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A B O U T  H E I

The Health Effects Institute is a nonprofit corporation chartered in 1980 as an independent 
research organization to provide high-quality, impartial, and relevant science on the effects of air 
pollution on health. To accomplish its mission, the Institute

•	 identifies the highest-priority areas for health effects research

•	 competitively funds and oversees research projects

•	 provides intensive independent review of HEI-supported studies and related research

•	 integrates HEI’s research results with those of other institutions into broader evaluations

•	 communicates the results of HEI’s research and analyses to public and private  
decision-makers.

HEI typically receives balanced funding from the US Environmental Protection Agency and the 
worldwide motor vehicle industry. Frequently, other public and private organizations in the United 
States and around the world also support major projects or research programs. HEI has funded 
more than 390 research projects in North America, Europe, Asia, and Latin America, the results 
of which have informed decisions regarding carbon monoxide, air toxics, nitrogen oxides, diesel 
exhaust, ozone, particulate matter, and other pollutants. These results have appeared in more 
than 275 comprehensive reports published by HEI, as well as in more than 2,500 articles in  
peer-reviewed literature.

HEI’s independent Board of Directors consists of leaders in science and policy who are 
committed to fostering the public–private partnership that is central to the organization. The 
Research Committee solicits input from HEI sponsors and other stakeholders and works with 
scientific staff to develop a Five-Year Strategic Plan, select research projects for funding, and oversee 
their conduct. The Review Committee or Panel, which has no role in selecting or overseeing 
studies, works with staff to evaluate and interpret the results of funded studies and related 
research.

All project results and accompanying comments by the Review Committee or Panel are widely 
disseminated through HEI’s website (www.healtheffects.org), reports, newsletters, annual conferences, 
and presentations to legislative bodies and public agencies.

http://www.healtheffects.org
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A B O U T  T H I S  R E P O RT

Research Report 234, Robust Statistical Approaches to Understanding the Causal Effect of Air 
Pollution Mixtures, presents a research project funded by the Health Effects Institute and conducted 
by Dr. Joseph Antonelli at the University of Florida and colleagues. The report contains three main 
sections:

The HEI Statement, prepared by staff at HEI, is a brief, nontechnical summary of the study 
and its findings; it also briefly describes the Review Panel’s comments on the study.

The Investigators’ Report, prepared by Antonelli and colleagues, describes the scientific 
background, aims, methods, results, and conclusions of the study.

The Commentary, prepared by members of the Review Committee with the assistance 
of HEI staff, places the study in a broader scientific context, points out its strengths and 
limitations, and discusses the remaining uncertainties and implications of the study’s findings for 
public health and future research.

This report has gone through HEI’s rigorous review process. When an HEI-funded study is 
completed, the investigators submit a draft final report presenting the background and results 
of the study. Outside technical reviewers first examine this draft report. The report and the 
reviewers’ comments are then evaluated by members of the Review Panel, an independent panel 
of distinguished scientists who are not involved in selecting or overseeing HEI studies. During the 
review process, the investigators have an opportunity to exchange comments with the Review 
Panel and, as necessary, to revise their report. The Commentary reflects the information provided 
in the final version of the report.

Although this report was produced with partial funding by the United States Environmental 
Protection Agency under Assistance Award CR–83998101 to the Health Effects Institute, it has 
not been subjected to the Agency’s peer and administrative review and may not necessarily reflect 
the views of the Agency; thus, no official endorsement by it should be inferred. The report has 
also not been reviewed by private party institutions, including those that support the Health Effects 
Institute, and may not reflect the views or policies of these parties; thus, no endorsement by them 
should be inferred.
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H E I  S TAT E M E N T
Synopsis of Research Report 234

New Statistical Approaches for Addressing Challenging 
Questions About Air Pollution and Health

This Statement, prepared by the Health Effects Institute, summarizes a research project funded by HEI and conduct-
ed by Dr. Joseph Antonelli at the University of Florida and colleagues. Research Report 234 contains the detailed 
Investigators’ Report and a Commentary on the study prepared by the HEI Review Committee.

BACKGROUND

Recent decades have seen an increase in the devel-
opment of statistical methods to answer questions about 
whether exposure to outdoor air pollution is causally 
linked to the risk of death. The need for investigators to 
satisfy specific data and analytic conditions to estimate 
causal effects from observational data is a key challenge 
to conducting such analyses. Dr. Joseph Antonelli of the 
University of Florida and colleagues sought to develop 
new statistical approaches for addressing challenging 
questions about potential causal links between air 
pollution mixtures and risk of death. Their study was 
funded through HEI’s Request for Applications 19-2: 
Walter A. Rosenblith New Investigator Award.

