to update the 
earlier searches using the same respective strategies to capture studies 
investigating the effects of long-term exposure to green space, noise 
PM2.5, and NO2, green space and noise. We continued to use NDVI for 
green space, to maintain alignment with the previous systematic review, 
as NDVI is one of the most commonly used objective measures of 
vegetation density, frequently employed to assess greenness exposure in 
urban settings for longitudinal environmental epidemiological studies 
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(de la Martinez et al., 2023). For noise, we focused primarily on road 
traffic noise, but we also included other types of traffic noise (e.g., 
railway and aircraft noise) and environmental and community noise if 
quantified. Studies on occupational noise were excluded, as it is not 
spatially correlated with other exposures in our study and is not relevant 
to urban planning policies.

Searches were conducted using the Medical Literature Analysis and 
Retrieval System Online (MEDLINE) via PubMed, Embase via Elsevier, 
and Web of Science, targeting studies published in English between the 
dates of the prior reviews and 28th May 2024 (Appendix S2 in Supple
mentary Materials). We selected studies reporting two-exposure mod
els for any of the five exposure pairs of interest. In addition, we scanned 
the reference lists of relevant reviews and systematic reviews to identify 
any further eligible studies. We additionally evaluated studies that 
specified three-exposure; however, our approaches focused on single- 
and two-exposure models due to the limited availability of studies 
incorporating three-exposure models.

The outcomes of interest were all-cause mortality (A00 – Z99, ICD-10 
codes, 2016) or non-accidental mortality (A00 – R99, ICD-10 codes, 
2016). Following the approach of Chen and Hoek (2020), we treated all- 
cause mortality as equivalent to non-accidental mortality, as non- 
accidental deaths constitute the majority of all-cause deaths. Since the 
focus of this work is on the effects of long-term exposure on all-cause or 
non-accidental mortality in the general population, we excluded studies 
that focused solely on short-term exposures (i.e., less than one year), 
involved populations younger than 18 years or focused on infant mor
tality or specific patient populations. Studies that targeted specific adult 
age groups or sexes, such as older adults, were included.

From the selected studies, we collected key information, including 
the first author, publication year, country, cohort size, demographic 
characteristics, follow-up duration, outcome details, number of deaths, 
exposure definitions, and confounders included. We extracted HRs with 

95 % confidence intervals (CIs) for single- and two-exposure models, 
ensuring they were adjusted for the same set of confounders, along with 
the exposure increments units corresponding to the HRs. If multiple 
single- or two-exposure models with the same set of confounders were 
reported, we prioritized the author’s preferred or main models for 
extraction.

In addition, we gathered data on the means and standard deviations 
of exposure levels, as well as correlation coefficients between the ex
posures. When needed, and in case of incomplete data, we reached out to 
the study authors for effect estimates of one of the two exposures of the 
exposure pairs. Screening and data extraction were independently 
conducted by XC and SP, with reviews by UG and GH. We did not reach 
out to authors if HRs were reported with two digits, as differences in the 
third only were considered less relevant.

Aligned with our previous work (Chen et al., 2024), which focused 
on the methodology for joint burden estimation of two air pollutants, 
this study was also not intended to serve as a full systematic review 
assessing the confidence in the associations between these air pollution, 
noise, green space, and mortality. Therefore, we extended our system
atic search based on previous review following Preferred Reporting 
Items for Systematic reviews and Meta-Analyses (PRISMA) for Searching 
(PRISMA-S) and did not follow the full PRISMA guidelines lists 
(Rethlefsen et al., 2021). Formal risk of bias assessments and evaluations 
of evidence certainty were not conducted as part of this analysis. These 
assessments were already performed in the original reviews our work 
builds upon (Chen and Hoek, 2020; Huangfu and Atkinson, 2020; Rojas- 
Rueda et al., 2019; Cai et al., 2021).

2.3. Statistical analysis

2.3.1. Standardization of risk estimates and random effects meta-analysis
For air pollutants, effect estimates extracted from cohort studies 

Effect Estimate

Burden estimate: joint health impact of two exposures

Single-exposure model Two-exposure model

Single-exposure
models separately

Single-exposure PAFs

Sum of single-exposure models 
adjusted by coefficient difference*

HR single-
exposure models

Available Model

Sum of single-
exposure models

HR single-exposure
model for one

exposure adjusted
by coefficient

difference

HR single-exposure
model for the other 
exposure adjusted

by coefficient
difference

JHR

JPAF

HR single-
exposure
model for 

one
exposure

HR single-
exposure
model for 
the other 
exposure

JHR

JPAF

Sum of two-exposure
models

HR two-
exposure model
for one exposure

HR two-
exposure model

for the other 
exposure

JHR

JPAF

Approach

Burden Estimate

Task

Fig. 1. Approaches for estimating joint health burden attributable to two exposures. *The sum of the single-exposure model adjusted by the coefficient dif
ference approach can be applied to summarized single-exposure models based on a larger evidence base with more studies such as from systematic reviews and meta- 
analyses. Abbreviations: HR=Hazard ratios; JHR = Joint hazard ratios; PAF=Population attributable fraction; JPAF = Joint population attributable fraction.
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were reported as HRs with 95 % CIs in the original units presented by the 
respective studies and then standardized to increments of 5 μg/m3 for 
PM2.5 and 10 μg/m3 for NO2, following the increments applied in the 
ELAPSE study (Brunekreef et al., 2021), and assuming a linear ERF.

For green space exposure, HRs were standardized to a 0.1 unit in
crease in NDVI, assuming a linear ERF using the same strategy as the 
previous review (Rojas-Rueda et al., 2019). Most studies used NDVI 
within a 300 m radius of participants’ residences except for the Belgian 
administrative cohort study, which used a 500 m radius (Bauwelinck 
et al., 2021).

As for noise metrics, most studies applied Lden (weighted 24-hour 
noise). For the study of Nieuwenhuijsen et al. (2018), which used 
LAeq16h (weighted 16-hour daytime noise), conversions of LAeq16h to Lden 
were performed based on conversion factors derived by Brink and col
leagues (Brink et al., 2018) for the Western European context aligning 
with the previous review (Cai et al., 2021). Specifically, LAeq16h was 
adjusted by + 2.3 dB. The HRs were converted to a 10 dB increase in Lden 
following a linear exposure–response relationship.

