
REVIEW

Current Environmental Health Reports           (2026) 13:38 
https://doi.org/10.1007/s40572-026-00560-8

The editors would like to thank Douglas O. Johns for assisting with 
the review of this manuscript.

	 Hanna Boogaard
jboogaard@healtheffects.org

1	 Health Effects Institute, Boston, MA, USA
2	 Institute of Epidemiology, Helmholtz Zentrum München 

- German Research Center for Environmental Health, 
Neuherberg, Germany

3	 Institute for Medical Information Processing, Biometry, and 
Epidemiology, Faculty of Medicine, Ludwig-Maximilians-
Universität München, Munich, Germany

4	 Channing Division of Network Medicine, Department of 
Medicine, Brigham and Women’s Hospital, Harvard Medical 
School, Boston, MA, USA

5	 Department of Environmental Health, Harvard T.H. Chan 
School of Public Health, Boston, MA, USA

6	 Division of Occupational and Environmental Medicine, 
Department of Laboratory Medicine, Lund University, Lund, 
Sweden

7	 Department of Epidemiology and Global Health, Umeå 
University, Umeå, Sweden

8	 Department of Statistics, North Carolina State University, 
Raleigh, NC, USA

9	 Department of Public Health Sciences, College of Medicine, 
The Pennsylvania State University, Hershey, PA, USA

10	 Department of Environmental and Radiological Health 
Sciences, Colorado State University, Fort Collins, CO, USA

11	 Department of Mechanical Engineering, Colorado State 
University, Fort Collins, CO, USA

12	 Department of Mechanical Engineering, University of 
Colorado, Boulder, CO, USA

Abstract
Purpose of review  The Health Effects Institute recently completed an extensive research initiative to investigate novel 
approaches to improve assessment of long-term exposure to outdoor air pollution for health studies in North America and 
Europe. This overview synthesizes the key results, strengths, and limitations, along with other key research and future 
research needs.
Recent findings  Exposures predicted from the various models, including those accounting for daily mobility patterns and 
outdoor-indoor infiltration rates, generally resulted in moderately to highly correlated exposure estimates (correlation > 0.7). 
Health effect estimates associated with the alternative exposures were similar, albeit with some notable differences in the 
magnitude – but not the direction — of the associations.
Summary  This research initiative can inform decisions about estimating air pollution exposure in epidemiological studies, 
as investigators balance concerns about bias, efficiency, and resource needs. Future work is needed to replicate findings in 
other studies and regions. Other areas of future work include generating representative validation data for long-term expo-
sure estimates, propagating exposure measurement error more fully into health effect estimates and improving understanding 
of the influence of indoor environments. 
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Introduction

Air pollution is widely acknowledged as the most impor-
tant environmental public health risk factor worldwide [1]. 
There is a broad scientific consensus that exposure to air 
pollution significantly increases mortality and morbidity 
from cardiovascular and respiratory diseases, diabetes, and 
lung cancer, and reduces life expectancy [2, 3, 4, 5].

The assessment of long-term exposure to ambient air 
pollution for epidemiological studies, however, remains 
challenging. Early cohort studies characterized exposure by 
assigning the average concentration measured at one or a 
few central sites within a city to each participant within that 
city [6, 7]. Fixed-site regulatory networks — even those in 
North America and Western Europe — continue to have rel-
atively limited spatial coverage in many areas, particularly 
in suburban and rural locations, and insufficient density to 
capture small-scale (within-city) variations of air pollution 
[8].

Novel measurement technologies and modeling 
approaches for long-term exposure to air pollution are 
increasingly being used to estimate air pollution at finer spa-
tial scales for epidemiological studies of large populations. 
Advances include novel air pollution sensors, mobile moni-
toring, satellite data, hybrid models, and machine learning 
approaches [9]. Even with those advances, important limi-
tations and challenges remain when predicting long-term 
air pollution exposure, particularly for pollutants that vary 
widely in space and time, such as ultrafine particles (UFPs), 
black carbon (BC), and nitrogen dioxide (NO2).

In 2019, the Health Effects Institute (HEI) issued a request 
for research applications titled Applying Novel Approaches 
to Improve Long-Term Exposure Assessment of Outdoor 
Air Pollution for Health Studies [10]. HEI solicited propos-
als for studies that would develop and apply scalable, novel 
approaches to improve assessment of long-term exposure 
to outdoor air pollutants, evaluate exposure measurement 
error, and determine how different exposure assessment 
approaches might influence epidemiological health effect 
estimates. Five studies were funded and have recently been 
completed. This paper highlights the key findings and les-
sons learned through this research program.

Methods

We provide an overview and synthesis of the results from 
studies conducted under the HEI initiative, drawing on 
evidence from other key research that addresses similar 
questions. We discuss strengths and limitations of the HEI 
studies and areas for future research. The evaluation of 
the five studies included here is based on an independent 

review by the HEI Improved Exposure Assessment Studies 
Review Panel (referred to as “Review Panel”). The Review 
Panel members are co-authors of this paper. A key goal is 
to provide an overview of the extensive body of work pro-
duced by the funded investigators, make the findings readily 
accessible, and emphasize future research directions.

Summary of the Studies’ Approaches and 
key Results

HEI published the final reports of the studies in 2024 and 
2025 [11, 12, 13, 14, 15]. We provide a summary of the stud-
ies’ approaches, key results, and their interpretation (Fig. 1; 
Table  1). As shown in the table, air pollutants covered 
included pollutants that typically vary widely in space and 
time, such as UFPs, BC, and NO2. Fine particulate matter 
(PM2.5) was also included as a reference pollutant, although 
PM2.5 is typically more homogeneously distributed. HEI did 
not impose a common set of pollutants across studies. Our 
review highlights findings on UFPs and BC, because these 
were the most addressed pollutants in the initiative and are 
“emerging” pollutants of health concern according to the 
World Health Organization (WHO) [5]. The evidence base 
for adverse health effects of PM2.5 and NO2 is much more 
established [2, 3, 4, 5].

Canadian Study Incorporating Mobile Monitoring 
Data

Weichenthal and colleagues estimated associations between 
long-term exposures to UFPs and BC and mortality in 
Toronto and Montreal, Canada, using several exposure mod-
eling approaches [11]. They conducted mobile monitoring 
campaigns in both cities in 2020 and 2021, thus during the 
COVID-19 pandemic, covering various times of day from 7 
a.m. to 11 p.m., weekdays and weekends, and all four sea-
sons. In total, 14 and 20 routes were selected in Montreal 
and Toronto, respectively, that were sampled in a random 
order to obtain a representative annual average. They mea-
sured UFP number concentrations, UFP size, and BC in 
real-time using research-grade instruments, then calculated 
median values over 100-meter road segments and all sam-
pling days. In total, mobile monitoring data were aggregated 
to 5,819 and 7,051 road segments in Toronto and Montreal, 
respectively. On average, road segments were visited on 10 
different days. The mobile monitoring data were randomly 
split into subsets to train (70%), validate (15%), and test 
(15%) the subsequent exposure models.

The investigators developed three new exposure mod-
els for each city separately: (a) land-use regression mod-
els based on the mobile monitoring data combined with 
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detailed meteorological, land use, and traffic information; 
(b) machine learning models, specifically convolutional 
neural network models using mobile monitoring data and 
aerial images from Google Maps; and (c) a combination of 
these two models. The models accounted for weather-related 
variations in air pollution during the monitoring campaign 
despite the random order of the measurement routes. Esti-
mates from each model were developed using the training 
dataset and compared to observed values in the validation 
and test datasets. Historical trends in traffic information and 
nitrogen oxide emissions were used to project model predic-
tions back in time (i.e., backcast).

The investigators then applied those models to a large 
representative sample of Canadian adults (1.5 million) from 
the Canadian Census Health and Environment Cohort resid-
ing in Toronto or Montreal. The study population included 
adults aged 25 years and older from multiple Census years 
(1991–2006), with mortality follow-up from 2001 to 2016. 
Exposures were assigned to participants based on home 
postal code (about the size of a city block) and accounted for 
address changes over time. The main analyses used expo-
sure estimates developed with backcasting. The investiga-
tors used both single and multipollutant Cox proportional 
hazard models to assess the associations between exposures 
to UFP number concentrations and BC, and nonaccidental 
and cause-specific mortality. They adjusted the health anal-
yses for important confounders, such as sociodemographic 

factors and co-pollutants, including fine particulate matter 
(PM2.5) and UFP size.