APPROACH

Antonelli and colleagues proposed developing 
approaches to address four specific challenges associ-
ated with conducting causal inference analyses related 
to air pollution mixtures and health:

1.	 Develop an approach to identify the effect of 
long-term exposure to a given air pollutant on 
health when multiple pollutants are present and 
when only limited data are available about their 
distributions.

2.	 Develop a method to estimate the effects of expo-
sure to a mixture of pollutants on the risk of mor-
tality and to identify subgroups of the population 
that are most susceptible to the effects of exposure 
to air pollution.

3.	 Evaluate the effect of accounting for daily mobility 
patterns on estimates of the health effects associ-
ated with long-term exposures to air pollution.

4.	 Develop a method to account for bias in cases for 
which potential confounding variables are not 
measured or accounted for perfectly in the statis-
tical model.

These proposed aims were expected to advance the 
field by highlighting the challenges inherent in study-
ing the health effects of multiple pollutant exposures 
and expanding the variety of research questions that 
can be answered regarding air pollution mixtures.

In some cases, the approaches and statistical 
models were described for theoretical applications, 
and in others, Antonelli and colleagues applied 
their methods to real-world data using a nationwide 
study of air pollution and health in the US Medi-
care population. Those analyses are based on the 
health information from over 30 million Medicare 
beneficiaries during the years 2000–2016 living in 
about 30,000 zip codes across the United States. 
For air pollution data, they used annual estimated 
concentrations of fine particles and several other 
pollutants from existing spatiotemporal models, 
all at a spatial resolution of about 1 km × 1 km, 
aggregated to zip codes.

KEY RESULTS

One key assumption for the validity of causal 
inference in environmental epidemiology is that 
every exposure value potentially of interest is, in 
fact, possible for all individuals in the dataset. That 
assumption would be violated if, for example, no 

What This Study Adds
●	 This study is among the first to address 

a series of common challenges faced by 
researchers assessing the health effects of 
exposures to air pollution mixtures, from 
exposure assessment to causal inference.

●	 Antonelli and colleagues describe several 
new approaches to support causal inference, 
focusing on exposure to multiple pollutants, 
addressing bias resulting from confounding, 
and enhancing exposure assessment by 
incorporating people’s mobility patterns.

●	 The approaches are applied to hypothetical 
scenarios and to data from a US Medicare 
cohort to demonstrate the effectiveness of 
the practice methods.

●	 Overall, the approaches presented here 
provide new solutions for overcoming 
challenges to assessing causal links between 
air pollution and health.

https://www.healtheffects.org/research/funding/rfa/rfa-19-2-walter-rosenblith-new-investigator-award
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men who are 40–45 years of age in the study dataset 
were exposed to the air pollution concentration of 
interest, as it would not be possible to learn about 
the risk of the health outcome associated with that 
exposure level among such men. As such, Antonelli 
and colleagues presented strategies to redefine causal 
models in a way that respects the limitations in the 
scope of the available exposure data.

The investigators also introduced a flexible statis-
tical approach that allows one to better understand 
which population subgroups are most affected by 
exposure to air pollution or who might benefit most 
from an intervention to reduce exposures.

Antonelli and colleagues explored how estimates 
of health effects could be biased when mobility is 
ignored in estimating exposures to air pollution (e.g., 
by considering exposures only at study participants’ 
residential addresses). Here, they presented a method 
that used location data derived from cell phones. They 
compared epidemiological models in which exposure 
was estimated for study participants, a) by using only 
the zip code in which each participant lived, and b) 
by modeling how much time each participant spent in 
their home and in other zip codes. Here, they found 
that although most participants spent about 22% of 
their time outside their home zip code, incorporating 
mobility information at that scale did not lead to 
appreciably different estimates of exposures, nor to 
appreciably different estimates of health effects. For 
example, the mean exposure to fine particles averaged 
across all study years using only the home zip code 
was 9.34 µg/m3, and that which incorporated mobility 
was 9.64 µg/m3.

INTERPRETATION AND CONCLUSIONS

In its independent evaluation of the Investigators’ 
Report, the HEI Review Committee commended the 

investigators for developing original study aims and for 
tackling important issues for environmental epidemiol-
ogy with which many statisticians continue to struggle. 
The Committee members agreed that the investigators 
did an excellent job setting the context and explaining 
the rationale for pursuing causal inference approaches 
to the study of air pollution exposures.

The innovative work presented by the investigators 
includes a rigorous assessment of the assumptions 
required to draw causal conclusions when studying 
complex mixtures of pollutants. They introduced sev-
eral interesting theoretical approaches that advance 
the field. Their finding that incorporating mobility 
did not lead to appreciably different estimates of 
exposures corroborates recent findings from other 
studies.