Statistical heterogeneity across studies was evaluated using the Chi- 
squared test (Cochran’s Q), and the I2 statistic. I2 cutoff values of 25 %, 
50 %, and 75 % indicated low, moderate, and substantial heterogeneity, 
respectively (Higgins et al., 2002). We calculated pooled ERFs for both 
single-exposure and two-exposure models using random effects meta- 
analysis (Borenstein et al., 2010; DerSimonian and Laird, 1986) using 
the ’metagen’ function in the ’meta’ package in R.

2.3.2. Calculation of the average coefficient differences from single to two- 
exposure ERFs

To quantify the differences in ERFs between single- and two- 
exposure models, we used an approach proposed by the Committee on 
the Medical Effects of Air Pollutants (COMEAP) (2018), which was 
applied in our previous work on NO2 and PM2.5 (Chen et al., 2024). We 
calculated for each study the absolute coefficient difference between the 
single and two-exposure models, which is the difference between the 
natural logarithms of the HRs from the single-exposure model [ln(HR1)] 
and the two-exposure model [ln(HR2)], using Eq. (1). 

Coefficient Difference(CD) = In(HR1) − In(HR2) (1) 

For each of the five exposure pairs (green space and PM2.5, green 
space and NO2, green space and noise, noise and PM2.5, and noise and 
NO2), we calculated two coefficient differences—one for each exposure 
in the pair. A coefficient difference larger than zero indicates that the 
single-exposure model estimate (HR1) is larger than the estimate 
derived from the two-exposure model (HR2).

We then calculated weighted coefficient differences using random 
effect meta-analysis pooled HRs from included studies, allowing us to 
summarize the extent to which single-exposure model estimates differ 
from two-exposure model estimates across the included studies. We 
further calculated weighted percentage coefficient differences, which 
can be applied to single-exposure HRs from systematic reviews and 
meta-analyses if the scale of HRs is different from the HRs in this study.

We explored with scatter plots and Spearman correlations whether 
the correlation between the two exposures, the magnitude of the single- 
exposure model HR of the other exposure, and the ratio of the mean (or 
median) of the two exposure levels explained variations in coefficient 
differences across studies. This latter consideration was based on the 
hypothesis that when one exposure has higher levels in the environment 
compared to the other, it could influence the coefficient difference.

2.3.3. Mortality burden estimation using different ERF approaches
PAFs were calculated using various approaches presented in Fig. 1

and Table S1.1 (Appendix S1 in Supplementary Materials) to assess the 
mortality burden attributable to each exposure pair. In the PAF calcu
lation, we assume that the entire population is exposed to PM2.5, NO2, 

noise, and green spaces and that there is no “safe” level below which no 
health effects occur, resulting in a prevalence of exposure of 100 % or 1. 
Additionally, to represent the mortality burden of these risk factors, we 
considered the lack of green space (using the inverse of the HRs for green 
space in Section 2.3.1) alongside increasing levels of noise, PM2.5, and 
NO2 for the PAF or JPAF calculations.

Using single-exposure HRs separately, the PAF can be directly 
calculated using Eq. (2). 

PAF = (p × (HR − 1))/(1 + p × (HR − 1)) (2) 

where p is the prevalence of exposure in the population, we assume the 
prevalence of exposure is 1;HR is the Hazard ratio from the single-exposure 
model for PM2.5 or NO2 per 5 and 10 ug/m3 increase, respectively; for noise 
per 10 dB increase, and for green space per 0.1 NDVI decrease, respectively.

For the other approaches that involve calculating JHRs from single- 
exposure models, adjusted single-exposure models using coefficient 
differences, or two-exposure models, the JPAFs can represent the overall 
mortality burden attributable to the exposure pair. The JHR can be 
estimated by multiplying HRs of the two exposures of an exposure pair, 
which is a combination of increased air pollution and traffic noise and 
decreased green space (green space and PM2.5, green space and NO2, 
green space and noise, noise and PM2.5, and noise and NO2). This joint 
estimate reflects the relative effect of simultaneously changing any two 
exposures: a 1-unit increase in PM2.5, NO2, or traffic noise or a 1-unit 
decrease in surrounding green space for each pair, compared to a situ
ation where neither exposure changes. The joint effect of two exposures 
in each exposure pair can be expressed using JHRs and can be calculated 
as Eq. (3) (Jerrett et al., 2013). 

JHRexposure pair = HRexposure1 × HRexposure2 (3) 

HR is the Hazard ratio from the single-exposure or two-exposure models for 
PM2.5 or NO2 per 5 and 10 ug/m3 increase; for Noise per 10 dB increase; for 
green space measured by NDVI per 0.1 decrease, respectively.

Subsequently, the JPAF can be calculated using the obtained JHRs 
following Eq. (4). 

JPAFexposure pair =
(
p×

(
JHRexposure pair − 1

))/(
1+p×

(
JHRexposure pair − 1

))

(4) 

p is the prevalence of exposure in the population; we assume the prevalence of 
exposure is 1; JHRexposure pair is the joint Hazard ratio for one exposure pair, 
which represents the joint relative effect for per 1 unit change in two expo
sures for each exposure pair (per 5 ug/m3 increase for PM2.5, 10 ug/m3 

increase for NO2, per 10 dB increase for noise and per 0.1 decrease for green 
space measured by NDVI) compared with that for no increase or decrease in 
any of the exposures.

We applied three approaches (Fig. 1) to the studies identified 
through our systematic search for each exposure pair which are single- 
exposure models presented separately approach; sum of single- 
exposure models approach and sum of two-exposure models approach.