The land-use regression models performed better than 
the machine learning models, and the exposure models that 
combined land use and machine learning model predictions 
performed only slightly better than models that used land 
use regression alone. The combined model explained half 
or more (R2 between 0.49 and 0.73) of the observed spa-
tial variation in UFPs and BC and was considered the main 
exposure model in the health analyses. Long-term exposures 
to UFPs and BC were positively associated with mortality in 
single-pollutant models. The effect estimates were sensitive 
to adjustment for co-pollutants, including UFP size. Asso-
ciations between UFP number concentrations and mortality 
increased after adjusting for UFP size, whereas associations 
between BC and mortality became generally weaker or null 
when UFP size was included. Generally, similar findings 
were reported for UFPs and BC across various alternative 
exposure assessment approaches, including without back-
casting, albeit the association’s magnitude — but not its 
direction — differed sometimes substantially.

United States Study Incorporating Mobile 
Monitoring Data

Sheppard and colleagues evaluated different approaches 
to mobile monitoring study design in Seattle, Washington, 

Fig. 1  Geographical Location and Key Features of HEI’s Initiative to Improve Long-term Exposure Assessment of Outdoor Air Pollution for 
Health Studies
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United States [12]. They leveraged detailed air pollution 
data, including a mobile monitoring campaign of UFPs, and 
cognitive function data from about 5,000 participants in the 
Adult Changes in Thought (ACT) Air Pollution study — a 
cohort study of older adults.

Most analyses focused on UFP data from a previous 
mobile roadside monitoring data campaign conducted in 
2019–2020, thus before the COVID-19 pandemic. UFP 
were measured using three different instruments: a P-Trak, a 
NanoScan, and a DiSCmini. The campaign covered various 

times of day from 5 a.m. to 11 p.m., weekdays and weekends, 
and all four seasons using a temporally balanced sampling 
design. In that campaign, short-term measurements were 
made from a parked vehicle at 309 roadside locations, with 
about 30 visits made to each site. These sites were intended 
to represent cohort participants’ residential locations, which 
were on average 611 m away from their closest roadside 
measurement site. The investigators also conducted analy-
ses using on-road measurements of UFPs between roadside 
sites along nine predefined routes for a total of 5,878 road 

Table 1  Key Characteristics of HEI’s Initiative to Improve Long-term Exposure Assessment of Outdoor Air Pollution for Health Studies
Principal 
Investigator

Cohorts Location Study 
Period

Study 
Population

Sample 
Size

Outcomes Air 
Pollutants

Exposure 
Assessment

Air Pollutant 
Instruments

Monitor-
ing Data

Weichenthal 
[11]

CanCHEC Montreal 
and Toronto, 
Canada

1991–
2016

Adults 1.5 
million

Mortality UFPs and 
BC

Machine 
learning and 
land-use 
regression 
models

Naneos 
Partector 2, 
DiSCmini and 
MicroAeth 
MA350

Mobile

Sheppard 
[12]

ACT Air 
pollution 
study

Seattle, 
United 
States

1994–
2020

Older 
adults

5,400 Cognitive 
function

UFPs, 
PM2.5, and 
NO2

Universal 
kriging, spa-
tiotemporal, 
and machine 
learning 
models

NanoScan, 
P-Track, DiS-
Cmini, Plan-
tower sensor 
PMS A003, 
Alphasense 
sensor B43F, 
and others

Mobile, 
outdoor 
low-cost 
sensors, 
regula-
tory, and 
research-
grade 
monitors

de Hoogh 
[13]

EPIC-NL, 
SAPALDIA, 
SNC

Netherlands, 
Switzerland

1991–
2018

Adults 3.5 
million

Mortal-
ity, stroke, 
coronary 
events, lung 
function, 
and blood 
pressure

NO2 and 
PM2.5

Agent-based, 
land-use 
regression, 
and machine 
learning 
models

Reference 
monitors

Regula-
tory 
moni-
tors, 
location 
tracking

Hoek [14] DUELS, 
EPIC-NL, 
PIAMA

Netherlands 1993–
2019

Children 
and adults

10.8 
million

Mortal-
ity, stroke, 
coronary 
events, lung 
function, 
and asthma

UFPs, 
NO2, BC, 
and PM2.5

Land-use 
regression, 
dispersion, 
machine 
learning, 
and hybrid 
models

CPC3007, 
AE51, Dust-
Trak, Sense-
rion SPS30, 
Alphasense 
sensor B43F, 
Harvard 
Impactors, 
Ogawa, and 
others

Mobile, 
outdoor 
low-cost 
sensors, 
regula-
tory, and 
research-
grade 
monitors

Katsouyanni 
[15]

BLW, 
COPE, 
DEMiSt, 
PASTA, 
London seg-
ment of UK 
Biobank

London, UK 2006–
2024

Adults 62,000a Mortality, 
asthma, 
COPD, 
myocardial 
infarction, 
stroke, and 
dementia

BC, NO2, 
PM2.5, and 
O3

Land-use 
regression, 
dispersion, 
machine 
learning, 
and hybrid 
models

MicroAeth 
AE51, 
MicroAeth 
MA300/350, 
Alphasense 
OPC-N2, 
Senserion 
SPS30, A4 
sensors

Personal 
measure-
ments, 
regula-
tory 
monitors

aRefers to the London segment of UK Biobank
ACT = Adult Changes in Thought; BLW = Breathe London Wearables; CanCHEC = Canadian Census Health and Environment Cohort; 
COPD = Chronic Obstructive Pulmonary Disease; COPE = Characterisation of COPD Exacerbations using Environmental Exposure Model-
ling; DEMiSt = Driver Diesel Exposure Mitigation Study; DUELS = Dutch Environmental Longitudinal Study; EPIC–NL = European Prospec-
tive Investigation on Cancer and Nutrition–Netherlands; PIAMA = Prevention and Incidence of Asthma and Mite Allergy; PASTA = Physical 
Activity through Sustainable Transport Approaches; SAPALDIA = Swiss Study on Air Pollution and Lung Disease in Adults; SNC = Swiss 
National Cohort
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segments. Each 100-meter segment was visited an average 
of 28 times. The Nanoscan was used as the primary instru-
ment for most analyses of mobile roadside data, whereas the 
P-Trak was used for analyses of mobile on-road data.

The investigators subsampled UFP measurement data 
to evaluate various exposure assessment study design fea-
tures, including fewer visits per site, fewer days of the week, 
restricted hours of the day, and fewer seasons. The inves-
tigators used either the full dataset or subsets of measure-
ments to develop annual average exposure estimates using 
a suite of models. The main models were developed using 
universal kriging with dimension reduction using partial 
least squares (for brevity: universal kriging models). The 
universal kriging approach was compared to spatial random 
forest and other machine learning algorithms. A suite of 
geographical covariates (about 200) was available for inclu-
sion in the models, including indicators of land use, road-
way proximity, and population density. They assessed the 
performance of each model using cross-validation (mobile 
monitoring data) and calculated several measures, includ-
ing the mean squared error-based explained variance (R2 
for simplicity). The investigators also explored the tradeoffs 
between universal kriging exposure model performance and 
logistical features (both cost and time) to identify optimal 
monitoring designs.

Each model was used to predict the 5-year average 
UFP exposures prior to the cognitive function measure-
ment obtained at baseline (1994 or later). The investigators 
applied standard linear regression to assess the association 
between exposure to ultrafine particles from each exposure 
model and baseline cognitive function, adjusted for par-
ticipant age, sex, education, and calendar year (confounder 
model 1). Some results were also adjusted for participant 
race and socioeconomic status (confounder model 2). In the 
comparisons, the models using all UFP data from the mobile 
roadside campaign were taken as the reference model. The 
investigators quantified the exposure measurement error 
using their earlier developed bootstrap methods [16, 17, 18] 
and corrected the health effect estimates accordingly in the 
reference model.

The universal kriging reference model using all ultra-
fine particle data from the mobile roadside campaign had 
a cross-validated R2 of 0.65 (for NanoScan measurements) 
and 0.77 (for P-Trak measurements). The universal kriging 
model typically performed slightly better than the various 
machine learning models.