Not surprisingly, the study team did not resolve all 
the important challenges described. For example, an 
overarching limitation of this study is that the various 
issues addressed by the investigators do not exist in iso-
lation, yet the methods proposed here were presented 
independently. Their study is a valid starting point; 
however, addressing each challenge individually does 
not fully resolve the broader challenge of developing 
a comprehensive approach incorporating all of the 
important challenges in a single framework.

Another limitation of the study relates to the applied 
analyses with the Medicare data. The theoretical 
foundations presented here were evaluated in a very 
specific dataset with unique features (i.e., older adults 
and data available only at the zip code level) that might 
prevent valid inferences for reasons beyond the issues 
addressed by the investigators.

Although there is more work to be done to resolve 
these complex issues fully, this study provides a strong 
foundation for future work to extend the concepts 
described here to other settings.

Research Report 234
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INVESTIGATORS’ REPORT

ABSTRACT

Introduction  Most existing epidemiological evidence on 
the health effects of air pollution has focused on single-
pollutant analyses, although recent research has increasingly 
emphasized estimating the effects of multiple exposures 
simultaneously. In this report, we used causal inference 
methodology to highlight four impediments to analyses with 
multiple exposures: (1) there is little information in the data 
to estimate effects typically of interest, (2) the effects of air 
pollution mixtures can be heterogeneous, (3) exposure assess-
ment using an individual’s home location can be problematic 
when daily mobility takes them to areas of different exposure 
levels, and (4) bias due to unmeasured confounding. The 
objectives of this report were to address these four concerns 
through the development of rigorous statistical methodology 
and to provide a corresponding case study that examines the 
health effects of air pollution in the Medicare cohort in the 
United States.

Methods  The statistical methodology developed in this 
report improves the analysis of environmental mixtures in 
two distinct ways. First, our results highlight inherent difficul-
ties, which require careful consideration in any study of the 
health effects of multiple exposures. Second, we developed a 

statistical methodology that broadens the scope of questions 
that can be answered in analyses of air pollution mixtures 
and can increase the policy relevance of evidence obtained 
from epidemiological studies using multiple exposures. 
Additionally, we illustrated the aforementioned approaches 
in a nationwide study of the health effects of air pollution in 
the US Medicare population, extending the existing evidence 
on the health effects of air pollution within this cohort.

Results  In specific aim 1, we found that quantities typically 
targeted in studies with multiple exposures are difficult to 
estimate from the observed data alone, as they frequently rely 
on model-based extrapolation, which can provide unreliable 
findings. We presented alternative strategies that provide pol-
icy-relevant evidence of health effects, while avoiding issues 
caused by extrapolation. In specific aim 2, we found that 
the adverse effects of particulate matter ≤2.5 μm in aerody-
namic diameter (PM2.5)* components are heterogeneous and 
that these effects are more pronounced in areas with lower 
socioeconomic status. Specific aim 3 studied the mobility of 
individuals and found that ignoring mobility can bias health 
effects, although typically toward the null of no exposure 
effect. Incorporating mobility in the Medicare cohort did not 
lead to substantially different findings; however, accounting 
for mobility tended to increase the magnitude of estimated 
health effects. In specific aim 4, we developed a methodology 
for assessing robustness of health effects to unmeasured con-
founding bias and found that there is robust evidence overall 
of a harmful effect of pollution on public health.

Conclusions  Our studies provide strong evidence of air 
pollution effects on public health, and our methodology gives 
new insights into key issues about this effect. Specifically, the 
effects of air pollution are heterogeneous and affect certain 
subgroups of the population more than others, and these 
effects are moderately robust to unmeasured confounding 
bias. Future studies can incorporate the ideas and approaches 
developed in this report to address important questions in 
analyses with multiple exposures.
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Review Committee and an HEI Statement about the research proj-
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ported by the authors.

Although this report was produced with partial funding by the 
United States Environmental Protection Agency under Assistance 
Award CR–83998101 to the Health Effects Institute, it has not 
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* A list of abbreviations and other terms appears at the end of this 
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CHAPTER 1: INTRODUCTION

There is a well-established link between air pollution 
and adverse health outcomes that has been partially driven 
by large-scale observational studies that examined the health 
effects of pollutants such as particulate matter ≤2.5 μm (PM2.5), 
particulate matter ≤10 μm (PM10), or sulfates.1–5 These studies, 
among many others, have been instrumental in understand-
ing the adverse impacts of fine particulate matter on human 
health, although the majority of analyses in these studies focus 
on either a single pollutant at a time or a very small number 
of pollutants simultaneously. While there are undoubtedly 
still important questions being answered by single-pollutant 
analyses, the recent push in environmental epidemiology 
toward multiple pollutant approaches reflects the recognition 
that analyzing multiple pollutants simultaneously provides 
a more realistic assessment of human exposure to air pollu-
tion.6,7 Many recent studies, such as those stemming from the 
recent HEI initiative to study health effects of low exposure 
levels, have included multiple pollutants in analyses study-
ing health effects of ambient air pollution.8–12 These studies 
have been immensely valuable for understanding additional 
aspects of the health effects of air pollution, particularly at 

levels currently observed in North America and Europe. 
However, because multiple pollutants are typically included 
as additional terms in a regression model, these analyses do 
not address the additional complexities of causal inference 
for multivariate exposures.