To illustrate the application of the sum of single-exposure models 
adjusted by coefficient difference approach and compare the approaches 
on a larger evidence base where only single-exposure models are 
available, we used ERFs from single-exposure models for each exposure 
from systematic reviews and meta-analyses of single-exposure models of 
PM2.5 (Orellano et al., 2024), NO2 (Kasdagli et al., 2024), noise 
(Engelmann et al., 2024) and green space (Rojas-Rueda et al., 2019) and 
all-cause mortality. These reviews incorporated more studies from a 
wide geographical region (N = 53 for PM2.5, N = 24 for NO2, N = 9 for 
NDVI, N = 7 for noise) compared to the number of studies we identified 
that included both single- and two-exposure models.

For the data analysis and visualization in this study, the R pro
gramming language (version 4.3.0) was used within RStudio (version 
2023.3.0.386).
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3. Results

3.1. Description of studies with two-exposure estimates

Our systematic search identified a total of 385 full-text papers as 
potentially relevant (Fig. 2). Eleven studies were selected for data 
extraction and analysis, each reporting single- and two-exposure models 
for associations between long-term exposure to at least one of the five 
exposure pairs and mortality. In total, 371 studies were excluded, with 
the most common reason being the absence of two exposure models (n 
= 346). Table S3.2 (Appendix S3 Supplementary Materials) lists the 
studies using the same cohort and population, where we merged infor
mation from single- or two-exposure models.

Descriptive information of the included articles is presented in 
Table 1, with additional details available in the data extraction file 
(Appendix S3 in Supplementary Materials). The 11 studies consisted of 
cohorts from the general population, with one study exclusively focusing 
on female participants (So et al., 2020). The majority of studies (N = 10) 
were conducted in Europe, with one study based in the United States 
(Coleman et al., 2022).

Table 1 also provides a summary of the exposures, the exposure pairs 
analyzed in each study, and the correlations between these exposures. 
Substantial variation in mean or median exposure levels was observed 
across studies for all four environmental exposures. Among the studies 
analyzing green space pairs, six examined green space-PM2.5 or green 
space-NO2, while four investigated traffic noise as the second exposure. 
For studies that include noise in single- or two-exposure models, all 
focused on road traffic noise; no other types of noise were found. For 
noise and air pollutants, six studies analyzed for noise-PM2.5, and seven 

examined noise-NO2. The correlations (r) between paired exposures 
generally ranged from low to moderate (Table 1). For example, corre
lations between green space and PM2.5 varied from − 0.68 to − 0.12. 
Correlations between green space and NO2 ranged from − 0.80 to − 0.04 
and green space and noise ranged from − 0.48 to − 0.21. For noise and 
PM2.5, correlations ranged from 0.03 to 0.44, and noise and NO2 ranged 
from 0.31 to 0.60.

3.2. Meta-analysis of single- and two-exposure model HRs and coefficient 
differences

All studies used Cox proportional hazard models to explore associ
ations between exposure pairs and all-cause mortality, with results re
ported as HRs. Fig. 3 and Fig. 4 present forest plots of the ERFs for each 
exposure pair, including pooled HRs from meta-analyses of studies 
reporting both single- and two-exposure models. No single study 
contributed disproportionately to the pooled HRs across the exposure 
pairs. Moderate to high heterogeneities were present. The pooled HRs 
indicate that adjusting for a second exposure modestly attenuated the 
associations with mortality for both exposures. After adjustment for a 
second co-exposure, the two air pollutants, green space and noise 
remained associated with mortality. Single-exposure HRs for PM2.5, and 
green space agreed well with recent meta-analyses of the larger evidence 
base, including those that did not perform multi-exposure modeling 
(Orellano et al., 2024; Rojas-Rueda et al., 2019). The HRs for noise and 
NO2 were lower than the HRs in recent reviews (Engelmann et al., 2024; 
Kasdagli et al., 2024). Only two studies performed three-exposure 
modeling, which is too few to synthesize further (Klompmaker et al., 
2021; Nieuwenhuijsen et al., 2018).

Fig. 2. Flowchart of assessment of eligible studies of long-term exposure to PM2.5, NO2, Noise, Green space, and all-cause mortality. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1 
Summary of characteristics of study populations, exposures, and exposure pairs in each study reporting single- and two-exposure models identified in the systematic search.

Author and Year Study Name Study 
period

Study size Sex Age 
(years)

Death 
(N)

Exposure assessment methods Confounders adjusted for Mean/Median level of exposure1 Exposure pairs 
and correlation 
(r) 4Age, 

sex
Smoking SES PM2.5 

μg/m3
NO2 

μg/ 
m3

Noise2

dB, Lden

Green 
space 
NDVI3

Bauwelinck et al., 
2021

Belgium 
administrative 
cohort

2001–2011 2,185,170 FM >30 298,693 Dispersion model for PM2.5 and NO2; 
NDVI (resolution 30 m) within a 500 
m buffer zone for green space

y n y 17.54 29.69 ​ 0.59 Green space- 
PM2.5 (− 0.68); 
Green space- 
NO2 (− 0.80)

Bereziartua et al., 
2022

ELAPSE 1985–2015 327,388 FM ≥30 47,179 Europe-wide hybrid land use 
regression models for PM2.5; NDVI  
(resolution 250 m) within a 300 m 
buffer zone for green space; Nordic 
Prediction Method (Nord2000) for 
noise

y y y ​ ​ ​ 0.33 Green space- 
PM2.5 (− 0.29); 
Green space- 
NO2 (− 0.48); 
Green space- 
Noise  
(− 0.31)

Brunekreef et al., 
2021

ELAPSE Pooled 
cohort

1985–2015 109,021 FM ≥30 N/A Europe-wide hybrid land use 
regression models for PM2.5 and 
NO2; CadnaA/ Soundplan/ general 
ArcGIS noise models for noise

y y y 15.02 25.00 ​ ​ Noise-PM2.5 

(N/A); 
Noise-NO2 (N/ 
A)

Coleman et al., 
2022

National Health 
Interview Survey 
(NHIS)

1997–2014 403,748 FM 18–84 39,528 Integrated empirical geographic 
modeling with land use variables for 
PM2.5

y y y 10.59 ​ ​ 0.54 Green space- 
PM2.5 (− 0.12)