Universal kriging models with restricted mobile roadside 
sampling of UFPs consistently produced lower-performing 
exposure models than the reference model developed using 
the full dataset. The investigators found that a mobile moni-
toring study with roadside UFP sampling of at least 12 visits 
per location optimized exposure model performance while 

limiting costs. Furthermore, the investigators noted that 
exposure sampling in mobile monitoring campaigns should 
cover all days of the week, most hours of the day (including 
early morning and late evening), and at least two seasons.

Exposure to UFPs estimated using the reference model 
was negatively (adversely) associated with cognitive func-
tion at baseline after adjustment for participant age, sex, 
education, and calendar year (confounder model 1). The 
reduced sampling designs yielded similar findings regard-
ing negative (adverse) associations between UFP exposure 
and cognitive function at baseline, albeit with sometimes 
notable differences in association magnitude (up to 60%). 
In the reference exposure model for UFP, the investigators 
reported that the observed associations using confounder 
model 1 were more strongly affected by the features of 
the mobile monitoring design than by exposure measure-
ment error (up to a 6% increase in association magnitude 
and a 13% increase in width of the confidence interval).
The observed negative association in the reference model 
disappeared in health models that further adjusted for race 
and socioeconomic status (confounder model 2), hampering 
further assessments of the influence of sampling design on 
health estimates using different exposure estimates for those 
health models.

Using mobile on-road data for UFPs instead of roadside 
data, the investigators found that most comparisons iden-
tified the same design features or elements as important, 
although with a few notable differences. Strikingly, on-road 
modeling results were generally similar when road seg-
ments were tested 4 times versus 12 times, although the lat-
ter produced more stable results.

A small part of the study evaluated low-cost sensors 
for PM2.5 and NO2 and is summarized in Supplementary 
Materials.

European Study Accounting for People’s Mobility

De Hoogh and colleagues assessed whether exposure esti-
mates that accounted for people’s mobility would improve 
exposure assessment for NO2 and PM2.5 and potentially 
reduce exposure measurement error in three cohort stud-
ies in Switzerland and the Netherlands [13]. The study 
addressed an important outstanding issue, as most health 
studies assess long-term air pollution exposure using out-
door concentrations estimated at participants’ residential 
locations only.

De Hoogh and colleagues simulated participants’ mobil-
ity patterns using agent-based modeling – a computer 
simulation of actions and interactions among, for example, 
people, places, built environment, transportation, and time 
that allows for the integration of individual and population 
behaviors [19]. Their simulations were informed by existing 
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travel survey and census data from 2010 to 2019 in Swit-
zerland and the Netherlands. The investigators developed 
13 activity profiles to represent different time–activity pat-
terns (e.g., commuting) using characteristics available (e.g., 
employment status) from the health studies described below. 
Except for a subset of participants in one cohort, workplace 
locations were unknown and were estimated. They repeated 
the simulations between 50 and 1,000 times and evaluated 
the model using GPS location data collected over 2 weeks in 
tracking campaigns that included nearly 700 participants in 
the two countries in 2022 (after the COVID-19 pandemic).

The investigators developed nationwide hourly concen-
tration maps of outdoor NO2 and PM2.5 and linked those to 
the agent-based model output (i.e., individual time–activity 
data) to estimate exposure. In Switzerland, the investigators 
used annual average concentration maps for 2016, derived 
from previously published spatiotemporal models [20, 
21], and applied a temporal adjustment approach to obtain 
hourly estimates [22]. In the Netherlands, hourly land-use 
regression models were developed specifically for this 
study using regulatory monitoring data from 2016 to 2019, 
stratified by season and weekday type (weekday or weekend 
day). The investigators developed and compared supervised 
linear regression models and random forest models in the 
Netherlands. They assessed model performance in terms of 
explained variance (R2) using fivefold cross-validation. The 
newly developed hourly land-use regression models in the 
Netherlands performed slightly better for NO2 (cross-val-
idation R2 = 0.6–0.7) than for PM2.5 (cross-validation R2= 
0.4–0.5). The random forest models performed slightly (up 
to 4%) better than the supervised linear regression models 
for both pollutants and were subsequently used to combine 
outdoor concentrations with time–activity data in the Dutch 
health studies.

The investigators then conducted epidemiological analy-
ses using three adult population-based cohort studies: the 
Swiss National Cohort (SNC), the European Prospective 
Investigation into Cancer, Netherlands (EPIC-NL), and the 
Swiss Cohort Study on Air Pollution and Lung and Heart 
Diseases in Adults (SAPALDIA). They compared health 
effects estimates based on residential versus mobility-
enhanced exposure estimates. For all cohort participants, 
the annual average residential exposure was assigned at 
the baseline home address (1993–2011, depending on the 
cohort). The mobility-enhanced exposure was assigned 
based on the most appropriate activity profile for each par-
ticipant, taking into account their sex, employment status, 
and socioeconomic status. The investigators used single-
pollutant Cox proportional hazards models for mortality and 
morbidity outcomes in the SNC and EPIC-NL analyses and 
repeated cross-sectional linear regression analyses for lung 
function and blood pressure outcomes in the SAPALDIA 

analyses. All results were adjusted for age, sex, and individ-
ual and area-level socioeconomic status. Results from the 
analyses of EPIC-NL and SAPALDIA were further adjusted 
for various lifestyle factors.

The mobility-enhanced exposure estimates were highly 
correlated (Pearson correlation > 0.95) with residential-only 
estimates for NO2 and PM2.5 among the cohort participants. 
In all cohorts, mean air pollution exposures and contrasts 
(interquartile range) in individuals’ exposures were slightly 
lower for mobility-enhanced exposures than for residential 
exposures. For both exposures, the contrast was higher for 
NO2 than for PM2.5, consistent with the larger spatial varia-
tion of NO2 [23].

The residential and mobility-enhanced exposure estimates 
showed similar associations with various health outcomes 
within the cohorts. Hence, the results suggest that the bias in 
epidemiological studies based on outdoor concentrations at 
residential locations might be small and that accounting for 
mobility might not be important. Positive (adverse) associa-
tions were observed most clearly in the SNC. The investiga-
tors found that exposure to NO2 and PM2.5 was associated 
with an increased risk of nonaccidental mortality and that 
exposure to NO2, but not exposure to PM2.5, was associated 
with an increased risk of cardiovascular mortality. They 
reported generally non-statistically significant and, in some 
cases, negative associations for the health outcomes in the 
EPIC-NL and SAPALDIA cohorts. No consistent differ-
ence in the association was found between exposures using 
known versus estimated workplace locations in the subset 
of SAPALDIA participants for whom workplace locations 
were available.

European Study Comparing a Suite of Exposure 
Models

Hoek and colleagues compared the performance of several 
long-term exposure assessment methods for UFPs, BC, 
NO2 and PM2.5 in the Netherlands [14]. They used existing 
data and models from previous collaborative projects where 
available, including the European Study of Cohorts for Air 
Pollution Effects (ESCAPE), Effects of Low-Level Air Pol-
lution: A Study in Europe (ELAPSE), and EXposome Pow-
ered tools for healthy living in urbAN Settings (EXPANSE). 
The investigators evaluated annual average outdoor air pol-
lution concentrations using a suite of exposure assessment 
methods that differ in their underlying monitoring data 
(low-cost sensors, mobile monitoring, and fixed-site rou-
tine or fixed-site study-specific monitoring using research-
grade instruments) and modeling approaches (land-use 
regression models or air pollution dispersion models). The 
comparison included exposure models derived from four 
previous mobile monitoring campaigns with mobile and/or 
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road-side sampling and coverage of different time periods. 
Furthermore, to develop the land-use regression models, the 
investigators tested supervised linear regression and two 
machine learning methods (random forest and Least Abso-
lute Shrinkage and Selection Operator). Low-cost sensor 
data were used primarily in hybrid models, where they were 
combined with dispersion model estimates and data from 
the routine national monitoring network to assess the added 
value of low-cost sensor data (i.e., Alphasense sensor B43F) 
for NO2.

The predictions of the exposure models were compared 
at 20,000 random residential addresses in the Netherlands 
and tested on existing and new validation data spanning a 
20-year period. The new validation dataset entailed 1-week 
measurements in two different seasons at 31 residential out-
door locations across the Netherlands from 2021 to 2023. 
Data from a reference site in the middle of the country were 
used to account for temporal differences between measure-
ment weeks.

