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A B S T R A C T   

Air pollution accountability studies examine the relationship(s) between an intervention, regulation, or event 
and the resulting downstream impacts, if any, on emissions, exposure, and/or health. The sequence of events has 
been schematically described as an accountability chain. Here, we update the existing framework to capture real- 
life complexities and to highlight important factors that fall outside the linear chain. This new “accountability 
web” is intended to convey the intricacies associated with conducting an accountability study to various audi-
ences, including researchers, policy makers, and stakeholders. We also identify data considerations for planning 
and completing a robust accountability study, including those relevant to novel and innovative air pollution and 
exposure data. Finally, we present a series of recommendations for the accountability research community that 
can serve as a guide for the next generation of accountability studies.   

Introduction 

Air pollution accountability studies examine the relationship(s) be-
tween an intervention whose intention (or consequence) is to change air 
pollution levels and downstream impacts on pollutant emissions, 
exposure, and/or health. These interventions include policy changes (e. 
g., London's congestion charging system), regulations (e.g., a lower air 
quality standard), and events (e.g., factory closure), and may be 
impacted by environmental justice issues. Accountability studies are 
useful for assessing the effectiveness of interventions and guiding plans 
for future actions. These studies are versatile and can focus on the 
impact of interventions that cover multiple spatial and temporal scales. 

For example, an accountability study could quantify the observed air 
quality changes and health benefits resulting from a national air quality 
standard, or it might focus on changes in emissions following a well- 
specified, immediate, local regulation (e.g., a regulated fuel retrofit at 
a power plant). The Health Effects Institute [1] described the steps that 
connect an air pollution intervention or a policy change with a down-
stream effect on health. These steps, called the accountability chain, 
include: Regulatory or Other Action → Emissions → Ambient Air Quality 
→ Exposure and Dose → Human Health Response (Fig. 1). 

The accountability chain has provided a framework for guiding 
accountability studies over the past two decades. In the same period, 
knowledge has increased about challenges associated with estimating 
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impacts resulting from the intervention on changes to emissions, expo-
sures, and/or health effects. In particular, downstream impacts, if any, 
from a national standard may be more difficult to identify and/or 
quantify than a well-specified local regulation because many more fac-
tors can impact the potential cause-and-effect relationship between the 
policy and downstream impacts. Hypothetical counterfactual emissions 
and air pollution exposure fields, along with literature-based concen-
tration-response functions, are often used to quantify air quality and 
health benefits of interventions [2,3]; however, these methods rarely 
assess regulatory implications on the areas and populations directly 
impacted by the intervention. Due to potentially significant costs asso-
ciated with interventions, an understanding of the benefits they do or do 
not deliver is critical feedback for policy makers. 

As an example of accountability study complexities, implementation 
of some interventions, such as the US Environmental Protection Agen-
cy's (US EPA) National Ambient Air Quality Standards (NAAQS), can 
take years and occur concurrently with local and regional actions that 
also result in changes in air pollution concentrations and/or population 
health. This makes it difficult to disentangle their respective effects. An 
additional complication relates to understanding the impact of popula-
tion changes that occur as an intervention is implemented, including 
behavior fluctuations that impact exposure or health, which may or may 
not be related to the intervention of interest. Broader socioeconomic 
shifts, including economic or social opportunities and new medical fa-
cilities, may induce differential population migration [4,5]. 

Accountability studies rely upon an evidence base that has already 
integrated and synthesized data which may be incomplete or a mix of 
modeled, observational, and interventional data at personal and 
ecological scales. Still, epidemiologists, risk assessors, and other scien-
tists conducting accountability studies should acknowledge and account 
for imperfect data, and carefully and thoughtfully select and utilize the 
most valid exposure and outcome data available. As a result, there are 
opportunities to improve the status quo. Some of the potential oppor-
tunities are included in the recent National Academies report, 
Advancing the Framework for Assessing Causality of Health and Welfare 
Effects to Inform National Ambient Air Quality Standard Reviews [6]. In 
2010, the Health Effects Institute [7] called for “a concerted effort to 
assemble and make widely available longitudinal data on major health 

outcomes, air pollution concentrations, and, critically, factors that may 
confound or modify estimates of the effects of air quality regulations.” In 
the interim, researchers have endeavored to better quantify emissions, 
air quality, and health changes associated with interventions. However, 
limitations and complications in accountability research remain. To-
day's increased availability of methods and large datasets provides an 
opportunity for renewed exploration of air pollution accountability 
methods in general, and approaches to handle temporally or spatially 
co-varying factors outside the accountability chain in particular. 

Here, we describe the outcome of a workshop (Workshop on 
Accountability in Air Pollution Regulations and Research: Advancing the 
Science on Temporality Issues; Baltimore, Maryland; April 2023) in which 
an interdisciplinary group of scientists was convened with the goals of 
examining key factors in air pollution accountability research and 
developing recommendations for obtaining and incorporating informa-
tion on those factors into future accountability research. The objectives 
of this workshop were to: 1) offer a modified accountability chain 
framework for evaluating the relationships between an air pollution 
policy change and potential downstream impacts on population health 
outcomes; 2) identify research gaps and challenges; and 3) recommend 
research to improve the design and conduct of accountability studies. 