Hvidtfeldt et al., 
2019

The Danish Diet, 
Cancer and Health 
cohort

1993/ 
1999–2013

49,564 FM 50–64 10,193 Dispersion model for PM2.5 and NO2; 
Nordic prediction method using 
SoundPLAN for road traffic noise

y y y 18.0 26.30 56.7 ​ Noise-PM2.5 

(0.43); 
Noise-NO2 

(0.59)

Klompmaker 
et al., 2021

Dutch 
administrative 
cohort

2013–2018 10,481,566 FM ≥ 30 776,021 The average of the national LUR, 
Europe-wide hybrid, and national 
dispersion models for PM2.5 and 
NO2; Standard Model 
Instrumentation for Noise 
Assessments for residential traffic 
noise  
(resolution 10 m × 10 m − 80 m ×
80 m); 
NDVI within a 300 m buffer zone for 
green space

y n y 16.80 26.30 53.50 0.52 Green space- 
PM2.5 (− 0.31); 
Green space- 
NO2 (− 0.52); 
Green space- 
Noise  
(− 0.21); 
Noise-PM2.5 

(0.29); 
Noise-NO2 

(0.46)

Klompmaker 
et al., 2020

Dutch national 
health survey 
cohort

2013–2017 339,633 FM ≥19 26,886 Land-use regression for PM2.5 and 
NO2; Street-level Strategic Noise 
Map of Barcelona for noise  
(resolution 10 m × 10 m − 80 m ×
80 m); 
NDVI within a 300 m buffer zone for 
green space 

y y y 16.69 23.01 53.20 0.52 Green space- 
NO2 (− 0.04); 
Green space- 
Noise  
(− 0.48); 
Noise-NO2 

(0.35)

Nieuwenhuijsen 
et al., 2018

Mega cohort 
(Barcelona)

2010–2014 792,649 FM ≥18 28,391 Land-use regression for PM2.5 and 
NO2; NDVI  
(resolution 30 m) within a 300 m 
buffer zone for green space; Street- 
level Strategic Noise Map of 
Barcelona for noise

y y y 16.08 53.42 66.64 0.13 Green space- 
PM2.5 (− 0.60); 
Green space- 
NO2 (− 0.57); 
Green space- 
Noise  
(− 0.25); 
Noise-PM2.5 

(0.44); 
Noise-NO2 

(0.31)

(continued on next page)
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Fig. 3, Fig. 4, and Table S4.1 (Appendix S4 in Supplementary Ma
terials) provide an overview of the coefficient differences for each 
exposure pair across the included studies, showing variability in coef
ficient differences between studies. Table 2 summarizes the weighted 
mean coefficient differences for each exposure within each exposure 
pair using pooled HRs and relative changes using percentage coefficient 
differences.

For most exposure pairs, no clear correlation patterns emerged be
tween the coefficient differences and either the single-exposure HR of 
the other exposure in the pair, the correlation between the two expo
sures, or the ratio of exposure levels (Fig. S4.1, Appendix 4 in Supple
mentary Materials). This might be due to the small number of eligible 
studies (N = 11).

3.2.1. Exposure pairs: Green space-PM2.5, green space-NO2, and green 
space-noise

Fig. 3 illustrates that adjusting for PM2.5, NO2, or noise resulted in 
pooled HRs for green space only slightly closer to 1, compared to green 
space single-exposure models. For green space, the pooled HRs were 
0.974 and 0.980 in the single-exposure and PM2.5-adjusted two- 
exposure models, respectively; 0.973 and 0.984 in the single-exposure 
and NO2-adjusted two-exposure models; and 0.964 and 0.967 for the 
single-exposure and noise-adjusted two-exposure models. For green 
space-PM2.5 and green space-NO2 pairs, the pooled association with 
green space was not statistically significant at the 0.05 level in either 
single- or two-exposure models, but mean effect estimates agreed well 
with the broader body of evidence (Rojas-Rueda et al., 2019). Among 
studies examining green space-air pollution pairs (PM2.5 or NO2), half or 
more of the associations between green space and mortality weakened 
when adjusted for air pollutants (3/6 for green space-PM2.5 pairs and 4/ 
6 for green space-NO2 pairs). The Belgian administrative cohort 
(Bauwelinck et al., 2021) was the only one that showed a stronger as
sociation between green space and mortality after adjustment for PM2.5 
or NO2. For the green space-noise pair, in three out of four studies, 
adjusting for noise did not change the coefficient in green space.

HRs for PM2.5 and NO2 were slightly attenuated upon adjustment for 
green space. For PM2.5, the pooled HRs were 1.071 for the single- 
exposure model and 1.061 for the green space-adjusted two-exposure 
model. For NO2, the pooled HRs were 1.028 for the single-exposure 
model and 1.023 for the green space-adjusted two-exposure model. 
For noise, HRs were 1.009 for the single-exposure model and 1.003 for 
the NDVI-adjusted two-exposure model. Among the studies of green 
space, air pollutants/noise, and mortality, only in the small RHINE III 
study (Xu et al., 2023), adjusting for green space resulted in a stronger 
association between air pollutants and mortality. The RHINE III study 
also exhibited the largest coefficient difference for green space and air 
pollutants. However, its influence on the pooled analysis was limited 
due to wider confidence intervals, likely resulting from its smaller 
sample size.

For the four studies that evaluated noise and green space, adjustment 
for green space attenuated the pooled HRs for noise. Pooled HRs of these 
studies for noise were smaller than in the most recent meta-analyses 
(Engelmann et al., 2024).

Among the 32 coefficient differences for green space and air 
pollutant/noise pairs, ten were zero, indicating that adjusting for the 
other exposure did not change the association from single-exposure 
models. However, nine of these zero-coefficient differences were 
derived from HRs reported with two decimal places, and a potential true 
difference in association might be reflected in the subsequent decimal 
places for which we could not account.