They applied the various exposure models to three major 
cohorts in the Netherlands — an administrative cohort of 
10.8  million adults (DUELS), the European Prospective 
Investigation into Cancer and Nutrition Netherlands (EPIC-
NL), and the Prevention and Incidence of Asthma and Mite 
Allergy (PIAMA) birth cohort — to evaluate how these 
exposure models influence health effect estimates in epide-
miological studies.

For all cohort participants, the various exposure esti-
mates were assigned to the residential address at the time of 
cohort recruitment. The investigators used single-pollutant 
Cox proportional hazard models for mortality and morbid-
ity outcomes in DUELS and EPIC-NL, and linear regres-
sion and discrete-time hazard models for asthma incidence 
and lung function in PIAMA. All results were adjusted for 
age, sex, and individual and area-level socioeconomic sta-
tus. EPIC-NL and PIAMA results were further adjusted for 
various lifestyle factors. The investigators expressed the 
effect estimates using fixed increments across methods and 
method-specific interquartile ranges of exposure. In further 
exploratory analyses, the investigators examined whether 
and why effect estimates differed across exposure assess-
ment methods.

The various exposure models generally resulted in mod-
erately to highly correlated exposure predictions for BC, 
NO2, and UFPs at residential sites across the Netherlands 
(Pearson correlation > 0.7). In some cases, predicted expo-
sure levels and exposure contrasts varied widely across 
methods, with the mobile monitoring models predicting the 
higher levels and contrasts, probably related to the on-road 
monitoring. For PM2.5, the correlations among the models 
were generally lower (Pearson correlation < 0.4) and exhib-
ited low exposure contrast. PM2.5 models based on mobile 

monitoring demonstrated poor internal model performance. 
In most comparisons, the investigators observed only small 
differences among the three land-use regression algorithms. 
Exposure models explained a low-to-moderate amount 
of spatial variance in UFP and NO2 measurements at the 
new validation sites, and a positive bias (overestimation) 
was reported across all models. Most models explained a 
moderate amount of spatial variance in past exposures at 
existing validation sites for BC and NO2 and explained less 
variance for UFPs. Most models predicted past exposures of 
PM2.5 poorly, possibly due to small variability. The addition 
of low-cost sensor data did not improve NO2 estimates in 
models that combined dispersion model estimates and data 
from the routine national monitoring network.

The application of various exposure assessment 
approaches in health studies yielded similar findings regard-
ing associations with mortality and morbidity outcomes, 
albeit with sometimes notable differences in association 
magnitude – but not the direction. Positive (adverse) associ-
ations were observed most clearly in DUELS with positive 
associations found across models for all four pollutants for 
nonaccidental mortality and to a lesser extent in PIAMA, 
which found statistically significant positive associations 
with asthma incidence and reduced lung function in most 
models. Null or sometimes even negative associations with 
nonaccidental mortality and incidence of coronary events 
and stroke were reported in the EPIC-NL cohort. There 
were no consistent differences in associations between 
exposure assessment approaches based on mobile monitor-
ing, fixed-site monitoring, or dispersion models. Factors 
that did explain some of the heterogeneity of the associa-
tions included the performance of the model at external vali-
dation sites and the predicted exposure contrast. The year of 
the exposure model did not explain the heterogeneity, and 
the investigators documented stable spatial contrasts over a 
10-year period in a subset of models with multiyear predic-
tions available for BC, NO2, and PM2.5.

European Study Incorporating Personal Exposure 
Data

Katsouyanni and colleagues evaluated whether estimates of 
long-term personal exposure to outdoor air pollution in Lon-
don, United Kingdom, yield more accurate and precise esti-
mates of the health effects than alternative approaches [15]. 
They leveraged personal exposure data from four earlier 
studies carried out between 2015 and 2019. These studies 
were conducted during different periods, covered different 
pollutants, used different instruments for a given pollutant, 
and featured participants of various ages including chil-
dren and older adults (Supplementary Materials Table S1). 
The sample sizes ranged from 38 to 164 participants. The 
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duration of monitoring per participant ranged from an aver-
age of 4.5 days to 144 days.

The investigators used those data to estimate annual 
exposures to outdoor-generated PM2.5, NO2, ozone (O3) and 
BC for participants in each study by estimating infiltration 
of outdoor pollution to indoor environments and accounting 
for daily mobility patterns. In the absence of paired indoor 
and outdoor measurements, infiltration efficiency was esti-
mated using a dynamic mass balance model.

For comparison, they assigned alternative estimates of 
exposures to the participants using existing exposure models 
and datasets, namely, measurements at nearby government 
air quality monitoring sites, Spatio-Temporal Exposure 
Assessment Methods (STEAM) models of outdoor pollu-
tion levels that combined land-use regression models and air 
pollution dispersion estimates (and satellite data for PM2.5 
only), and models that combined ambient concentration 
estimates with typical time-activity patterns and pollutant 
concentration adjustments for indoor and vehicle microen-
vironments (London Hybrid Exposure Model, LHEM). The 
investigators then estimated the magnitude of measurement 
errors between the exposure estimates derived from the per-
sonal exposure measurement studies (which they call “true” 
exposures) and the various alternative exposure estimates. 
In practice, however, personal exposure to air pollution 
strictly from outdoor sources cannot be observed directly 
and, thus, “true” exposure is challenging to estimate.

To explore potential biases, Katsouyanni and colleagues 
conducted simulation studies to assess the effect of esti-
mated exposure measurement error on mortality risk esti-
mates. They used the data and information obtained from 
the analyses described to derive and apply two advanced 
statistical correction methods: simulation extrapolation 
and regression calibration. To inform the measurement 
error correction, they used personal exposure estimates 
derived using data from the COPE study on older adults 
with chronic obstructive pulmonary disease (COPD), which 
had the longest duration of measurements. Finally, they 
examined associations between the alternative exposure 
estimates and various mortality and morbidity outcomes in 
about 62,000 participants from the UK Biobank cohort who 
lived in London. The exposure estimates were assigned at 
baseline (2006–2010), and participants were followed up 
until 2024. They used Cox proportional hazards models and 
adjusted for various confounders, including smoking and 
socioeconomic status, and measurement error.

The investigators reported that exposure to outdoor-
generated air pollution accounted for a large proportion of 
participants’ total personal exposure in the four personal 
air pollution exposure measurement studies (ranging from 
41 to 85%). They reported that the annual mean expo-
sure estimates assigned by approaches relying on ambient 

concentrations were much higher than those estimated 
from personal exposure measurement studies. Spearman 
correlations between the annual mean exposure estimates 
from the personal measurement-based studies and the 
alternative exposure estimates were generally low ranging 
from − 0.19 to 0.21 across pollutants and personal expo-
sure studies.

Across the simulation studies, the resulting biases in 
health effect estimates from using alternative exposure esti-
mates in place of the “true” estimates from the personal 
exposure measurement studies were consistently large and 
consistently in a direction toward smaller estimated health 
effects. In analyses using the UK Biobank cohort, the inves-
tigators found little convincing evidence of associations 
between health outcomes and any of the estimated expo-
sures in uncorrected models. Many of the hazard ratios 
approached 1.00, and only very few achieved statistical sig-
nificance. Notably, however, effect estimates increased by 
two to four times in magnitude in many cases (but remained 
statistically nonsignificant) when adjusted for measurement 
error using either correction method.

Discussion

The simultaneous funding and collaboration among the 
investigators fostered synergies among the teams and 
facilitated methodological developments to improve expo-
sure assessment. A particularly strong aspect of the studies 
was the leverage of a wealth of air pollution and health 
data and where needed, extensive new data collection. The 
extensive year-long mobile monitoring campaigns in two 
of the studies were an advance over prior work, covering 
multiple times of day, including early morning and late 
evening hours, weekdays, and weekends — thus including 
those times of day when people might be more likely to be 
at home — and all four seasons. Many other mobile moni-
toring campaigns have collected less data, sampled during 
more restricted periods, such as business hours only, or 
had short monitoring durations lasting only a few weeks 
or months [24].