Results and discussion 

Framework: from a chain to a web 

The accountability chain relating an air pollution intervention to 
emissions, air quality, exposure/dose, and a human health response is 
shown in Fig. 1. While elegant in its simplicity, this chain does not fully 
capture the complexities of the steps from a policy to a change in a 
health outcome. A more detailed description of the path from beginning 
to end would help to identify key research needs and assist in commu-
nicating the difficulties in performing this kind of research. Fig. 2 shows 
the adaptation of the accountability chain to an accountability web by 
highlighting the complex factors both inside and outside of the linear 
chain when linking policies and actions (blue circles) to downstream 

Fig. 1. Chain of accountability. Source: HEI Accountability Working Group, 2003 [1].  
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impacts (green circles).1 The light blue arrows connecting each circle 
provide examples of information (i.e., mediators) necessary to inform or 
predict the next circle in the central chain. Temporal changes in these 
mediators, driven by external factors (yellow boxes), can introduce error 
in estimating downstream impacts. The red boxes are factors that may 
be correlated with the policy or action of interest and have the potential 
to confound the relationship between the impact of the policy or action 
and the downstream steps. The gray dashed boxes outline broad areas 
where potential knowledge and/or data gaps exist in the accountability 
chain, specifically when considering temporal complexities [8], and the 
parts of the accountability chain most affected by such complexities. As 
shown in Fig. 2, these include 1) moving from policy to intervention; 2) 
the accurate estimation of changes in personal exposure; and 3) 
adequately characterizing the health status of the population. Failure to 
adequately understand and evaluate these factors can impact our ability 
to effectively and precisely identify and quantify the impacts, if any, of 
policy changes on emissions, exposure, and health outcomes. We 
explore these three areas as examples to highlight the intricacies of 
accountability studies. 

From regulation to intervention (Fig. 2, Box 1) 

While the original accountability chain (Fig. 1) shows regulations 
acting directly on emissions, the accountability web (Fig. 2) introduces an 
intermediate step – the active intervention taken to reduce emissions (e. 
g., installation of a pollution control device on a power plant) – that is 

both necessary and difficult to quantify. The relationship between a 
specific policy, the intervention taken, and an emissions change is 
confounded by, for example, multiple policies acting on the source of 
interest (e.g., separate federal and state rules that also apply to power 
plants); multiple organizations contributing to actions taken on the 
pollution source (such as companies, environmental regulators, utility 
commissions); varying implementation effectiveness; and costs of envi-
ronmental control decisions (Fig. 2, a.). Further, interventions taken to 
comply with regulations are not always transparent [5,9]. Some in-
terventions – for example, vehicle software modifications used to adjust 
automotive emissions controls – are not readily observable. While other 
interventions are observable (e.g., a scrubber installation or newer ve-
hicles with lower-emitting engines replace older vehicles), their rela-
tionship with a particular regulatory action may be influenced by 
various factors, including regulatory policy at multiple governmental 
levels, as well as societal and market-based drivers. 

It is also difficult to account for and quantify changes in factors 
impacting the effectiveness of the intervention on emissions (Fig. 2, i.). 
Controls on emissions are generally not directly measured (large point 
sources in the United States are an exception). They also may not work 
as efficiently as planned and can degrade. Improved quantification of 
emissions using models (as opposed to measurements) are potentially 
useful in this step. Accountability studies quantifying emissions changes 
over time could utilize satellite data and large-scale analyses of emis-
sions estimates that are then compared to observations using 
chemically-detailed observations. For example, satellite-derived emis-
sions estimation methods, which have challenges such as uncertainty 
associated with measurements and attributions, are increasingly being 
used to assess emissions changes from point and non-point sources 
[10–18]. 

Fig. 2. Adapted web of accountability. The web of accountability highlights the complex factors outside the accountability chain when linking policies and 
resulting actions (light blue circles) to emissions and exposures (dark blue circles) and eventually to downstream impacts (green circles). The light blue arrows 
connecting each circle to the next are examples of information (i.e., mediators) necessary to inform or predict the next circle in the chain. Temporal changes in these 
mediators, driven by external factors (yellow boxes), can introduce error in estimating downstream impacts. The red boxes are factors that may be correlated with the 
policy or action of interest that have the potential to confound the impact of the policy or action on the downstream steps. The gray dashed boxes outline broad areas 
where potential knowledge and/or data gaps exist, specifically when considering temporal complexities, and the parts of the accountability chain most affected by 
such complexities. Δ – change. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

1 We note that neither the chain nor the web addresses all aspects of risk 
management decision-making. 
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If one is to assess the effectiveness of a policy, it is crucial to accu-
rately characterize and quantify the regulatory impacts on both relevant 
intervention(s) and emissions. While it may not be possible to provide a 
simple answer as to why a specific control or operational framework was 
implemented to conform to air quality regulations, case studies and 
system wide analyses can help quantify changes in the first three steps in 
the accountability web. 

Estimation of personal exposure (Fig. 2, Box 2) 

Ambient concentrations of a specific pollutant naturally impact in-
dividuals' personal exposures to that ambient pollutant. Personal expo-
sures may lead to inhaled doses that may ultimately impact downstream 
health outcomes, which are of key interest for public health (Fig. 2). The 
accurate assessment of personal exposure is a well-documented limita-
tion in environmental epidemiology studies, and it persists in air 
pollution accountability studies. Data from ambient air quality monitors 
– assumed to represent the population average personal exposures – are 
often used as the measure of exposure in epidemiology studies on air 
pollution and health [19,20]. While measurements from such monitors 
can provide accurate location-specific information on ambient pollutant 
concentrations, the degree to which these data represent personal ex-
posures to ambient pollution varies due to time-activity-location pat-
terns and outdoor-to-indoor pollutant infiltration (Fig. 2). It is important 
to note that the framework of accountability studies is less focused on 
the magnitude of the relationship or the absolute differences between 
ambient concentrations and personal exposures to a specific pollutant of 
interest, and more on whether these relationships change over time and/ 
or are different between populations, which may obscure the impact of 
an intervention of interest (Fig. 2 (iii)). 