3.2.2. Exposure pairs: Noise-PM2.5 and noise-NO2
Fig. 4 demonstrates that adjusting for air pollutants resulted in only 

slightly attenuated pooled HRs for noise compared to single-exposure 
models. For noise, the pooled HR decreased from 1.035 in the single- 
exposure model to 1.030 when adjusted for PM2.5 and from 1.028 to Ta
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Fig. 3. Pooled effect estimates for associations between PM2.5, NO2, Green space (NDVI) or Noise, and all-cause mortality from the single-exposure and 
two-exposure models for each pair adjusted for the other exposure. Pooled effect estimates using random effect meta-analysis for associations between long- 
term: PM2.5, green space, and all-cause mortality from the single- and the two-exposure model adjusted for each other; NO2, green space, and all-cause mortality 
from single- and two-exposure models adjusted for each other; Noise, green space and all-cause mortality from single-and two-exposure models adjusted for each 
other. Statistical heterogeneity of effect estimates between studies was assessed using the Chi-Square test (Cochran’s Q) and the I2 value. HRs for a 5-μg/m3 increase 
in PM2.5, a 10-μg/m3 increase in NO2, a 10-dB increase for Noise (Lden) and 0.1 increase for green space (NDVI). Abbreviations: HR = hazard ratio. (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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1.021 when adjusted for NO2. Adjusting for noise led to modestly 
attenuated pooled HRs for air pollutants compared to their respective 
single-exposure models. For PM2.5, the pooled HRs were 1.072 in the 
single-exposure model and 1.055 in the noise-adjusted two-exposure 
model. For NO2, the pooled HRs decreased from 1.029 in the single- 
exposure model to 1.023 in the noise-adjusted two-exposure model. 
For both air pollution and noise exposures, the HRs in single-exposure 
models were lower than in the most recent meta-analysis (Orellano 
et al., 2024, Kasdagli et al., 2024).

For the noise-PM2.5 pair, adjusting for noise consistently resulted in 
smaller HRs for PM2.5 across all six studies. For the noise-NO2 pair (N =
7), two Dutch studies (Klompmaker et al., 2021; Klompmaker et al., 
2020) reported larger HRs for NO2 after adjusting for noise. For noise, 
only the Danish Diet, Cancer and Health cohort showed an increase in 
the noise coefficient after adjusting for air pollutants (Hvidtfeldt et al., 
2019).

Five of the 26 coefficient differences from noise-air pollution pairs 
were zero. All these zero differences came from studies that reported 
HRs and 95 % CIs with only two decimal places.

3.3. Health impact estimation for each exposure pair

3.3.1. For studies with both single- and two-exposure models
Table 3 presents HRs and PAFs for the joint health impact of each 

exposure pair using different approaches while maintaining a fixed in
crease of 5 µg/m3 for PM2.5, 10 µg/m3 for NO2, 10-dB for noise (Lden) and 
a 0.1-unit decrease for green space. For all exposure pairs, the JPAF 
estimated from the joint single-exposure model HRs was moderately 
higher than the PAF from the two-exposure model. For all pairs, except 
noise-green space, the JHR from the two-exposure model was higher 
than the separate single-exposure estimates.

For green space-PM2.5, the estimated JPAF derived from the single- 
exposure models is higher than the JPAF derived from the two- 
exposure model (0.090 versus 0.076), representing an 18.4 % over
estimation when joint effects are estimated without accounting for 
confounding between exposures. Corresponding increases are 39.5 % for 
green space-NO2 and 22.2 % for green space-noise. For noise-PM2.5 and 
noise-NO2, the JPAFs from adding single-exposure models showed in
creases of 23.8 % and 27.9 %, respectively.

Fig. 4. Pooled effect estimates for associations between PM2.5, NO2, Noise, and all-cause mortality from the single-exposure and two-exposure models for 
each pair adjusted for the other exposure. Pooled effect estimates using random effect meta-analysis for associations between long-term: PM2.5, noise, and all- 
cause mortality from single- and two-exposure models adjusted for each other; NO2, noise, and all-cause mortality from single- and two-exposure models 
adjusted for each other. Statistical heterogeneity of effect estimates between studies was assessed using the Chi-Square test (Cochran’s Q) and the I2 value. HR per 5- 
μg/m3 increase for PM2.5, 10-μg/m3 increase for NO2 and 10-dB increase for Noise (Lden). Abbreviations: HR = hazard ratio.
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3.3.2. Application of coefficient difference to other reviews
To illustrate the application of the coefficient difference approach, 

we used the ERFs from the meta-analysis for PM2.5 (HR = 1.046 per 5 
μg/m3 increase) by Orellano and colleagues (2024) (N = 53), for NO2 
(HR = 1.05 per 10 μg/m3 increase) by Kasdagli and colleagues (2024)
(N = 34), for green space (HR = 1.042 per 0.1 unit decrease in NDVI) by 
Rojas-Rueda and colleagues (2019) (N = 9) and for noise (HR = 1.055 
per 10 dB higher Lden) by Engelmann and colleagues (2024) (N = 7). 
Joint HRs (from previous reviews and adjusted by coefficient difference) 
and PAFs for each exposure pair using different approaches are shown in 
Table 4. Similar to the findings based on ERFs from studies with two- 
exposure models identified in our systematic search, we observed that 
the JPAF estimated from the single-exposure models was larger than the 
JPAF calculated using joint single-exposure HRs adjusted by the 

coefficient difference for each exposure pair. Furthermore, JPAFs from 
single-exposure models were higher than the PAF for each specific 
exposure separately. Specifically, for green space-PM2.5, the PAF from 
the single-exposure model (0.082) was 22.4 % higher than the joint PAF 
adjusted by the coefficient difference (0.067). For green space-NO2, the 
single-exposure model JPAF (0.086) was 21.1 % higher than the 
adjusted PAF (0.071). Similarly, for green space-noise, the single- 
exposure model JPAF (0.090) was 9.8 % higher than the adjusted 
JPAF (0.082). For noise-PM2.5, the single-exposure model JPAF (0.094) 
was 25.3 % higher than the adjusted JPAF (0.075), and for noise-NO2, 
the single-exposure model JPAF (0.097) was 14.1 % higher than the 
adjusted JPAF (0.085).