Because of these additional complications, there has been 
rapid growth in statistical approaches tailored to the unique 
problem of estimating the health effects of mixtures. While 
some researchers have simplified the problem by categoriz-
ing continuous, multivariate exposures13 or using weighted 
combinations of the exposures in the mixture,14,15 the major-
ity of methods are focused on complex regression models 
that relate the outcome to a large number of exposures in 
a manner that identifies important exposures and allows 
for nonlinear and interactive relationships between the 
exposures and the outcome.16–23 Despite this surge of inter-
est in statistical methodology for environmental mixtures, 
crucial gaps in the literature remain. Even if these statistical 
approaches are sufficient for modeling the complex relation-
ship between the air pollution mixture and health, it is not 
clear how results from these analyses can be used to guide 
future air pollution regulations. Most approaches produce a 
set of important exposures that adversely affect health, but 
regulating single exposures is difficult, if not impossible. 
Air pollution regulations are implemented by reducing 
emissions from particular sources, and it is unlikely that 
reducing any one source of pollution will reduce only one 
environmental exposure. A critical question is how to use 
results from studies of environmental mixtures to target 
future air pollution policies.

Before proceeding further, it is important to clarify how 
our study relates to existing work on environmental mixtures 
and what we mean when we state we are studying mixtures. 
Typically, mixture analyses either attempt to identify the most 
harmful components of the mixture or investigate whether 
the joint effect of the mixture is different from the sum of the 
individual effects of each pollutant in the mixture. We did not 
have either of these goals in mind when studying air pollution 
mixtures. In this report, we documented our interest in study-
ing the joint health effects of air pollution mixtures, which 
involved estimating how we would expect health outcomes 
to change if we were to change the level of some (or all) of 
the exposures. Such a change in air pollution exposure levels 
could be caused by a policy shift or intervention, such as the 
introduction of emission-reducing technology at coal-fired 
power plants. In principle, the ideas delineated in this report 
could be applied to questions such as identifying the most 
harmful components of a mixture or assessing whether the 
components have synergistic or antagonistic effects on health 
outcomes; however, pursuing these questions was not our 
primary goal. Instead, our focus was on answering a broader 
set of scientific questions related to air pollution mixtures and 
clarifying the significant and pervasive challenges they pose. 
Therefore, when we say we studied mixtures, we simply 
mean that we were interested in estimating the health effects 
of a moderate number of pollutants simultaneously.

Key Terminology
Estimand: A scientific quantity of interest intended to be 
estimated using observed data.

Extrapolation: When a statistical model is used to predict 
outcomes for exposure or covariate values that are not within 
the range seen in the observed data.

Exposure effect heterogeneity: When the effects of envi-
ronmental exposures vary across subgroups of the population.

Potential outcome: The outcome hypothetically observed if 
the exposure were fixed to a specific value.

Negative control exposure: An exposure known not to 
causally affect the outcome of interest.

Negative control outcome: An outcome known not to be 
causally affected by the exposure of interest.

Unmeasured confounding bias: When an omitted confound-
er biases the estimated effect of an exposure on an outcome.

Positivity assumption: An assumption necessary in many 
causal analyses that requires all subgroups of the population 
to have a positive probability of receiving each exposure level 
being examined.

Interference: When the outcomes of one observation are 
affected by the exposures of other observations.
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Much of the previous work on environmental mixtures 
does not address important questions about causal assump-
tions necessary for these results to imply causal associations. 
Recent work has shown that environmental mixtures, partic-
ularly in the common setting of highly correlated exposures, 
are particularly susceptible to issues from unmeasured 
confounding bias.24 Other crucial assumptions have received 
little to no attention in the causal inference literature in the 
context of multivariate exposures, let alone in the literature 
on environmental mixtures. This report aimed to fill many of 
these gaps to better understand causal effects for air pollution 
mixtures. Throughout the report, we examined each of the 
core causal assumptions necessary to bridge statistical mod-
eling and causal estimation, and we highlighted these issues 
in the context of multiple exposures, specifically, as certain 
issues and solutions to these problems are unique to this 
setting. In addition to studying crucial assumptions necessary 
for effects to be interpreted causally, we also improved on 
the aforementioned statistical methodology by developing 
nonparametric Bayesian models that allow mixture effects to 
depend on characteristics of the population being exposed to 
increased air pollution levels.