Accountability researchers often lack access to empirical data on 
factors changing over time that may impact how individuals are exposed 
to ambient concentrations. For example, personal exposures vary in 
space and time due to the combination of individuals' activities and 
emission sources impacting air pollutant levels in the different locations 
where their activities occur [21–23]. In addition, people spend much of 
their time indoors [24], and as such the fraction of ambient air infil-
trating a building (i.e., the infiltration rate) is an important factor in the 
degree of personal exposure to ambient source pollution. Some pollut-
ants, like fine particles with small size and low volatility and reactivity, 
have relatively high infiltration, while others like PM10 or ozone have 
relatively low infiltration [25–27]. Characteristics such as the air ex-
change rate can also affect how outdoor air infiltrates indoors, and in 
turn, the amount of outdoor air to which an individual is exposed 
[27,28]. In particular, air conditioning (A/C) is promoted as an effective 
climate adaptation measure, thus, the prevalence of tighter buildings is 
increasing along with, the presence of A/C in homes and indoor work-
places [29] among those who can afford it. However, existing data 
sources for these factors do not have the resolution needed for assessing 
trends over time or across geographic regions. Behaviors related to how 
and where people spend their time also change over time in relation to 
season, age, and socioeconomic patterns [30]. In recent years in 
particular, employment and labor patterns related to telecommuting and 
employment types have changed [31]. Environmental health awareness 
may have also changed over time, with more people having access to 
and being interested in air quality alerts, which may alter their behavior 
regarding time spent outdoors on high pollution days [32]. Historical 
time-activity data [24] that are often accessed for personal exposure 
estimation may no longer be accurate. While some acknowledge the lack 
of relevant data (e.g., CARB, 2021 [33]), more work is needed to char-
acterize current time-activity-location patterns. More fully assessing 
variability in personal air pollution exposure to ambient pollutants of 
concern across time, space, and populations has clear potential to inform 
epidemiological research in general and will illuminate how changes in 
ambient concentrations from policies or interventions influence health 
in accountability studies. 

Population health status (Fig. 2, Box 3) 

When estimating the downstream health impacts in an account-
ability study, it is important to consider the underlying health status of 
the study population (Fig. 2, (iv)), especially those factors that may drive 
susceptibility or vulnerability to the pollutants of concern. In particular, 
changes in the underlying health status of a population can directly 
confound the assessment of health impacts attributable to a policy- 
related change in air pollution exposure. Changes in underlying health 
status may be driven by complex sets of factors, as indicated by Fig. 2. 
For example, socioeconomic position (SEP) can impact both air pollu-
tion exposure and health status. While challenging, properly charac-
terizing SEP, and temporal and spatial changes in SEP, is critical [34]. 
Accountability studies often include measures of SEP as a proxy because 
it is highly correlated with underlying population health status and 
underlying population health status is not readily observable. However, 
as suggested by Fig. 2, numerous additional factors can impact health 
status of a population and changes in health status over time. 

Given the recent advances in data availability, accountability studies 
might be improved by direct observations and controlling for factors 
that may affect or predict underlying health status as an approach for 
reducing confounding concerns. These may include: changes in the 
population structure (e.g., immigration or emigration in or out of the 
study area over time); changes in socioeconomic status occurring over 
time (e.g., due to gentrification); temporal changes in health care access 
such as changes in health insurance, and opening/closing of health care 
facilities; or differences in co-occurring exposures including heat, pol-
len, and indoor air pollutants. 

Research recommendations 

Future successful accountability research will need to rely on 
improved data, appropriate designs and statistical methods, and 
enhanced collaboration with experts. We present here eight recom-
mendations as guides to design, conduct, and interpret future account-
ability studies. 

1. Increase multidisciplinary collaboration: Due to the multidis-
ciplinary breadth of accountability studies that address the linkages 
described by the accountability web, collaboration among air pollution 
and exposure scientists, epidemiologists, statisticians, toxicologists, and 
policymakers would facilitate the development of robust study designs, 
data analysis techniques, and policy-relevant interpretations. In addi-
tion, we recommend that future research addressing the complexities 
and challenges in accountability studies integrate scientific disciplines 
not typically included in such research, for example, social and behav-
ioral researchers (to inform areas iii and iv from Fig. 2) and exposure 
scientists (to inform area ii from Fig. 2). 

2. Invest in methods for studying local-scale policy impacts: As 
regulations to reduce emissions evolve, two major anthropogenic source 
categories – electricity-generating units and mobile sources – contribute 
less and less to overall emissions (Fig. 2 (i)). Future policies targeting 
emissions sources are expected to have increasingly smaller impacts to 
health outcomes and will likely focus more on local-scale effects [5]. 
This shift necessitates greater attention to studying specific character-
istics of local areas and populations to assess the effectiveness of these 
policies. We recommend investing in expanded and improved local 
monitoring networks that provide comprehensive spatial and temporal 
coverage in order to improve exposure measurements at increasingly 
local scales [35]. Leveraging emerging technologies like satellite remote 
sensing, sensor networks, and wearable sensors can address gaps in air 
quality monitoring network data to improve exposure assessment. 

3. Improve estimates of personal exposure: Accurately estimating 
personal exposure to ambient air pollutants of concern is a key challenge 
in accountability studies (Fig. 2 (Box 2)). Estimating personal exposure 
is complex and costly, as it requires combining ambient monitoring data 
with an understanding of pollutant infiltration into buildings (where 
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people spend most of their time) and information on individual activ-
ities. Accounting for variations in exposure over time and space poses 
further difficulties [36]. As air quality can vary substantially over small 
geographic areas and over short periods, we recommend incorporating 
high spatial and temporal resolution data to accurately measure ambient 
air concentrations [9]. Further, we recommend integrating machine 
learning to develop updated and targeted time-activity profiles, as well 
as air exchange rate models based on realistic housing conditions and 
consideration of indoor pollutant sources. Together, these data may be 
used to improve estimates of personal exposure to ambient pollutants of 
concern in the context of an accountability study. 

4.Harmonize and improve access to data resources: Data access, 
collection, and manipulation can be challenging aspects of any research 
project, including accountability research. Relevant data sources must be 
identified, and then harmonized to appropriate spatial or temporal scales. 

Innovative data sources are becoming more widely available for 
deployment in accountability research. Data gathered from satellites, 
sensors, and wearable technologies have brought significant advances in 
the scale, resolution, and quality of air pollution data available. In 
particular, satellite remote observations [11,37–41] and space-based 
observations (e.g., new missions such as TEMPO [https://tempo.si. 
edu/] and MAIA [https://maia.jpl.nasa.gov/]) provide data to inform 
top-down estimates of air emissions [10,17]. In addition, low-cost sen-
sors (such as PurpleAir) provide readily available, crowd-sourced data 
(https://www2.purpleair.com/ [42]). Intelligent (“smart”) wearable 
sensors can acquire, process, store, and transmit electrical signals 
generated by physical and/or chemical changes occurring in the envi-
ronment, making them potential tools for measuring personal exposures 
[43,44]. 