4. Discussion

4.1. Main findings and comparison with previous epidemiological studies 
with multi-exposure models

Long-term exposure to NO2, PM2.5, noise and lack of green space 
remained associated with all-cause mortality after adjusting for co- 
exposure in two-exposure models. Effect estimates were modestly 
attenuated. Consistently, for all exposure pairs, the JPAFs estimated 
from the single-exposure model JHRs were moderately higher than the 
JPAFs from the two-exposure model JHRs. For all exposure pairs, the 
JHR calculated from the two-pollutant model estimates was higher than 
each of the separate single-exposure model estimates, illustrating the 
importance of calculating combined impacts.

We observed low to moderate correlations between the exposures of 
interest, consistent with findings from previous multi-exposure studies 
(Klompmaker et al., 2020; Sørensen et al., 2022; Poulsen et al., 2023; 
Bloemsma et al., 2019a). The estimated associations between one 
environmental exposure and a health outcome from single-exposure 
models ignore potential confounding by other exposures, and can lead 

Table 2 
Range, mean, and percentage Coefficient Differences (CD)1,2 between single and 
two-exposure HRs and 95% confidence intervals (HR per 5-μg/m3 increase for 
PM2.5, 10-μg/m3 increase for NO2, 10-dB increase for Noise (Lden), and 0.1 unit 
increase for NDVI for green space).

Exposure Pair 
and Exposure

Minimum 
CD3

Maximum 
CDc

Weighted 
Mean CD4

Weighted 
Percentage CD5

(%)

Green space- 
PM2.5 (N =
6)

​ ​ ​ ​

Green Space 
(NDVI)

− 0.037 0.003 ¡0.006 –23.3

PM2.5 − 0.056 0.039 0.010 13.7

Green space- 
NO2 (N = 6)

​ ​ ​ ​

Green Space 
(NDVI)

− 0.055 0.002 ¡0.011 − 41.1

NO2 − 0.121 0.017 0.005 17.7

Green space- 
Noise (N =
4)

​ ​ ​ ​

Green Space 
(NDVI)

− 0.009 0 ¡0.003 − 8.5

Noise 0 0.007 0.006 66.6

Noise-PM2.5 

(N = 6)
​ ​ ​ ​

Noise − 0.009 0.019 0.005 14.1
PM2.5 0 0.064 0.016 23.0

Noise-NO2 (N 
= 7)

​ ​ ​ ​

Noise − 0.018 0.024 0.006 24.7
NO2 − 0.013 0.028 0.007 20.5

1 Coefficient Difference (CD) = In(HR1) − In(HR2). HR1 is the Hazard ratio 
(HR) for the exposure in the single-exposure model; HR2 is the HR for the 
exposure in the two-exposure model.

2 The coefficient differences were calculated using HRs for a 5-μg/m3 increase 
in PM2.5, a 10-μg/m3 increase in NO2, a 10-dB increase in Noise (Lden), and a 0.1 
unit increment increase in NDVI.

3 The range of CD is from coefficient differences from each study.
4 Weighted Mean CDs are calculated from random effect meta-analysis pooled 

HRs from studies. This can be applied to single-exposure HRs from systematic 
reviews and meta-analyses.

5 Weighted percentage CDs are calculated using random effect meta-analysis 
pooled HRs from studies. This can be applied to single-exposure HRs from sys
tematic reviews and meta-analyses if the scale of HRs is different from the HRs in 
this study. 

Weighted percentage CD =

100%*(Weighted Mean CD)/In
(
HRpooled single− exposure model

)

Table 3 
Hazard ratios (HRs) and population attributable fractions (PAFs) for each 
exposure pair comparing the different approaches using single- and two- 
exposure models using ERFs from studies with single- and two-exposure 
models identified in our systematic search.

Exposure Pair and 
Exposure

Single- 
exposure 
model 
separately

Sum of single- 
exposure 
model

Sum of two- 
exposure 
model

HR PAF JHR JPAF JHR JPAF

Green space-PM2.5 (N = 6) ​ ​ ​ ​ ​ ​
Green Space 1.026 0.026 1.099 0.090 1.083 0.076
PM2.5 1.071 0.066

Green space-NO2 (N = 6) ​ ​ ​ ​ ​ ​
Green Space 1.027 0.027 1.056 0.053 1.040 0.038
NO2 1.028 0.028

Green space-Noise (N = 4) ​ ​ ​ ​ ​ ​
Green Space 1.037 0.036 1.046 0.044 1.037 0.036
Noise 1.009 0.009

Noise-PM2.5 (N = 6) ​ ​ ​ ​ ​ ​
Noise 1.035 0.034 1.110 0.099 1.087 0.080
PM2.5 1.072 0.067

Noise-NO2 (N = 7) ​ ​ ​ ​ ​ ​
Noise 1.029 0.028 1.058 0.055 1.045 0.043
NO2 1.028 0.028

HRs for a 5-μg/m3 increase in PM2.5, a 10-μg/m3 increase in NO2, a 10-dB in
crease for Noise (Lden) and 0.1 decrease for NDVI.
Abbreviations: HR=Hazard ratios; JHR = Joint hazard ratios; PAF=Population 
attributable fraction; JPAF = Joint population attributable fraction.
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to an overestimation of effects if the exposures are positively correlated 
and the effects are in the same direction. This pattern was evident in 
studies examining single- and two-exposure models for all-cause mor
tality identified through our systematic search. Although we did not 
conduct a systematic search for other mortality or morbidity outcomes, 
similar findings have been reported in studies investigating multiple 
environmental exposures and cause-specific mortality (Klompmaker 
et al., 2020), type 2 diabetes (Sørensen et al., 2022), stroke (Poulsen 
et al., 2023), cardiometabolic health (Bloemsma et al., 2019a; 
Bloemsma et al., 2019b; Klompmaker et al., 2019b), and mental health 
(Klompmaker et al., 2019a). These studies also found that after adjust
ment for co-exposures, air pollution, noise and green space remained 
associated with health.