1.1 ON THE USE OF A CAUSAL INFERENCE 
FRAMEWORK FOR MULTIPLE EXPOSURES

Before we address specific objectives, it is important to first 
discuss the role of causal inference approaches that appear 
throughout this report. We are not the first to initiate such 
a discussion, as recent HEI reports have directly addressed 
this issue12,25 along with a multitude of manuscripts that have 
advocated for causal inference approaches in environmental 
epidemiology.26–29 Despite the multitude of recent pertinent 
discussions, we think it is important to include related ideas 
here for two reasons: (1) to provide perspective for this work 
for readers unfamiliar with these ideas, and (2) to emphasize 
these ideas in the specific context of our study, which differ 
somewhat from prior studies.

The first key point is that causal inference approaches are 
not an all-encompassing panacea for observational studies. 
They do not necessarily provide greater causal evidence of 
an effect of air pollution on public health than other epi-
demiological studies that do not use such approaches. The 
most important aspects to providing causal evidence from 

epidemiological studies are other core factors, such as using 
sound study design, addressing selection or confounding 
bias, and reducing measurement error, among a host of other 
possible issues. Additionally, many other approaches for 
establishing causality do not incorporate epidemiology, such 
as employing toxicology or animal studies. The question then 
becomes why should we develop causal inference approaches 
at all, and what value do they provide in the context of air 
pollution epidemiology? One benefit is the clear definition of 
the estimand of interest, which is the scientific quantity we 
are interested in estimating in our study. For example, an esti-
mand could be the expected change in mortality if we were to 
decrease all exposure levels by one unit. Another commonly 
stated motivation for pursuing causal inference approaches 
is that they formalize the assumptions necessary to infer 
causality, encourage us to reason about or assess sensitivity 
to these assumptions, separate the estimand of interest from 
any one statistical model, and alleviate issues from model 
misspecification.

We agree with the aforementioned reasons to advocate for 
causal inference approaches and formality, but we also feel 
that it may not be abundantly obvious to researchers unfa-
miliar with these approaches what is really meant by each 
of these motivations and how they benefit analyses of the 
health effects of air pollution. We hope that these reasons will 
become increasingly apparent in this report, particularly in 
the difficult context of trying to estimate causal effects for air 
pollution mixtures. Each of the chapters of this report tackled 
a different critical issue for the causal analysis of air pollution 
mixtures. It is our view that the important issues addressed 
within each chapter either would have been difficult to iden-
tify as problems at all or would have been much more difficult 
to solve if not for the formalization of the problem within a 
causal framework. We emphasize again that this stance does 
not mean the strength of causal evidence from our analyses 
is greater, but rather that causal inference approaches helped 
illuminate many issues and their corresponding solutions, 
which can benefit environmental epidemiology moving for-
ward. Additionally, it is worth noting that while we identified 
these issues and solved them within a causal framework, the 
implications of our findings go beyond the causal analysis of 
air pollution mixtures. We believe these findings can help 
more broadly in the analysis of air pollution mixtures, even 
when causal approaches are not utilized.
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CHAPTER 2: SPECIFIC AIMS AND 
OVERARCHING APPROACH

In this chapter, we provide an overview of the distinct aims 
that are covered in this report. As mentioned above, each aim 
corresponds to a different crucial assumption necessary for 
inferring causal effects of air pollution mixtures or tackles 
an unanswered methodological issue for multiple pollutant 
analyses. Each ensuing chapter of the report corresponds to a 
different aim, and these are summarized below. Additionally, 
the location of the results from each chapter can be seen in 
Table 1.

Causal inference with multivariate air pollution mixtures 
is a difficult problem with multiple unique challenges. One 
key issue is that the observed data may be very limited in 
their ability to adequately estimate causal effects that are of 
scientific interest due to violations of an assumption known 
as positivity. We formalized this assumption for air pollution 

mixtures and highlighted the challenges it presents, provided 
researchers with new diagnostic metrics to identify issues 
from violations of positivity, and defined novel estimands 
that are still policy-relevant for air pollution mixtures but are 
more robust to positivity violations.

We developed a statistical methodology to address two key 
issues for the estimation of the effects of multivariate air pollu-
tion mixtures. We developed a flexible Bayesian methodology 
that reduces the detrimental impacts of model misspecifica-
tion and allows the mixture effect to be heterogeneous and 
vary across subgroups of the population. We also proposed 
new estimands that describe the nature and magnitude of 
the heterogeneity of mixture effects, while also identifying 
characteristics that contribute most to heterogeneity.