These new data along with a myriad of other data sources (de-
mographic, energy, land use, traffic) bring exciting possibilities for 
accountability research. Some of these entail developing air pollutant 
exposure fields [45–51]; allow for linking of location- and time-specific 
emissions estimates to resulting air quality; or produce estimated ex-
posures based on enhanced air quality data that can be linked to health 
outcomes (see Kim, 2020 [52]; Li et al., 2022 [53]; Xia et al., 2022 [54]). 
However, these data also bring challenges related to accuracy and us-
ability as well as ethical and privacy considerations in occupational and 
community settings. As an example, advantages and disadvantages of 
wearable sensors are provided in Supplemental Table 1. Furthermore, 
with advances in the resolution of air pollution data, attention must be 
paid to the granularity of confounder and effect modifier data because 
biased risk estimates may result from a relatively higher degree of 
misclassification in the specification of these covariates [55]. 

We recommend the development of publicly available repositories 
for information and datasets useful in accountability research. Supple-
mental Table 2 contains a library of selected data sources that could be 
incorporated into accountability studies, including air pollution data, 
health statistics, other regulatory/non-regulatory events (e.g., changes 
in motor vehicle use), population changes, SEP changes, information 
about lifestyle, health, medical practice, personal activity data, and 
changes in exposure to other sources such as indoor air pollution. 
Additionally, the research community would benefit from readily 
available data science tools for harmonizing datasets to the scales of 
interest for any given accountability study. 

5. Focus on health outcomes causally related to the ambient 
pollutant of concern: Determining health outcomes causally related to 
changes in ambient air pollution exposure can be challenging due to the 
latency period between exposure and manifestation of the health 
outcome, and general limitations of epidemiological methods. Addi-
tionally, confounding variables such as socioeconomic factors, lifestyle 
behaviors, population demographics, pre-existing health conditions, 
and co-pollutant exposures can influence both pollutant exposures and 
health outcomes [56–58]. We recommend that accountability studies 
focus on health outcomes for which there is adequate certainty in the 
causal nature of the relationship between the pollutant(s) of concern and 

the health outcome(s) examined. Researchers may refer to the US EPA 
Integrated Science Assessments for detailed syntheses and evaluations of 
the existing literature on criteria pollutants and health outcomes (http 
s://www.epa.gov/isa). 

6. Incorporate appropriate study designs and statistical tools: 
The statistical analysis and modeling techniques used in air quality 
accountability studies vary considerably depending on the particular 
focus of the study. We see the accountability web as agnostic in term of 
time scales (i.e., it is applicable to both long-term and short-term 
studies). The specific methods would be chosen based on the time 
scales involved. Accountability research can be (and has been) applied 
at multiple time scales, including from rapid interventions over a short 
time scale (e.g., for the Olympic Games) to longer term studies (e.g., 
impacts of the Clean Air Act Amendments and regulations), and the 
chosen methods should reflect this for each step. Defining a “structural” 
approach that attempts to understand the series of steps in the 
accountability web is complex due to the multifaceted nature of the is-
sues, such as differentiating the effects of a policy change from larger 
underlying background trends in air pollution emissions, and the diffi-
culty in obtaining the data required to carry out the approach. Air 
quality is influenced by complex meteorological, chemical, and physical 
processes, making it challenging to model and predict pollutant con-
centrations accurately. In addition, for epidemiological modeling, 
handling spatial and temporal correlations, accounting for confounding 
factors, and addressing uncertainties require advanced study design, 
statistical methods, and modeling approaches [59,60]. 

Studies that focus on understanding the relationship between one 
particular step in the accountability web and downstream health im-
pacts can utilize varied approaches. Methods to help disentangle inter-
vention effects from background trends, for example, include robust 
time-series analysis methods such as interrupted time series, regres-
sion discontinuity design, difference-in-differences analyses, and 
instrumental variables [61]. These approaches attempt to mimic the 
properties of randomized experiments by identifying treatment and 
control groups, such that they limit the concern for confounding when 
properly applied. Recent methodological advances have enhanced the 
options for selecting control groups to minimize potential bias, such as 
propensity score matching [62] and synthetic control methods [63]. 
With these approaches, an important step involves assessing the sensi-
tivity of estimates to potential confounding variables. With an appro-
priate control group and adequate inclusion of confounding variables, 
adding further control variables to the statistical model should have 
minimal impacts on parameter estimates (see Altonji et al., 2005 [64] 
and Oster, 2019 [65] for suggestions on implementation and 
interpretation). 

7. Distinguish between effects of simultaneous policy in-
terventions: Specific air pollutants may be targeted by several in-
terventions (and in response to multiple policies) at the same time, 
making it difficult to attribute changes to a particular policy or inter-
vention. This is further complicated when interventions occur at mul-
tiple temporal and regional scales; for example, the impact of short- 
term, localized interventions on air quality and health outcomes may 
be overshadowed by long-term and/or larger-scale interventions [5]. 
Additionally, the effects of temporary interventions may not be sus-
tained over time. This underscores the importance of working to ascribe 
changes in emissions to particular interventions and in response to 
particular policy changes (Fig. 2 (Box 1)). To address these challenges, 
we recommend researchers conduct sensitivity analyses and evaluate 
the differential impacts of multiple interventions affecting the same 
location to help disentangle their individual contributions. Alterna-
tively, researchers may consider the cumulative effects of multiple in-
terventions when evaluating long-term trends in air quality and health 
outcomes. 

8. Improve generalizability of accountability studies: All pop-
ulations are not impacted equally by a particular policy, making it 
challenging to accurately isolate the specific effects of a given 
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intervention and attribute a specific health outcome to a specific change 
in air pollutant concentration. We recommend improved techniques for 
identifying appropriate control populations, and that accountability 
studies explicitly state the population(s) or sub-population(s) to which 
their results are most relevant, as well as identify those to which their 
results may not be generalizable (or generalized with less certainty). 