Among the studies identified through our systematic search, using 
the sum of effect estimates from single-exposure models to calculate the 
JHR, overestimated the joint impact of exposure on all-cause mortality 
compared to using effect estimates from two-exposure models, ranging 
from an 18.4 % overestimation for the green space-PM2.5 pair to 39.5 % 
for the green space-NO2 pair. Similarly, for the systematic reviews 
presented in this study, using the JPAF from single-exposure models 
overestimated the joint exposure health impact compared to single- 
exposure models adjusted by the coefficient difference, with over
estimations ranging from 9.8 % for the green space-noise pair to 25.3 % 
for the noise-PM2.5 pair.

4.2. Multi-exposure models: Correlation and interaction

When the effect of one exposure is confounded by another exposure, 

effect estimates from multi-exposure models may differ from those in 
single-exposure models. Both attenuation and strengthening of associ
ations in multi-exposure models compared to single-exposure models is 
possible, depending on the extent and direction of correlation, as well as 
the associations of each exposure with the health outcome considered. 
Disentangling highly correlated exposures remains challenging, partic
ular in smaller studies and when examining weak effects (Münzel et al., 
2023). However, for the environmental exposures examined in our 
study, correlations were generally low to moderate (Table 1). Differ
ences in correlations across studies likely reflect differences between 
study regions, including sources of air pollution, meteorology, atmo
spheric chemistry and methods of exposure assessment. Differences in 
correlations may also result from differences in land use, urban char
acteristics, physical barriers, and other local environmental and physical 
features. Most studies included were conducted in Europe, limiting 
geographic diversity and generalizability. Despite these limitations, the 
observed low-to-moderate correlations suggest that multi-exposure 
models are likely not affected by multicollinearity, and thus are less 
constrained by precision issues in estimating independent exposure ef
fects. Therefore, adjusting single-exposure models using the coefficient 
difference approach can help reduce overestimation when using single- 
exposure models.

Lack of surrounding green space, air pollution, and traffic noise is 
often spatially correlated due to urban planning and shared contribu
tors, such as traffic emissions and road infrastructure. Areas with more 
roads and traffic typically have higher levels of air pollutants and traffic 
noise, along with reduced green space. However, this spatial correlation 
does not always translate into a high correlation between the levels of 
these exposures for several reasons, such as varying emission sources, 
dispersion patterns, and environmental modification. For example, 
traffic is a primary source of air pollutants and air pollution exposure 
differences (Heydari et al., 2020). NO2 is predominantly emitted by road 
traffic but also from various combustion processes, including residential 
heating, power plants, and industrial activities. Different features of 
road traffic affect noise and air pollution in different ways. For example, 
in urban areas, lower traffic speed and higher congestion are often 
associated with more air pollution emissions but reduced noise levels 
(Espadaler-Clapés et al., 2023; Xu et al., 2024). Additionally, road sur
faces affect traffic noise levels, while their influence on air pollution is 
comparatively minor (World Health Organization, 2018). Furthermore, 
the spatial distribution of pollutants differs even when originating from 
the same source (Roostaei et al., 2024); for instance, NO2 concentrations 
are highest near roads, whereas PM2.5 can disperse over greater dis
tances (Chi et al., 2024). Noise pollution, on the other hand, follows a 
more localized spatial pattern, with levels decreasing rapidly as distance 
from the source increases and being influenced by barriers such as 
buildings and vegetation (Margaritis and Kang, 2017). Green space can 
modify air pollutant concentrations through the deposition and disper
sion process, with stronger impacts on PM2.5 due to particle capture by 
leaves and canopy structures (Khreis et al., 2024). However, its effect on 
NO2 may depend on factors such as vegetation type, density, and local 
meteorological conditions (Dai et al., 2023). These spatial variations and 
interactions indicate that the correlations between green space, air 
pollution, and noise differ across urban environments and cannot be 
solely explained by spatial correlation. Additionally, while previous 
studies also show that the associations between air pollutants and health 
outcome are not statistically different across different exposure assess
ment models and spatial resolutions (Gariazzo et al., 2021; Bouma et al., 
2025), this may not be the case for greenspace or noise, where modeling 
techniques and resolution would introduce uncertainty of HRs and 
therefore coefficient differences.

COMEAP (2018) initially proposed the coefficient difference method 
for calculating the health burden of NO2 and PM2.5. In our previous 
work, we developed the coefficient difference method based on 
COMEAP’s recommendations and used pooled HRs of single- and two- 
exposure models to calculate coefficient differences (Chen et al., 

Table 4 
Hazard ratios (HRs) and population attributable fractions (PAFs) for each 
exposure pair comparing different approaches from single-exposure models and 
application of Coefficient Difference (CD) approach on single-exposure models 
summarized in other systematic reviews.

Exposure Pair 
and Exposure

Single- 
exposure 
model

Sum of single- 
exposure 
models

Sum of single exposure 
models adjusted by 
calculated coefficient 
difference

HR PAF JHR JPAF CD_adjusted 
JHR

JPAF

Green space- 
PM2.5

​ ​ ​ ​ ​ ​

Green Space 1.042 0.040 1.090 0.082 1.072 0.067
PM2.5 1.046 0.044

Green space-NO2 ​ ​ ​ ​ ​ ​
Green Space 1.042 0.040 1.094 0.086 1.076 0.071
NO2* 1.050 0.048

Green space- 
Noise

​ ​ ​ ​ ​ ​

Green Space 1.042 0.040 1.099 0.090 1.089 0.082
Noise 1.055 0.052

Noise-PM2.5 ​ ​ ​ ​ ​ ​
Noise 1.055 0.052 1.104 0.094 1.081 0.075
PM2.5 1.046 0.044

Noise-NO2 ​ ​ ​ ​ ​ ​
Noise 1.055 0.052 1.108 0.097 1.093 0.085
NO2* 1.050 0.048

HRs for a 5-μg/m3 increase in PM2.5, a 10-μg/m3 increase in NO2, a 10-dB in
crease for Noise (Lden), and a 0.1 decrease for NDVI.
Abbreviations: HR=Hazard ratios; JHR = Joint hazard ratios; PAF=Population 
attributable fraction; JPAF = Joint population attributable fraction; CD=Coef
ficient difference.