In air pollution studies, exposure is commonly assigned 
according to an individual’s home location, although many 
individuals travel to other geographic areas with different lev-
els of air pollution. We formalized this issue as one of inter-
ference in causal inference studies, in which outcomes of one 
area can be affected by exposures from other areas. We derived 
bias formulas that show the direction and magnitude of bias 
that stems from ignoring mobility and developed a framework 
that can account for mobility if estimates of population-level 
mobility are available. We incorporated nationwide cell 
phone mobility data to account for this mobility and studied 
the potential effect of mobility on large-scale epidemiological 
studies of air pollution.

Unmeasured confounding is a ubiquitous threat to the 
validity of observational studies on the health effects of air 
pollution, and therefore, it is crucial to assess how robust 
our findings are to the presence of omitted confounders. We 
developed a framework for addressing unmeasured confound-
ing when the observed data contain multiple exposures and 
multiple outcomes. We showed that this setting is particularly 
beneficial, as we are able to provide bounds on the magnitude 
of unmeasured confounding bias by assuming its nature — an 
assumption that is far weaker than presuming its absence. We 
also showed that incorporating negative control variables can 
provide additional information on both the magnitude and 
direction of unmeasured confounding bias, which can lead 
to substantially more informative results on the effects of 
air pollution exposures. These results have the potential to 
greatly strengthen the causal evidence of the health effects of 
air pollution by acknowledging uncertainty from the presence 
of unmeasured confounding.

2.1 RUNNING APPLICATION TO THE MEDICARE 
POPULATION

Each of these aims corresponds to a different method-
ological challenge for the causal analysis of air pollution 
mixtures, but throughout, we grounded our approaches 
through a running analysis of US air pollution data and their 
associated health effects in the Medicare population. In aim 1, 
we focused only on US exposure data for PM2.5 components 

Table 1. Summary of the Main Aims of the Project and the 
Associated Locations Within the Report

Research Roadmap

Aims and Research Conducted
Methods 

Description

Aim 1

•	 Addressing model-extrapolation 
and mixture positivity

Chapter 3.1–3.4

•	 Evaluating implications for US air 
pollution mixtures

Chapter 3.5

Aim 2

•	 Developing methodology to 
estimate heterogeneous mixture 
effects

Chapter 4.1–4.3

•	 Estimating heterogeneous effects 
in the Medicare cohort

Chapter 4.4

Aim 3

•	 Formalizing mobility and 
associated biases

Chapter 5.1–5.4

•	 Assessing the impact of mobility 
on the health effects of air 
pollution

Chapter 5.5

Aim 4

•	 Developing methodology to 
account for unmeasured con-
founding bias

Chapter 6.1–6.3

•	 Assessing unmeasured confound-
ing in the Medicare cohort

Chapter 6.4
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to highlight and address crucial difficulties that arise when 
estimating causal effects for this set of exposures. In aims 
2–4, we used the methodology described above to provide 
new epidemiological insights into the effects of air pollution 
mixtures on public health outcomes, assess the robustness 
of key assumptions necessary for these findings to represent 
causal effects, and provide a general overview of the effects of 
air pollution mixtures in this population. We must emphasize 
that while we developed our approaches within a causal 
inference framework for the reasons mentioned in Chapter 1, 
there are still limitations with respect to the Medicare analyses 
that could prohibit a causal interpretation of our findings. For 
one, the Medicare analyses documented throughout the report 
are conducted at the zip code level, and therefore suffer from 
issues inherent to ecological studies, which limit our ability 
to make causal claims at the individual level. Additionally, 
Medicare is limited in the amount of individual-level covariate 
information available. While we alleviated these issues some-
what by incorporating many area-level covariates as potential 
confounders, unmeasured confounding can preclude a causal 
interpretation from our Medicare analyses in Chapters 4 and 
5. In Chapter 6, we directly tackled the issue of unmeasured 
confounding and aimed to assess how robust our estimates are 
to this ever-present issue of observational studies.