Conclusions 

At the April 2023 workshop, the authors of this paper discussed the 
accountability chain that describes the relationship between the 
following steps: the intervention, followed by changes in emissions 
levels, air quality, exposure/dose, and human health responses. While it 
is impossible to not appreciate the simplicity and elegance of the linear 
chain, it does not adequately capture the real-life complexities of each 
step. We re-envisioned the chain as an accountability web, clearly 
highlighting (i) the factors outside the chain that impact accountability 
research, and (ii) the connections these factors have to each step along 
the path from policy to health response. The accountability web is 
designed to better convey the difficulties and nuances associated with 
conducting accountability studies to various audiences, including sci-
entists and researchers, policy makers, stakeholders, and others, and to 
highlight factors that should be considered when designing these 
studies. 

In developing the accountability web, we identified a number of data 
considerations for planning and completing a robust accountability 
study. First among these are the recent advances (within the last decade) 
in the scale, resolution, and quality of air pollution data available for 
accountability research. Incorporation of high-quality and well- 
validated modeled air quality data, in addition to or in place of 
measured air quality data, can greatly enhance accountability studies. 
Novel and innovative sources of exposure data can augment measured 
and modeled air quality data to provide person-level air pollutant 
exposure and health data. We note the need to test the accuracy and 
usability of wearable technology and to evaluate performance and cross- 
validations of these technologies before they are relied upon. Finally, we 
stress the importance of compiling, harmonizing, and openly sharing 
sources of air pollution data, health statistics, data describing 
regulatory/non-regulatory events (e.g., changes in motor vehicle use), 
population changes, SEP changes, information about lifestyle, health, 
and medical practices, personal activity data, and changes in exposure to 
other stressors (e.g., indoor air pollution) with the accountability 
research community. 

While we recognize that no single set of recommendations could 
realistically address all aspects of the accountability web, we hope those 
provided here will serve as guides for the next generation of account-
ability studies. 

Author contributions 

All authors participated in person in the workshop on Accountability 
in Air Pollution Regulations and Research: Advancing the Science on Tem-
porality Issues held in Baltimore, Maryland, in April 2023. The Steering 
Committee and CJB, JSL, and JEG conceived the concept and charge 
questions, with CJB, JSL, and JEG facilitating the workshop discussion. 
All authors contributed to the text of the manuscript. 

CRediT authorship contribution statement 

S. Ebelt: Writing – original draft, Writing – review & editing. L. 
Baxter: Writing – original draft, Writing – review & editing. H.S. 
Erickson: Writing – original draft, Writing – review & editing. L.R.F. 
Henneman: Writing – original draft, Writing – review & editing. S. 
Lange: Writing – original draft, Writing – review & editing. T.J. Luben: 
Visualization, Writing – original draft, Writing – review & editing. M. 
Neidell: Visualization, Writing – original draft, Writing – review & 

editing. A.M. Rule: Visualization, Writing – original draft, Writing – 
review & editing. A.G. Russell: Visualization, Writing – original draft, 
Writing – review & editing. J. Wendt Hess: Writing - original draft, 
Writing - review & editing. C.J. Burns: Project administration, Visual-
ization, Writing – original draft, Writing – review & editing. J.S. 
LaKind: Project administration, Visualization, Writing - original draft, 
Writing - review & editing. J.E. Goodman: Project administration, 
Visualization, Writing – original draft, Writing – review & editing. 

Declaration of Competing Interest 

Support for the Workshop was provided by the American Petroleum 
Institute (API). API was not involved in the Workshop deliberations nor 
in the preparation or approval of the manuscript. The authors retain sole 
responsibility for the writing and content of this paper, which represent 
the professional opinions of the authors and not necessarily those of API 
or its member companies. As Workshop facilitators, CJB, JEG, and JSL 
received compensation and travel support from API. Travel support was 
also provided to all authors except AMR, HSE, and SL. Honoraria were 
provided to SE, LRFH, MN, AGR, and JWH. JSL, JEG, JWH, and CJB 
consult to governmental and private organizations, including API, on 
issues related to air pollution epidemiology. The views expressed in this 
manuscript are those of the authors and do not necessarily represent the 
views or policies of EPA, API (or its member companies), or co-authors' 
employers. 

Acknowledgments 

We thank the Steering Committee for their insights and assistance in 
Workshop development: Lisa K. Baxter, Sc.D., US EPA; Stefanie Ebelt, Sc. 
D., Rollins School of Public Health; Daniel Greenbaum, Health Effects 
Institute; Omobola Mudasiru, DrPH ScM, American Petroleum Institute. 
We also thank Sarah Gulick for her editorial assistance. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.gloepi.2023.100128. 

References 

[1] Health Effects Institute Accountability Working Group (HEI). Assessing health 
impact of air quality regulations: concepts and methods for accountability 
research. Communication 11. Boston, MA: Health Effects Institute; 2003. 

[2] United States Environmental Protection Agency (US EPA). The benefits and costs of 
the clean air act from 1990 to 2020 final report. 2011. 

[3] United States Environmental Protection Agency (US EPA). The benefits and costs of 
the clean air act from 1990 to 2020 final report. https://www.epa.gov/sites/ 
default/files/2015-07/documents/summaryreport.pdf; 2015. 

[4] Bell M, Muhidin S. Comparing internal migration between countries using 
Courgeau’s k. In: Stillwell J, Clarke M, editors. Population Dynamics and Projection 
Methods. Understanding Population Trends and Processes. vol. 4. Dordrecht: 
Springer; 2011. https://doi.org/10.1007/978-90-481-8930-4_7. 

[5] Henneman LRF, Liu C, Mulholland JA, Russell AG. Evaluating the effectiveness of 
air quality regulations: A review of accountability studies and frameworks. J Air 
Waste Manage Assoc 2017;67(2):144–72. https://doi.org/10.1080/ 
10962247.2016.1242518. 