* HRs with two decimal places were reported.
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2024). In this study, we also calculated coefficient differences from 
pooled HRs among the five exposure pairs. This choice is justified 
because the low-to-moderate correlations observed among exposure 
pairs in our included studies resulted in models providing informative 
HRs, and summarizing across meta-analyses ensures representative es
timates. However, calculating a range of coefficient differences from 
individual studies could offer a broader view of uncertainty. Although 
we recommend using summarized coefficient differences, using coeffi
cient differences from a single study is also possible. While this might 
risk exaggerating the overestimation for one exposure due to effect 
transfer, it can be useful when the study area represents localized cor
relation structures more accurately.

We calculated the absolute coefficient difference between two and 
single-exposure estimates from each study instead of the percentage 
difference because of concerns about extreme values when dividing by 
small effect estimates from individual studies. However, in cases when 
applying these coefficient differences to external single-exposure HRs 
from a wider body of evidence that differ substantially in magnitude, 
using a percentage difference may provide a more appropriate adjust
ment. When translating the coefficient difference to a wider body of 
evidence with higher single exposure estimates, one may use the per
centage difference calculated from the weighted average coefficient 
difference across studies in Table 2. Careful consideration of the scale 
and comparability of HRs is important when applying this coefficient 
different approach to broader evidence bases.

Most studies included in our analysis accounted for key confounders 
such as age, sex, smoking status, and SES. The coefficient difference, 
which reflects the change in HRs between single- and two-exposure 
models, is likely less sensitive to variations in the specific confounders 
adjusted for. Therefore, these differences in confounder adjustment are 
not likely substantial enough to significantly bias the overall coefficient 
differences. Although there are studies suggesting potential interactions 
between air pollution, green space and traffic noise (Dimakopoulou 
et al., 2024; Coleman et al., 2022), the present study does not consider 
potential interactions between exposures due to limited number of 
studies assessing those. However, there are practices which can consider 
interaction factors in HIA (Coffman et al., 2024). How to apply this in a 
multi-exposure scenario whilst also considering the confounding effects 
from other exposures needs to be further developed.

4.3. Health impact estimation of multiple exposures

For both mortality burden estimation and policy health impact as
sessments involving multiple exposures, adding the PAFs from single- 
exposure models leads to overestimation of impacts. In our study, this 
overestimation ranged from 18.4 % for the green space-PM2.5 pair to 
39.5 % for the green space-NO2 pair. In addition, JPAFs using two- 
exposure models were higher than PAFs from single-exposure models 
for each exposure separately. Therefore, when policies aim to address 
multiple exposures rather than a single-domain intervention, which is 
more closely aligned with the need for holistic urban solutions, quan
tifying the joint effect of multiple exposures becomes essential. We 
provided coefficient differences for five exposure pairs to account for 
effect transfer between exposures and demonstrated their application 
using systematic review data. The approach allows combining the 
limited evidence of two-exposure models and the well-developed evi
dence of single-exposure models. JPAF calculated using coefficient dif
ference adjusted HRs are recommended to use to quantify the joint 
health impact of exposure pairs. While this approach is suitable for 
mortality burden estimation, applying it to policy impact analysis re
quires additional caution due to the complexities of exposure changes 
triggered by policies. Before applying this method to local policy HIAs, it 
is important to consider expected exposure changes, including back
ground levels and correlations between exposures.

4.4. Limitations

This study has several limitations. Firstly, the number of studies 
specifying two-exposure models is still limited, compared to the large 
body of evidence evaluating single-exposure models. Most of the multi- 
exposure studies so far have been performed in Europe, and few in other 
parts of the world. As spatial correlations between environmental ex
posures may vary across regions due to differences in urban develop
ment and infrastructure, the coefficient differences derived from the 
currently available, geographically limited evidence base may not 
directly apply to other settings (Forastiere et al., 2024; Li et al., 2023). 
Nevertheless, several large cohort studies in different countries have 
specified two-exposure models. In addition, some studies reported HRs 
with two decimal places which limits the precision of coefficient dif
ferences. The limited number of studies reporting two-exposure models 
further constrained our ability to apply simulation-based approaches (e. 
g., bootstrapping) to estimate uncertainty around coefficient differences 
as we did in our previous work on NO2 and PM2.5 single- and two- 
exposure models (Chen et al., 2024). As more multi-exposure studies 
become available, future analyses should incorporate such methods to 
better reflect the variability and precision of the estimated adjustments.

Secondly, the coefficient difference method is restricted to exposure 
pairs, allowing us to quantify differences only between two exposures 
simultaneously. Due to the limited availability of studies employing 3- 
or more exposure models, we were unable to incorporate more expo
sures into our analysis. One potential approach in HIA of three exposures 
or more is to subtract all relevant coefficient differences, e.g., subtract 
both the green space-NO2 and green space-noise coefficient difference in 
a HIA with these three exposures. However, adjusting for multiple 
exposure pairs risks overcorrection if exposures share causal pathways. 
Due to the lack of sufficient evidence, this approach wasn’t feasible to 
explore further in this paper.

Additionally, there are limitations related to exposure measurements 
in the included studies. For instance, for green space we rely only on 
studies using NDVI, a measure of vegetation extent which does not, for 
example, represent use, amenity or experience of green space nor the 
access to green space which may be better predictors of health (Kruize 
et al., 2020). Moreover, studies used varying buffer sizes for NDVI. Our 
study also focused solely on PM2.5, NO2, green space, and noise, while 
other environmental exposures (e.g., temperature, ozone) and behav
ioral factors (e.g., physical activity), that can significantly impact health, 
were beyond the scope of this paper.

5. Conclusion

In conclusion, this study provides a coefficient differences approach 
for environmental exposure pairs to adjust for overestimation in com
bined built environment burden of disease assessments. This method
ology can be extended to include additional exposures and outcomes in 
HIA. Due to the currently limited evidence base for greenspace and 
noise, the primary aim is to explore this methodology. The derived 
adjustment coefficients are preliminary and need to be improved further 
in the future when the evidence base becomes larger. Further epidemi
ological studies of multi-exposure ERFs across diverse geographical re
gions are needed to strengthen the evidence on coefficient differences 
and to better quantify the joint health impact of multiple exposures.
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