The extensive modeling of air pollution exposure and 
rigorous evaluation of model performance are further 
strengths of the studies. The comparison of a large suite of 
exposure models commonly used in epidemiological stud-
ies was notable, making the results relevant and widely 
applicable. The studies included a variety of exposure 
models such as land-use regression models, universal krig-
ing models, machine learning models, dispersion models, 
and hybrid models that combined monitoring data, land 
use data, satellite observations, and estimates from chemi-
cal transport models. The large number of geographical 
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covariates available for inclusion in the models was also 
notable. Further, the investigators reported several mea-
sures of model performance to test accuracy and pos-
sible bias — thereby providing an in-depth performance 
assessment.

The application of various exposure models to health 
outcomes was another strength. The investigators applied 
exposure estimates to diverse population-based cohorts in 
North America and Europe. These cohorts differed in size, 
population, location, health outcomes, and study period. 
In particular, the health analyses using very large admin-
istrative cohorts (up to 10.8 million in DUELS, essentially 
all Dutch adult citizens aged 30 years or older) formed by 
linking census data, population registries, and death reg-
istries were considered informative. The inclusion of both 
mortality and morbidity outcomes and the availability of 
lifestyle factors (e.g., smoking and diet) in smaller cohorts 
(e.g., SAPALDIA, EPIC-NL, PIAMA), were also noted as 
strengths.

The studies addressed critical research gaps in under-
standing the health effects of long-term exposure to UFPs 
and BC, for which the evidence base is still limited, partly 
due to the lack of comprehensive routine monitoring. Dozens 
of peer-reviewed papers have been published by the study 
teams, many in high-impact journals such as The American 
Journal of Respiratory and Critical Care Medicine [25] and 
Environment International [26]. The Sheppard study alone 
produced at least 13 papers, as documented in the report’s 
annotated bibliography [12].

Across the studies, common limitations included the 
short duration and limited number of samples available for 
validation, and the temporal misalignment between health 
outcome data versus recently acquired air pollution mea-
surements for exposure modeling. These and other aspects 
of the study designs, approaches, and interpretations of the 
findings are discussed in the following sections.

Challenges With Mobile Monitoring

The Weichenthal study featured an extensive, year-long, 
mobile monitoring campaign, even so only 100-m road seg-
ments were, on average, visited on 10 different days with 
about 6  s of observation per visit. That equates to a total 
sampling duration of about 60 s per year at each road seg-
ment. Longer monitoring times might have provided more 
stable estimates of annual average UFP and BC levels but 
would likely be cost-prohibitive. On the other hand, in a 
detailed comparison using Google Street View cars in Oak-
land, California, it was documented that only four to eight 
repeat visits per 30-m road segment produced robust long-
term nitrogen oxide and BC exposure models [27, 28]. Note 
that UFPs were not measured in the Oakland study. Similar 

evaluation studies reported the need for at least 12 visits 
for stable UFP models [29], in line with the findings from 
the Sheppard study [12]. How many times a street segment 
needs to be measured for use in health studies depends 
on the location including the temporal variability of local 
sources of air pollution, among other factors [30].

The investigators in the Sheppard study further empha-
sized the importance of including samples beyond busi-
ness hours, including extended times of the day and 
weekends [12]. Most campaigns have sampled during 
typical business hours because a technician is required 
to operate the monitoring platform, potentially introduc-
ing bias in characterizing the long-term average [24, 30]. 
Opportunistic mobile monitoring, for example, on pub-
lic transportation might be promising to extend this time 
window to weekend days, holidays or night hours [30]. 
Notably, the study by Hoek and colleagues did not find 
differences in effect estimates when comparing models 
based on weekday mobile monitoring between the hours 
of 9 a.m. and 4 p.m. versus monitoring between 8 a.m. 
and 10 p.m [14]. However, Hoek did not have access to 
a mobile monitoring study that covered 24  h a day and 
lacked weekend days, limiting the comparison. A limita-
tion across all studies is that the studies did not capture 
short-term high air pollution exposure because exposures 
were averaged over one or more years. It is unclear how 
individual or repeated short-term high-intensity air pol-
lution exposure events influence long-term exposure and 
health estimates.

A fundamental challenge with mobile monitoring is that 
it is difficult to separate temporal and spatial variation, as 
the platform moves in both time and space. To enable bet-
ter comparison of mobile measurements sampled at dif-
ferent times of day, some mobile monitoring studies have 
used fixed-site monitor data for the temporal adjustment, 
although questions remain about whether one or a few 
fixed-site monitors can sufficiently represent UFP and BC 
temporal patterns over space [24]. The absence of fixed-
site monitor data in both new mobile monitoring studies 
(Sheppard and Weichenthal) prevented such a temporal 
adjustment. Instead, the Weichenthal study relied on meteo-
rological data for the temporal adjustment, and the Shep-
pard study explored the use of simulated UFP data at an 
urban background site. Moreover, the absence of fixed-site 
monitor data in both mobile monitoring studies (Sheppard 
and Weichenthal) hampered an evaluation of how well on-
road measurements represent outdoor concentrations at off-
road residential locations. Typically, on-road measurements 
are higher than the off-road air pollution values immediately 
outside residences in the range of 20 to 30% between on-
road and off-road measurements, but the amount of overes-
timation depends on the setting and pollutant [30].
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Mobile monitoring studies need to pay particular atten-
tion to extreme values and remove the influence of nearby 
polluting vehicles, while taking precautions to avoid self-
contamination. Hence a rigorous process is needed to reduce 
the influence of potential extreme values and increase data 
evenness. The Weichenthal mobile monitoring campaigns 
positioned the sampling inlet to minimize self-contamina-
tion and computed median values to avoid outliers. The 
Sheppard study took three steps to reduce the influence of 
possible extreme values: they calculated medians for each 
visit (or segment), winsorized across all visits for each site 
(which replaces values at the tails of the distribution with a 
fixed percentile value), and then log-transformed the data 
for subsequent exposure modeling. A sensitivity analy-
sis investigating how removing possible extreme values 
affected the subsequent exposure models was included in a 
paper resulting from this work [31].

Limitations in the Validation Data

Validation of long-term exposure models involves spatial 
comparison between modeled and measured concentra-
tions. Temporal comparisons using a single or a few routine 
monitoring sites cannot inform how well a model performs 
spatially. Hoek and Katsouyanni’s studies leveraged numer-
ous datasets and conducted particularly extensive validation 
efforts but nevertheless faced some limitations. The utility 
of new validation data collected in the Hoek study was lim-
ited by the short duration of the measurements, non-simul-
taneous sampling necessitated by limited equipment, and 
the small number of repeated measurements for different 
seasons. Some existing validation datasets used in the Hoek 
study were hampered by similar issues and compounded by 
differences in equipment and monitoring strategies. Similar 
limitations were noted in the Katsouyanni study, as several 
of the personal exposure datasets they used included mea-
surements collected over only a few days. Those issues lim-
ited the ability to reliably extrapolate the measurements to 
annual mean exposures and then compare them with predic-
tions from annual average air pollution exposure models.

Indeed, in the Hoek study, large temporal variation was 
evident for all four pollutants in the new measurement data, 
even after accounting for temporal differences between 
measurement weeks using a reference site. Moreover, the 
investigators did not interpret the data for BC and PM2.5 
because of the low spatial correlation between the first and 
second week of measurements. The comparisons using 
existing external validation data were limited by similar 
temporal coverage issues when testing the first Europe-wide 
UFP model [32]. There is a clear need for more research 
and investment in validation datasets for long-term expo-
sure studies.

Long-term Temporal Stability of UFP Spatial 
Contrasts

A key challenge, especially for UFP, is predicting histori-
cal exposure contrasts relevant to epidemiological studies, 
which is difficult due to the lack of historical time-series 
measurements across many locations. The temporal mis-
alignment between health outcome data versus recently 
acquired UFP data for exposure modeling was apparent in 
the approaches using mobile monitoring and low-cost sen-
sor data, both approaches made possible by new measure-
ment technologies. In Sheppard’s application to the ACT 
study, the UFP models used were based on mobile mea-
surements that were conducted up to 25 years after the end 
of the health outcome follow-up. In the Weichenthal and 
Hoek studies, shorter mismatches were noted for the mod-
els based on mobile monitoring, up to 5 years.