[6] National Academies of Sciences, Engineering, and Medicine. Advancing the 
framework for assessing causality of health and welfare effects to inform national 
ambient air quality standard reviews. Washington, DC: The National Academies 
Press; 2022. https://doi.org/10.17226/26612. 

[7] HEI (Health Effects Institute). Communication 15: Proceedings of an HEI Workshop 
on Further Research to Assess the Health Impacts of Actions Taken to Improve Air 
Quality. https://www.healtheffects.org/publication/proceedings-hei-workshop-f 
urther-research-assess-health-impacts-actions-taken-improve; 2010. 

[8] Rutter H, et al. The need for a complex systems model of evidence for public health. 
Lancet (London, England) 2017;390:2602–4. https://doi.org/10.1016/S0140-6736 
(17)31267-9. 

[9] Boogaard H, van Erp A, Walker K, Shaikh R. Accountability studies on air pollution 
and health: the HEI experience. Curr Environ Health Rep 2017;4(4):514–22. 
https://doi.org/10.1007/s40572-017-0161-0. PMID: 28988407. 

S. Ebelt et al.                                                                                                                                                                                                                                     

https://doi.org/10.1016/j.gloepi.2023.100128
https://doi.org/10.1016/j.gloepi.2023.100128
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0005
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0005
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0005
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0010
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0010
https://www.epa.gov/sites/default/files/2015-07/documents/summaryreport.pdf
https://www.epa.gov/sites/default/files/2015-07/documents/summaryreport.pdf
https://doi.org/10.1007/978-90-481-8930-4_7
https://doi.org/10.1080/10962247.2016.1242518
https://doi.org/10.1080/10962247.2016.1242518
https://doi.org/10.17226/26612
https://www.healtheffects.org/publication/proceedings-hei-workshop-further-research-assess-health-impacts-actions-taken-improve
https://www.healtheffects.org/publication/proceedings-hei-workshop-further-research-assess-health-impacts-actions-taken-improve
https://doi.org/10.1016/S0140-6736(17)31267-9
https://doi.org/10.1016/S0140-6736(17)31267-9
https://doi.org/10.1007/s40572-017-0161-0


Global Epidemiology 6 (2023) 100128

7

[10] de Foy B, Lu ZF, Streets DG, Lamsal LN, Duncan BN. Estimates of power plant NOx 
emissions and lifetimes from OMI NO2 satellite retrievals. Atmos Environ 2015; 
116:1–11. https://doi.org/10.1016/j.atmosenv.2015.05.056. 

[11] Duncan BN, et al. The observed response of ozone monitoring instrument (OMI) 
NO2 columns to NOx emission controls on power plants in the United States: 2005- 
2011. Atmos Environ 2013;81:102–11. 

[12] Jacob DJ, et al. Quantifying methane emissions from the global scale down to point 
sources using satellite observations of atmospheric methane. Atmos Chem Phys 
2022;22:9617–46. 

[13] Lu Z, et al. Emissions of nitrogen oxides from US urban areas: estimation from 
ozone monitoring Instrument retrievals for 2005-2014. Atmos Chem Phys 2015;15: 
10367–83. 

[14] Shen L, et al. Satellite quantification of oil and natural gas methane emissions in 
the US and Canada including contributions from individual basins. Atmos Chem 
Phys 2022;22:11203–15. 

[15] Shen L, et al. The 2005-2016 Trends of Formaldehyde Columns over China 
Observed by Satellites: increasing anthropogenic emissions of volatile organic 
compounds and decreasing agricultural fire emissions. Geophys Res Lett 2019;46: 
4468–75. 

[16] Silvern RF, et al. Using satellite observations of tropospheric NO2 columns to infer 
long-term trends in US NOx emissions: the importance of accounting for the free 
tropospheric NO2 background. Atmos Chem Phys 2019;19:8863–78. 

[17] Streets DG, et al. Emissions estimation from satellite retrievals: a review of current 
capability. Atmos Environ 2013;77:1011–42. 

[18] Supnithadnaporn A, Noonan DS, Samoylov A, Rodgers MO. Estimated validity and 
reliability of on-board diagnostics for older vehicles: comparison with remote 
sensing observations. J Air Waste Manag Assoc 2011;61:996–1004. 

[19] Chang HH, Fuentes M, Frey HC. Time series analysis of personal exposure to 
ambient air pollution and mortality using an exposure simulator. J Expo Sci 
Environ Epidemiol 2012;22(5):483–8. https://doi.org/10.1038/jes.2012.53. 

[20] Goldman GT, et al. Impact of exposure measurement error in air pollution 
epidemiology: effect of error type in time-series studies. Environ Health 2011;10: 
61. https://doi.org/10.1186/1476-069X-10-61. 

[21] Baxter LK, et al. Exposure prediction approaches used in air pollution epidemiology 
studies: key findings and future recommendations. J Expo Sci Environ Epidemiol 
2013;23(6):654–9. https://doi.org/10.1038/jes.2013.62. 

[22] Boomhower SR, Long CL, Li W, Manidis TD, Bhatia A, Goodman JE. A review and 
analysis of personal and ambient PM-2.5 measurements: Implications for 
epidemiology studies. Environ Res 2022;204(Part B):112019. https://doi.org/ 
10.1016/j.envres.2021.112019. 

[23] Korhonen A, et al. Analysis of spatial factors, time-activity and infiltration on 
outdoor generated PM2.5 exposures of school children in five European cities. Sci 
Total Environ 2021;785:147111. https://doi.org/10.1016/j. 
scitotenv.2021.147111. 

[24] Klepeis NE, et al. The National Human Activity Pattern Survey (NHAPS): a resource 
for assessing exposure to environmental pollutants. J Expo Anal Environ Epidemiol 
2001;11(3):231–52. https://doi.org/10.1038/sj.jea.7500165. 