Medicare is a federal health insurance plan for residents of 
the United States who are over the age of 65 or who are dis-
abled, which provided us with health data on more than 30 
million US residents per year, over the years 2000–2016. We 
had demographic, socioeconomic, and mortality information 
on all Medicare beneficiaries in the United States during this 
period. These data provided us with several characteristics 
for each enrollee, such as their sex, age, and race, and whether 
they have dual eligibility to Medicaid, which serves as a 
proxy for low socioeconomic status. Throughout this report, 
we focused on zip code–level analyses across the United 
States. This decision was made mostly because of the very 
high computational burden that running individual-level 
analyses would present for some of the methods summarized 
in the report, but we stress that all ideas discussed here would 
apply to individual-level analyses analogously. We discuss 
this issue further in Chapter 7. We observed some covariates 
unique to each zip code from the United States Census Bureau 
and the Centers for Disease Control’s Behavioral Risk Factor 
Surveillance System. These covariates consisted of smoking 
rates, median household income, average body mass index 
(BMI), median house value, population density, education, 
and percentage of owner-occupied housing. We also measured 
climate variables such as summer temperature and summer 
relative humidity from the National Climatic Data Center. 
Summer relative humidity was calculated as the mean daily 
maximum relative humidity.

Estimates of air pollution exposure data were taken from 
one of two sources, depending on the specific pollutant. We 
incorporated exposure estimates of total PM2.5, black carbon 
(BC), ammonium (NH4), nitrates (NIT), organic matter (OM), 
and sulfate (SO4) levels on a 0.01-by-0.01 degree monthly 

grid from the Atmospheric Composition Analysis Group.30 
We also incorporated estimates of ozone, elemental carbon 
(EC), and organic carbon on a 1-by-1 km daily grid from the 
Socioeconomic Data and Applications Center.31–33 We did not 
have exact residential addresses of individuals in Medicare 
and only knew their residential zip code, and therefore all 
exposures were aggregated to the yearly level at each zip 
code. All other covariates were similarly aggregated up to the 
zip code level by taking their averages or proportions within 
each zip code. Lastly, all outcomes considered correspond 
to annual rates for that particular outcome. In the case of 
mortality, which is the focus of Chapters 4 and 5, this method 
implies that the outcome was the annual mortality rate within 
a zip code, which is defined as the number of deaths in that 
zip code for a particular year divided by the number of 
person-years in that zip code.

2.1.1 Descriptive Information on Medicare Cohort and 
Exposure Data

In this section, we have provided some basic, descriptive 
characteristics of the Medicare cohort as well as the exposure 
data utilized throughout all Medicare analyses. The same data 
were used in Chapters 4, 5, and 6; we therefore have provided 
this information here to give readers a general sense of the 
population for which we estimated health effects, and the pol-
lution levels to which they were exposed. We observed both 
exposure and health outcomes data in each year from 2000 to 
2016. To provide characteristics of our cohort and how these 
vary over time, Table 2 presents the average and standard 
deviation of the study characteristics across zip codes for the 
years 2000 and 2016. The characteristics are fairly similar 
between the 2 years, with some expected differences that are 
due to trends over time, such as increasing income, housing 
value, and education rates. Overall, we had a sample size of 
n = 34,004 zip codes for the year 2016, with similar sample 
sizes across the studied years. The average zip code size in 
the contiguous United States is approximately 75 square 
miles, although this varies substantially across zip codes of 
varying population density. To provide context for the spatial 
variability of key exposure and covariate variables across the 
contiguous United States, Figure 1 visualizes zip code–level 
values of four selected exposures and four selected covariates.

We also investigated the range of exposures for the pollut-
ants considered throughout the report, as well as how these 
have changed over the period our study covers. We present 
the minimum, median, and maximum of all zip code–level 
exposures for the years 2000 and 2016 in Table 3. Note that 
all pollutants are measured in units of µg/m3, while ozone 
is measured in parts per billion (ppb). As expected, there is 
a general reduction over time for all exposures, except for 
ozone, across the two periods considered. Additionally, the 
correlations between the exposures for the year 2016 are 
presented in Figure 2. Generally, there are moderate-to-high 
correlations between different exposures, although the extent 
varies by exposure. Additionally, ozone is not strongly cor-
related with any of the components of particulate matter.
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Table 2. Study Characteristics of the Medicare Cohort in the Years 2000 and 2016a

Study Year 2000 Study Year 2016

Mortality rate (deaths/person years)     0.053 (0.037)       0.043 (0.037)

Female (%)       56.0 (8.2)       53.0 (7.9)

Dual eligibility to Medicaid (%)       12.4 (11.1)       12.6 (11.2)

Average age       74.81 (1.730)       74.22 (2.010)

White (%)       89.6 (17.9)       86.0 (19.4)

Average BMI       26.92 (1.100)       27.85 (0.970)

Previous smoker (%)       48.0 (7.0)       46.0 (7.0)

Average income   40,782 (16,543)   55,329 (24,100)

Average house value 110,531 (87,218) 191,853 (173,307)

Graduated high school (%)       62.0 (18.0)       80.0 (15.0)

Population density (per square mile)   1,489 (4,796)   1,612 (5,367)

Owner-occupied housing (%)       73.0 (17.0)       71.0 (18.0)

Summer temperature (degrees Celsius)       28.81 (3.890)       29.93 (3.240)

Summer humidity (%)       91.1 (10.2)       88.2 (11.8)

aThe numbers shown are the average (standard deviation) of the variables across zip codes.