The Weichenthal study with CanCHEC applied a back-
casting procedure using supplemental nitrogen oxide emis-
sions and traffic data to partially address the lack of UFP 
and BC data for earlier years [11]. This approach represents 
an advance over most other studies. However, because data 
were lacking to evaluate the backcast surfaces, this proce-
dure could introduce uncertainty that could affect the expo-
sure and health estimates in unpredictable ways, depending 
on the quality of the data and modeling techniques used and 
how well nitrogen oxide emissions and traffic volume cor-
relate with UFPs and BC.

Without a backcasting procedure, the assumption is 
that air pollution surfaces remain constant over time. This 
assumption is questionable because air pollution concen-
trations have been declining over the past few decades in 
many high-income countries, due largely to successful air 
quality regulation and subsequent reductions in emissions 
from major air pollution sources, including transportation 
and power generation [2, 3, 4, 5, 33].

This temporal misalignment between the period cap-
tured by the mobile measurements and the exposure win-
dow most relevant for epidemiological purposes is also 
apparent in some other cohort studies investigating UFPs 
[34, 35, 36, 37, 38]. The temporal mismatch in other stud-
ies is typically up to 10 years after the end of follow-up. 
The ability of the UFP model to assign historical exposure 
was evaluated in Amsterdam, the Netherlands, where an 
R2 value of 0.36 was reported when using models to pre-
dict measurements collected about 10 years earlier [39]. 
A similar evaluation using various historical datasets was 
conducted for the Europe-wide UFP model, which was 
based on mobile monitoring data from 2018 to 2024 data. 
R2 values ranged from 0.25 to 0.70 when applying the 
model to predict measurements collected between 3 and 
20 years earlier, with no apparent temporal transferability 
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pattern [32]. For example, the lowest R2 values were 
reported for the model to predict measurements collected 
20 or 4 years earlier in Amsterdam or Rome, respectively, 
and the highest R2 value was observed for data collected 
6 years ago in Switzerland [32]. UFP exposure models 
appear to have moderate temporal transferability across a 
5 to 10-year time span, but this needs verification in other 
settings.

Impact of the COVID-19 Pandemic

Several setbacks, including some related to the COVID-
19 pandemic, led to substantial changes to the originally 
intended study scopes. The impact was particularly appar-
ent in the De Hoogh study, which had to postpone track-
ing campaigns until COVID-19 restrictions were lifted 
so that eventually only a small convenience sample was 
obtained. Hence, the investigators decided to use the 
tracking data only to evaluate the agent-based model-
ing, rather than to inform the model directly. The evalua-
tion of the agent-based modeling using tracking data was 
inherently limited because the convenience sample was 
not as representative as intended of the general popula-
tion, cohort participants, and pre-pandemic activity pat-
terns. In the Hoek study, the collection of new monitoring 
data to validate the models had to be postponed, result-
ing in fewer measurements than originally planned. In the 
Weichenthal study, the mobile monitoring campaign was 
conducted during the pandemic, thus caution is warranted 
in generalizing those findings, and the originally planned 
extensive fixed-site monitoring for model development or 
evaluation was not achieved. In the Katsouyanni study, 
the likely atypical patterns of exposure that might have 
occurred during the period of the COVID-19 pandemic in 
the application to the UK Biobank cohort were ignored. 
The findings in the Sheppard study were not affected by 
the COVID-19 pandemic in 2020 because monitoring was 
completed before that time and only historical health data 
were used.

The COVID-19 pandemic led to unprecedented restric-
tions that dramatically reduced global and local travel, shut 
down schools and businesses, and halted some industrial 
activity. The decrease in transportation and non-essential 
business activities during the COVID-19 lockdowns tempo-
rarily led to a substantial reduction in air pollution in many 
countries, particularly NO2, and, to a lesser degree, PM2.5 
[40, 41]. As has now been established, these changes were 
only temporary. As restrictions have lifted, emissions have 
risen, erasing improvements in air quality. Nonetheless, the 
profound impact of human activity levels on air pollution 
underscored what is possible and inspired renewed calls for 
cleaner air in the long term.

Use of Real-world Data Versus Simulations

The HEI-funded studies used either real-world health out-
come data or a combination of real-world data with simu-
lations to evaluate how the different exposure estimates 
influence health effect estimates. An advantage of using 
simulated data is that the underlying “true” health effects 
are known in that scenario, allowing one to test a single 
feature (e.g., exposure measurement error) systematically 
while holding all other conditions constant. The challenge 
with simulation studies is that they might not adequately 
represent the real world, which is complex, and that many 
different scenarios might be necessary. Both approaches 
have their pros and cons; the use of both approaches in the 
Katsouyanni study was considered a strength.

In Sheppard’s application to the ACT study, the null find-
ings from the reference exposure model using confounder 
model 2 hampered the assessment of the influence of sam-
pling design on health estimates using different exposure 
estimates. Some carefully designed simulations would have 
been informative to evaluate how the different exposure 
estimates influence health effect estimates. Likewise, in the 
Katsouyanni study, the largely null findings in the analy-
sis of the UK Biobank cohort uncorrected for measurement 
error hampered the evaluation.

Lessons Learned and Remaining Areas for 
Future Research

HEI seeks to embark on the next stage of innovative and 
policy-relevant science, integrating valuable lessons learned 
from this research initiative into the new research. We 
describe below several areas of potential interest. We note 
that our suggestions for future research are largely focused 
on high-income countries and that research needs in low-
and-middle income countries are generally quite different 
[42].

UFPs and BC: Emerging Evidence for Health Effects 
and Regulations

Current evidence on the long-term health effects of UFPs is 
limited, and existing studies have not established definitive 
evidence for independent health effects of UFPs from PM2.5 
[3, 4]. Hence, there are no specific ambient air quality stan-
dards or guidelines for UFPs and BC, and regulatory agen-
cies do not commonly measure them. Although the WHO 
did not develop air quality guidelines for UFPs and BC, it 
did provide “good practice statements” for these pollutants 
geared toward additional monitoring, mitigation, and epi-
demiological research [5]. Following WHO’s guidance, the 
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new Ambient Air Quality Directive in Europe will improve 
the harmonization and availability of UFP measurements 
across member states, enabling consistent data collection 
for future Europewide models [43]. The new Directive 
includes requirements to monitor ambient air concentra-
tions of UFP and particle number size distribution in urban 
supersites, as well as UFP concentrations in rural areas and 
pollution hotspots, including roadways with heavy traffic, 
airports, ports, industrial sites, among others [43].

The Directive defines UFP as particle number concentra-
tions per cubic centimeter for a size range with a lower limit 
of 10 nm diameter and no upper limit [43]. This formal defi-
nition is important because, to date, no standard methods 
for characterizing UFP have been established, which ham-
pers research and regulation. The lower size limit is critical 
because most UFPs are smaller than 20 nm, and even small 
differences in the low cut-off point in the 20 nm range can 
lead to substantial differences in particle number concen-
trations. The lower particle cut-offs of different instruments 
vary considerably, typically ranging from 2  nm to 20  nm 
[44]. The HEI-funded studies that included mobile monitor-
ing for UFPs used multiple instruments with lower size cut-
offs of 10–20 nm. Sheppard and colleagues used data from 
two different instruments (P-Trak and a NanoScan) with dif-
ferent size cutoffs for separate portions of their study and 
found some differences in resulting exposure estimates but 
similar spatial patterns.

Although no long-term study was identified in the HEI 
2013 review [44], Ohlwein and colleagues identified 10 epi-
demiological studies that examined long-term UFP expo-
sures [45], with only one study on mortality [46]. In a more 
recent review, Bergmann and colleagues identified 85 long-
term studies published between 2011 and 2024, eight of 
which examined mortality [47]. See Supplementary Materi-
als Table S2 for a summary table of the identified studies in 
the Bergmann review in general populations investigating 
total, cardiovascular or respiratory mortality [25, 37, 46, 
48, 49]. Note that the analyses described in the Bauma [48] 
and Lloyd [25] papers were derived from the HEI studies of 
Hoek and Weichenthal, respectively. The Hoek study found 
positive associations between UFP and mortality in the 
DUELS cohort that were robust across exposure estimation 
approaches. The Weichenthal study found positive associa-
tions between UFP and mortality in the CanCHEC cohort 
for Toronto and Montreal, with stronger associations after 
adjusting for average UFP size.