[25] Allen R, Larson T, Sheppard L, Wallace L, Liu LJ. Use of real-time light scattering 
data to estimate the contribution of infiltrated and indoor-generated particles to 
indoor air. Environ Sci Technol 2003;37(16):3484–92. https://doi.org/10.1021/ 
es021007e. 

[26] Sarnat SE, Ruiz P, Coull BA, Koutrakis P, Suh HH. The influences of ambient 
particle composition and size on particle infiltration in Los Angeles, CA residences. 
J Air Waste Manag Assoc 2006;56:186–96. 

[27] Sarnat SE, Coull BA, Schwartz J, Gold DR, Suh HH. Factors affecting the association 
between ambient concentrations and personal exposures to particles and gases. 
Environ Health Perspect 2006;114:649–54. 

[28] Rosofsky A, et al. The impact of air exchange rate on ambient air pollution 
exposure and inequalities across all residential parcels in Massachusetts. J Expo Sci 
Environ Epidemiol 2019;29(4):520–30. 

[29] United States Energy Information Administration (US EIA). Today in Energy; 
Nearly 90% of U.S. Households used air conditioning in 2020. https://www.eia. 
gov/todayinenergy/detail.php?id=52558; 2022. 

[30] Wu, et al. Longitudinal variability of time-location/activity patterns of population 
at different ages: a longitudinal study in California. Environ Health 2011;10:80. 

[31] Peters, et al. Work and worker health in the post-pandemic world: a public health 
perspective. Lancet Public Health 2022;7(2):e188–94. 

[32] Mirabelli MC, Ebelt S, Damon SA. Air quality index and air quality awareness 
among adults in the United States. Environ Res 2020;183:109185. 

[33] California Air Resources Board (CARB). Framework for collecting and updating 
time activity patterns (TAPs). https://ww2.arb.ca.gov/resources/documents/fra 
mework-collecting-and-updating-time-activity-patterns-taps; 2021. 

[34] Clougherty JE, Humphrey JL, Kinnee EJ, Remigio R, Sheffield PE. What is 
“Socioeconomic Position (SEP),” and how might it modify air pollution-health 
associations? Cohering findings, identifying challenges, and disentangling effects 
of SEP and race in US City settings. Curr Environ Health Rep 2022;9(3):355–65. 
https://doi.org/10.1007/s40572-022-00359-3. 

[35] United States Environmental Protection Service (US EPA). American Rescue Plan 
(ARP). https://www.epa.gov/arp; 2022. 

[36] Samet JM. The challenges of accountability research. J Expo Sci Environ Epidemiol 
2014;24(1):1–3. 

[37] Huang R, et al. Air pollutant exposure field modeling using air quality model-data 
fusion methods and comparison with satellite AOD-derived fields: application over 
North Carolina, USA. Air Qual Atmos Health 2018;11:11–22. 

[38] de Hoogh K, et al. Spatial PM2.5, NO2, O-3 and BC models for Western Europe - 
Evaluation of spatiotemporal stability. Environ Int 2018;120:81–92. 

[39] Kloog I, Chudnovsky A, Koutrakis P, Schwartz J. Temporal and spatial assessments 
of minimum air temperature using satellite surface temperature measurements in 
Massachusetts, USA. Sci Total Environ 2012;432:85–92. 

[40] Cohen AJ, et al. Estimates and 25-year trends of the global burden of disease 
attributable to ambient air pollution: an analysis of data from the Global Burden of 
Diseases Study 2015. Lancet 2017;389:1907–18. 

[41] Brauer M, et al. Exposure assessment for estimation of the global burden of disease 
attributable to outdoor air pollution. Environ Sci Technol 2012;46:652–60. 

[42] Masri S, Flores L, Rea J, Wu J. Race and street-level firework legalization as 
primary determinants of July 4th air pollution across Southern California. 
Atmosphere 2023;14. 

[43] Shan G, Li X, Huang W. AI-enabled wearable and flexible electronics for assessing 
full personal exposures. Perspective 2020;1(2):100031. https://doi.org/10.1016/j. 
xinn.2020.100031. 

[44] Ueberham M, Schlink U. Wearable sensors for multifactorial personal exposure 
measurements - a ranking study. Environ Int 2018;121(1):130–8. https://doi.org/ 
10.1016/j.envint.2018.08.057. 

[45] Abu Awad Y, Koutrakis P, Coull BA, Schwartz J. A spatio-temporal prediction 
model based on support vector machine regression: Ambient Black Carbon in three 
New England States. Environ Res 2017;159:427–34. 

[46] Beckerman BS, et al. A hybrid approach to estimating national scale spatiotemporal 
variability of PM2.5 in the contiguous United States. Environ Sci Technol 2013;47: 
7233–41. 

[47] Bellinger C, Jabbar MSM, Zaiane O, Osornio-Vargas A. A systematic review of data 
mining and machine learning for air pollution epidemiology. BMC Public Health 
2017;17. 

[48] Conibear L, et al. Sensitivity of air pollution exposure and disease burden to 
emission changes in China using machine learning emulation. Geohealth 2022;6. 

[49] Lyu BL, et al. Fusion method combining ground-level observations with chemical 
transport model predictions using an ensemble deep learning framework: 
application in China to estimate spatiotemporally-resolved PM2.5 exposure fields 
in 2014-2017. Environ Sci Technol 2019;53:7306–15. 

[50] Reid CE, et al. Spatiotemporal prediction of fine particulate matter during the 2008 
Northern California wildfires using machine learning. Environ Sci Technol 2015; 
49:3887–96. 

[51] Zou YF, et al. Machine learning-based integration of high-resolution wildfire smoke 
simulations and observations for regional health impact assessment. Int J Environ 
Res Public Health 2019;16. 

[52] Kim D. Application of extreme learning machines to vehicle emissions model. Int J 
Transp 2020;8:15–22. 

[53] Li HM, et al. Projected aerosol changes driven by emissions and climate change 
using a machine learning method. Environ Sci Technol 2022;56:3884–93. 

[54] Xia Y, et al. Rapid assessments of light-duty gasoline vehicle emissions using on- 
road remote sensing and machine learning. Sci Total Environ 2022;815. 

[55] Humphrey JL, et al. Putting co-exposures on equal footing: an ecological analysis 
of same-scale measures of air pollution and social factors on cardiovascular disease 
in New York City. Int J Environ Res Public Health 2019;16:4621. https://doi.org/ 
10.3390/ijerph16234621. 

[56] Nadadur SS, et al. The complexities of air pollution regulation: the need for an 
integrated research and regulatory perspective. Toxicol Sci 2007;100(2):318–27. 
https://doi.org/10.1093/toxsci/kfm170. 

[57] Zeger SL, Dominici F, McDermott A, Samet JM. Mortality in the Medicare 
population and chronic exposure to fine particulate air pollution in urban centers 
(2000-2005). Environ Health Perspect 2008;116(12):1614–9. https://doi.org/ 
10.1289/ehp.11449. 

[58] Zigler CM, Dominici F. Point: clarifying policy evidence with potential-outcomes 
thinking–beyond exposure-response estimation in air pollution epidemiology. Am J 
Epidemiol 2014;180(12):1133–40. https://doi.org/10.1093/aje/kwu263. 

[59] Dominici F, et al. Fine particulate air pollution and hospital admission for 
cardiovascular and respiratory diseases. JAMA 2010;295(10):1127–34. 

[60] Dominici F, Zeger SL, Samet JM. A measurement error model for time-series 
studies of air pollution and mortality. Biostatistics 2000;1(2):157–75. 

[61] Pape UJ, Millett C, Lee JT, Car J, Majeed A. Disentangling secular trends and policy 
impacts in health studies: use of interrupted time series analysis. J R Soc Med 2013; 
106(4):124–9. https://doi.org/10.1258/jrsm.2012.110319. Erratum in: J R Soc 
Med., 106(5):168 (2013). Lee, John T [corrected to Lee, John Tayu]. PMID: 
23564896; PMCID: PMC3618159. 

[62] Stuart EA, et al. Using propensity scores in difference-in-differences models to 
estimate the effects of a policy change. Health Serv Outcomes Res Methodol 2014; 
14:166–82. https://doi.org/10.1007/s10742-014-0123-z. 

[63] Abadie A. Using Synthetic Controls: Feasibility, Data Requirements, and 
Methodological Aspects. J Econ Literat 2021;59(2):391–425. 

[64] Altonji JG, Elder TE, Taber CR. Selection on observed and unobserved variables: 
assessing the effectiveness of catholic schools. J Polit Econ February 2005;113(1): 
151–84. University of Chicago Press. 

[65] Oster E. Unobservable selection and coefficient stability: theory and evidence. 
J Business Econ Stat 2019;37(2):187–204. https://doi.org/10.1080/ 
07350015.2016.1227711. 

S. Ebelt et al.                                                                                                                                                                                                                                     

https://doi.org/10.1016/j.atmosenv.2015.05.056
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0055
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0055
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0055
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0060
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0060
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0060
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0065
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0065
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0065
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0070
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0070
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0070
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0075
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0075
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0075
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0075
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0080
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0080
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0080
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0085
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0085
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0090
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0090
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0090
https://doi.org/10.1038/jes.2012.53
https://doi.org/10.1186/1476-069X-10-61
https://doi.org/10.1038/jes.2013.62
https://doi.org/10.1016/j.envres.2021.112019
https://doi.org/10.1016/j.envres.2021.112019
https://doi.org/10.1016/j.scitotenv.2021.147111
https://doi.org/10.1016/j.scitotenv.2021.147111
https://doi.org/10.1038/sj.jea.7500165
https://doi.org/10.1021/es021007e
https://doi.org/10.1021/es021007e
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0130
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0130
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0130
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0135
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0135
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0135
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0140
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0140
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0140
https://www.eia.gov/todayinenergy/detail.php?id=52558
https://www.eia.gov/todayinenergy/detail.php?id=52558
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0150
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0150
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0155
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0155
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0160
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0160
https://ww2.arb.ca.gov/resources/documents/framework-collecting-and-updating-time-activity-patterns-taps
https://ww2.arb.ca.gov/resources/documents/framework-collecting-and-updating-time-activity-patterns-taps
https://doi.org/10.1007/s40572-022-00359-3
https://www.epa.gov/arp
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0180
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0180
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0185
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0185
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0185
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0190
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0190
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0195
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0195
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0195
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0200
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0200
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0200
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0205
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0205
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0210
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0210
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0210
https://doi.org/10.1016/j.xinn.2020.100031
https://doi.org/10.1016/j.xinn.2020.100031
https://doi.org/10.1016/j.envint.2018.08.057
https://doi.org/10.1016/j.envint.2018.08.057
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0225
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0225
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0225
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0230
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0230
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0230
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0235
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0235
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0235
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0240
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0240
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0245
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0245
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0245
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0245
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0250
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0250
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0250
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0255
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0255
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0255
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0260
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0260
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0265
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0265
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0270
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0270
https://doi.org/10.3390/ijerph16234621
https://doi.org/10.3390/ijerph16234621
https://doi.org/10.1093/toxsci/kfm170
https://doi.org/10.1289/ehp.11449
https://doi.org/10.1289/ehp.11449
https://doi.org/10.1093/aje/kwu263
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0295
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0295
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0300
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0300
https://doi.org/10.1258/jrsm.2012.110319
https://doi.org/10.1007/s10742-014-0123-z
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0315
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0315
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0320
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0320
http://refhub.elsevier.com/S2590-1133(23)00031-7/rf0320
https://doi.org/10.1080/07350015.2016.1227711
https://doi.org/10.1080/07350015.2016.1227711

	Air pollution accountability research: Moving from a chain to a web
	Introduction
	Results and discussion
	Framework: from a chain to a web
	From regulation to intervention (Fig. 2, Box 1)
	Estimation of personal exposure (Fig. 2, Box 2)
	Population health status (Fig. 2, Box 3)
	Research recommendations

	Conclusions
	Author contributions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Supplementary data
	References