The current HEI studies add to the small evidence base, 
but a clear research gap remains, and additional long-term 
studies on UFP and health outcomes are needed. The lack 
of long-term UFP studies was also flagged in a 2022 HEI 
systematic review, which identified only 10 studies focused 
solely on traffic-related air pollution from road transport 

using strict exposure criteria [23]. An area largely unex-
plored by epidemiology is whether the health effects of 
UFPs differ across emission sources (e.g., airports, ports, or 
road transport) and chemical composition [50], or size dis-
tribution [11]. Routine, long-term monitoring of UFPs and 
BC would be valuable to support such studies. There are 
promising nation-wide models available [32, 51] that might 
facilitate large-scale multicenter studies to investigate the 
long-term health effects of UFP exposure in the near future.

Compared to UFPs, there is more literature on the long-
term health effects of BC, but similar questions remain as 
to the independent health effects of BC, particularly given 
the often-high correlation with UFPs, NO2, and other com-
bustion-related indicators [23, 52, 53, 54, 55]. BC is get-
ting attention as a “superpollutant” alongside methane as it 
contributes significantly to global warming and has a short 
atmospheric lifetime. Several countries just launched the 
first coordinated effort to cut BC emissions with a new ini-
tiative called the “Super Pollutant Country Action Accelera-
tor” at COP30 in Belem [56].

Focus on People’s Mobility

Like many other outdoor air pollution and health studies, 
three (Hoek, Sheppard and Weichenthal) of the five stud-
ies in the HEI initiative only focused on estimating outdoor 
concentrations at residential locations. The justification for 
this approach is that a substantial proportion of time is spent 
at home, and information on time spent outside the home 
is typically not collected in epidemiological studies and is 
not available in administrative databases [57]. However, 
transport microenvironments (e.g., within different modes 
of transportation) tend to have higher air pollutant concen-
trations than other settings that most people encounter in 
their daily lives. Although commutes are typically brief, 
they might substantially contribute to total daily exposure 
and inhalation of air pollutants [22, 58, 59].

Steps toward assessing personal exposure to outdoor pol-
lution include accounting for individual time–activity pat-
terns, including commuting and time spent at nonresidential 
locations, rather than only residential addresses. Outdoor 
and indoor concentration measurements can be paired to 
estimate infiltration factors. These steps are challenging, 
costly, and demanding to perform for large cohorts, and thus 
have understandably been beyond the scope of most studies.

Lack of consideration of infiltration rates and time–activ-
ity data introduces exposure measurement error, which is 
often assumed to bias estimates of outdoor air pollution 
and health estimates toward the null, although the nature 
of the potential bias is not fully known [60, 61]). A similar 
“bias to the null” pattern was observed in the simulation 
studies conducted by Katsouyanni and colleagues, in which 
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alternative (e.g., outdoor residential) exposure estimates 
yielded smaller effect estimates than those that considered 
daily mobility patterns and the infiltration of outdoor pollu-
tion into indoor environments.

The de Hoogh study was specifically designed to evalu-
ate whether long-term exposure estimates that account for 
people’s mobility would improve exposure and health esti-
mations. The results suggested that neglecting time away 
from home might not introduce substantial bias in epidemi-
ological studies. Similar findings were reported in a recent 
review that documented health effects across studies using 
residential versus time-activity-integrated air pollution 
exposure estimates in a small body of literature [57] and 
corroborated also in a recent study using Medicare data in 
the United States [62].

Limitations of the de Hoogh study include that the eval-
uation of the agent-based modeling was limited because 
of the small convenience sample. Furthermore, workplace 
locations were estimated rather than known, and the study 
did not incorporate pollutant infiltration rates into homes 
or other buildings or account for exposure induced by dif-
ferent modes of transportation. These factors add uncer-
tainty and measurement error to the mobility-enhanced 
exposure estimates, sometimes in unpredictable ways. For 
example, an HEI study in Hong Kong found that when pol-
lutant infiltration indoors was taken into account, mobil-
ity-enhanced exposures were on average about 20% lower 
than residential exposures because infiltration of outdoor 
air pollution was higher in residences than in commercial 
buildings [63]. On the other hand, depending on the trans-
portation mode used (e.g., car, bus, bicycle, or walking), 
commuting can increase exposures by as much as 400% 
compared to typical urban background concentrations 
[58]. Moreover, exposure can vary by transportation mode 
and by pollutant, as motorized modes (cars, motorcycles, 
buses, tram, rail, and subway) tend to have higher air pol-
lutant concentrations of gaseous pollutants, such as NO2, 
than active modes (cycling and walking). For particulate 
matter, the results varied by particle size and transporta-
tion mode [64, 65]. It is important to note that cumula-
tive exposure and inhaled dose during commuting might 
also vary between transport modes, due to differences in 
route length and duration, and increased inhalation rates 
for active modes of transport [66, 67].

Although the finding that accounting for mobility might 
not be an important consideration is reassuring, a direct 
assessment from a personal exposure model would provide 
further insights and further research is needed — especially 
research about pollutants other than PM2.5 and NO2 and 
in other locations and populations — to examine fully the 
added value of collecting mobility information on a large 
scale in air pollution cohort studies.

Accounting for Exposure Measurement Error in 
Health Analyses

Methodological complexity and lack of data prevented three 
of the five studies in the HEI initiative from propagating 
exposure measurement error into the health effects esti-
mates. Only a very limited proportion of air pollution epide-
miological studies apply bias-correction methods to account 
for measurement error [68, 69]. Each correction method 
relies on large assumptions that yield different advantages 
and disadvantages, and their complexity hinders widespread 
application.

Two HEI studies (Katsouyanni and Sheppard) adjusted 
for exposure measurement error in the health analyses. 
Sheppard used a nonparametric bootstrap approach that is 
complex and computationally demanding as the approach 
also requires the simulation of the exposure surface, not 
just correction in the epidemiological analysis stage. Hence, 
bootstrap approaches cannot be applied in very large 
administrative cohorts. Also, bootstrap approaches rely on 
the assumption of spatial “compatibility” of monitoring 
sites and cohort locations (which was part of the design of 
the Sheppard monitoring campaign), whereas in practice, 
spatially misaligned exposure data is more common. Kat-
souyanni used simulation extrapolation and regression cali-
bration, both of which entail their own strong assumptions 
and simplifications. Importantly, with the exception of boot-
strap approaches, measurement error correction methods 
typically rely on the existence of a “gold-standard”, which 
is true long-term personal exposure to outdoor air pollution. 
Such a gold standard is nearly impossible to obtain.

The Katsouyanni study demonstrated some of the dif-
ficulties in obtaining a “true” measure. Even with excep-
tionally long and detailed personal monitoring data for 
the London study area, major assumptions still had to be 
made to estimate long-term personal exposures to outdoor 
air pollution, which adds uncertainty. In practice, however, 
true personal exposure to outdoor air pollution cannot be 
observed directly. Measurement errors derived between 
so-called “true” and other estimated exposures to air pollu-
tion might be related to many different issues, including the 
reliability and validity of measurement instruments, meth-
ods for estimating infiltration efficiency, and incomplete 
information about where people spend their time. Personal 
exposure studies are generally limited to small numbers of 
participants, raising concerns about representativeness.

Accounting for the inherent (spatially varying) uncer-
tainty and biases in modeled estimates of air pollution expo-
sure remains largely an unresolved problem in air pollution 
epidemiology [61, 68], and advances in this area are much 
needed. Additional future work in this field might also con-
sider applying such correction methods to epidemiological 



1 3

   38   Page 14 of 19 Current Environmental Health Reports           (2026) 13:38 

models that simultaneously consider multiple pollutants. 
More work may also be needed to consider spatially cor-
related exposures that might either confound or modify 
the health effects of air pollution, such as noise and lack of 
green space [70].

For the multi-pollutant analyses in the current initiative, 
the investigators added up to four pollutants as potential 
confounders in the health model typically as linear terms. 
These models help understand how pollutants affect the risk 
when additional adjustments for other pollutants are being 
made, but they might not adequately capture the complex 
relationships among the different pollutants. The develop-
ment of statistical approaches to address multi-pollutant 
mixtures and multiple exposures remains an active area of 
research, and many advanced approaches have been devel-
oped, particularly for omics analyses and in studies of the 
exposome [71]. Most multi-pollutant statistical approaches 
to date, however, cannot accommodate very large datasets 
such as DUELS.

As shown by the Sheppard study, accounting for expo-
sure measurement error does not negate the importance of 
careful exposure study design. The collection of long-term 
personal measurements for large populations can be chal-
lenging but carefully designed validation subsamples might 
provide insight for exposure measurement error corrections. 
For future cohort studies, collecting more detailed informa-
tion on workplace locations, and information on time spent 
outdoors could reduce uncertainty in activity-based expo-
sure assessments.

Low-cost Sensors

Regulatory monitoring networks are sparse due to the high 
cost, complexity of the equipment, and need for trained 
operators [72]. In recent years, low-cost air quality sensors 
gained popularity for supplementing traditional regulatory 
or research-grade air quality monitoring, enhancing spatial 
and temporal coverage across the globe. Low-cost sensors 
have made it possible to gather real-time air pollution data 
at a high spatial resolution and increase public awareness 
and public information if the data are made publicly avail-
able [73]. Additionally, low-cost sensors are relatively easy 
to operate, allowing non-technical users, such as commu-
nity groups and individuals, to participate in air quality 
monitoring. Hence, the application of low-cost sensors is 
only set to grow.

Low-cost sensors only played a modest role in the HEI 
initiative. Their application was primarily limited to testing 
the added value of low-cost sensor data in hybrid exposure 
models that combined data from regulatory monitors and 
other research-grade monitors or other data sources (e.g., 
dispersion model estimates). Unsurprisingly, the added 

value of low-cost sensor data is diminished when a large 
amount of spatial information is already available in the 
model from many additional locations and data sources. 
Sheppard and colleagues found that low-cost sensor data 
deployed at ACT-participants’ residences improved expo-
sure estimates for PM2.5 but had little effect on estimates 
for NO2. Hoek and colleagues saw little improvement in 
exposure estimates for PM2.5 or NO2 when low-cost sensor 
data were used together with dispersion modeling or data 
from the regulatory monitoring network. They noted that 
although equipment costs were low, a large personnel effort 
was needed to calibrate and maintain the sensors.

Despite the appeal and advances, uncertainties and limi-
tations of low-cost sensors — most importantly, their lower 
accuracy compared to reference instruments — remain. 
Known limitations include interferences from environmen-
tal conditions such as temperature, humidity, cross-sen-
sitivities with other gases, and a low signal-to-noise ratio. 
Low-cost sensors must therefore be calibrated for their data 
to be incorporated into exposure models, and this might 
take substantial time and effort. The U.S. EPA has estab-
lished performance assessment protocols for low-cost sen-
sors measuring PM2.5, ozone, and other pollutants [74, 75, 
76]. Those protocols provide information on collocation, 
calibration, performance evaluation, and deployment. Com-
mon protocols are needed given the variety of techniques 
currently deployed [77]. Additional ethical, privacy, logisti-
cal, and data-science challenges remain as areas for further 
research [73].

Harnessing Machine Learning for Environmental 
Epidemiology

So far, linear regression methods have been the most popu-
lar techniques for developing land-use regression models 
to estimate outdoor air pollutant concentrations in epide-
miological studies [9]. In recent years, the use of machine 
learning methods for air pollution modelling has rapidly 
increased to address outliers, complex nonlinear relation-
ships, and highly correlated predictors. Potential limitations 
of machine learning methods include the need for large 
numbers of variables for prediction, which might not be 
available in all study areas or time periods, and high com-
putational resource needs. The parameters used to predict 
exposures are less interpretable than standard regression-
based approaches [78].

To date, whether machine learning methods outperform 
linear regression methods is unclear. Differences in per-
formance between machine learning and more established 
land-use regression models were modest in the HEI ini-
tiative, suggesting that both approaches can be used inter-
changeably. The Weichenthal study found generally similar 
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exposure estimates using a convolutional neural network 
operating on aerial images in comparison to estimates from 
a traditional land-use regression framework but suggested 
the neural network approach would be valuable for loca-
tions without extensive traffic or land use data. Hoek and 
colleagues found little difference between supervised linear 
regression, random forest and Least Absolute Shrinkage and 
Selection Operator algorithms across a variety of exposure 
estimation approaches using different input datasets. The de 
Hoogh study found that a random forest algorithm modestly 
outperformed supervised linear regression, while the Shep-
pard study found a universal kriging approach performed 
slightly better than the machine learning models they tested.

These findings contrast with a recent review that reported 
that machine learning models outperformed the traditional 
linear models by 0.12 (R2) [79]. The superior performance 
of machine learning models was observed with varied study 
designs and methods, different spatial extents (from urban to 
global), temporal resolutions (from hourly to annual), moni-
toring types (mobile and fixed), and algorithms [79]. Only 
few algorithms were tested in the HEI initiative, however, 
and the focus was largely on predicting spatial contrasts, 
which is most relevant for estimating long-term exposure and 
health outcomes. Indeed, spatiotemporal models (e.g., often 
used to predict hourly, daily, or monthly concentrations) 
appeared to benefit more from machine learning methods 
than spatial models (e.g., used to predict annual averages). 
A reason might be that longer averaging times can simplify 
the relationships between predictors and the pollutants, 
making it easier to model [79]. Also, findings might differ in 
different settings and might depend on whether internal or 
external validation data are used to compare model perfor-
mance. Very few studies [32, 80, 81] in the Vachon review 
used external validation datasets partly because they are rare 
for pollutants not routinely measured such as UFPs and BC 
[79]. Two of the comparisons had conflicting performance 
differences between cross-validation and external validation 
[32, 81]. Chen et al. evaluated 16 modeling techniques to 
predict PM2.5 and NO2 concentrations in Europe and found 
no performance difference between statistical and machine 
learning methods using either cross-validation or external 
validation [80].

Artificial intelligence technology, including machine 
learning methods is being increasingly adopted for envi-
ronmental health research. Artificial intelligence provides 
the opportunity to augment and accelerate research, helping 
scientists to generate hypotheses, design studies, collect and 
interpret large datasets, and gain insights that might not have 
been possible using traditional scientific methods alone. 
However, there are fears concerning loss of privacy, lack of 
transparency and accountability, increase in inequality, the 
carbon footprint and other issues affecting society [78, 82, 

83]. The use of artificial intelligence beyond machine learn-
ing models for exposure assessment was outside the scope 
of the current HEI initiative. HEI has taken various steps 
incorporating artificial intelligence technologies, including 
a recent research initiative focused on advancing satellite 
remote sensing for use in health studies [84].

Conclusion

HEI’s initiative to improve long-term exposure assessment 
of outdoor air pollution for health studies in North America 
and Europe provided valuable lessons to inform decisions 
about estimating air pollution in epidemiological studies, as 
investigators balance concerns about bias, efficiency, and 
resource needs.

Exposures predicted from the various models generally 
resulted in moderately to highly correlated exposure esti-
mates. Health effect estimates associated with the alternative 
exposures were similar, albeit with some notable differences 
in the magnitude – but not the direction — of the associa-
tions. Notably, neglecting time away from home might not 
introduce substantial bias in epidemiological studies that 
are typically focused on estimating outdoor concentrations 
at residential locations. Accounting for exposure measure-
ment error in health analyses typically led to increases in 
the magnitude of the associations and wider confidence 
intervals in simulation studies. Importantly, accounting for 
exposure measurement error does not negate the importance 
of careful exposure study design, such as including sam-
ples beyond business hours, extended times of the day and 
weekends in mobile monitoring campaigns. Further, differ-
ences in performance between machine learning and more 
established land-use regression models were modest, sug-
gesting that both approaches can be used interchangeably. 
The added value of low-cost sensor data is diminished when 
a large amount of spatial information is already available 
in the exposure model from many additional locations and 
data sources, and when the personnel effort required to cali-
brate and maintain the sensors is substantial.

Across the studies, common limitations included the 
short duration and limited number of samples available for 
validation, and the temporal misalignment between health 
outcome data and recently acquired air pollution data for 
exposure modeling. Reconciling modeled exposures with 
measured long-term personal exposure remains a challeng-
ing research topic. Future work is needed to replicate find-
ings in other studies and regions. Other areas of future work 
include generating representative validation data for long-
term exposure estimates, propagating exposure measure-
ment error more fully into health estimates, and improving 
understanding of the influence of indoor environments.
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