Table 3. Distributions of Exposures in the Years 2000 and 2016

Study Year 2000 Study Year 2016

Minimum Median Maximum Minimum Median Maximum

Total PM2.5 1.31 10.53 44.41 1.33 6.82 15.23

Black carbon 0.12 0.69 3.16 0.01 0.57 1.29

Ammonium 0.06 1.18 2.57 0.00 0.24 1.73

Nitrates 0.06 1.01 6.19 0.00 0.65 3.24

Organic matter 0.64 3.16 28.30 0.35 2.95 6.44

Sulfates 0.19 3.00 6.63 0.15 1.24 2.43

Ozone 18.31 38.98 60.17 26.14 39.06 58.97

Elemental carbon 0.09 0.62 2.57 0.03 0.31 1.83

Organic carbon 0.66 2.08 4.60 0.45 1.46 3.45
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Figure 1. Distribution of selected exposures and zip code level characteristics across the contiguous United States in the year 2010.
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Figure 2. Correlations  between zip code level exposures in the year 2016.
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CHAPTER 3: CAUSAL ANALYSIS OF AIR 
POLLUTION MIXTURES: ESTIMANDS, 
POSITIVITY, AND EXTRAPOLATION*

3.1 INTRODUCTION

Studying the effect of air pollution on public health is 
but one epidemiological objective being actively enriched by 
the appreciation that humans are not exposed to individual 
contaminants in isolation, but rather to possibly complex 
mixtures of air pollutants.6,34–36 Decades of evidence linking 
air pollution to increased mortality and morbidity2,4,5,37–39 
continue to drive interest in developing statistical methods 
to analyze health effects of exposure to air pollution (and 
other environmental) mixtures.34–36 These methods set out to 
answer several questions concerning the effect of individual 
components of a mixture, interactions between mixture com-
ponents, and the cumulative effect of the mixture.40

Increased emphasis on statistical methods relevant for 
complex mixtures is co-evolving with the continued adop-
tion of explicit causal inference methods in environmental 
epidemiology.28,29 Key intersections of these methodological 
perspectives appear in Wilson and colleagues (2018),41 who 
tailored Bayesian model averaging to confounding uncer-
tainty and adjustment in an exposure-wide association 
study, in Keil and colleagues (2020),15 who generalized 
weighted quantile sum regression14 using principles from 
g-computation to estimate causal effects of environmental 
mixtures, and in Traini and colleagues (2022),42 who pur-
sued a version of generalized propensity scores43 for mul-
tipollutant causal effect estimation. While this and other 
work have offered important advances to causal inference 
with air pollution mixtures, the methods for effect estima-
tion draw heavily from extending tools from the univariate 
exposure case.

This report takes aim at one salient challenge that is 
particularly pronounced in the context of air pollution mix-
tures — one that cannot be resolved through obvious exten-
sions from the univariate setting. We focus on (a) defining 
causal estimands for air pollution mixtures and (b) offering 
a data-driven way to assess the extent to which observed 
data actually carry empirical support from which to estimate 
causal effects of interest. Linking such considerations to 
policy relevance is essential, with a clear definition of esti-
mands, explicit acknowledgment and discussion of crucial 
assumptions, and the separation of the causal effect from a 
statistical model or parameter among the motivating drivers 
for causal inference.27,28 A convincing acknowledgment of 

this argument appears in Keil and colleagues (2021),44 who 
estimated the causal effect of a reduction in the air pollution 
mixture hypothesized to occur if a set of power plants were to 
be decommissioned. Discussion of that work in Zigler (2021)45 
pointed toward the tension between defining estimands of 
policy relevance and the threat that observed data contain 
little or no information to actually estimate them without 
model-based extrapolation.

We elaborate on how the construction of mixture esti-
mands can quickly lead to violation of the fundamental 
assumption of positivity, that is, that people have a positive 
probability of being exposed to levels of a mixture that con-
stitute a causal estimand. We highlight the ease with which 
positivity violations can arise in studies of air pollution 
mixtures, and how such violations can produce biased effect 
estimates that cannot be remedied with flexible statistical 
models. Our proposal consists of two related efforts: data-
driven diagnostics are provided to assess positivity violations 
with multivariate mixtures, and these diagnostics are then 
used to provide alternative paths forward with redefined 
causal estimands for mixtures. We use ambient particulate 
matter chemical component data across the United States to 
highlight how easily these difficulties can arise in practice. 
Throughout, we focus on air pollution mixtures, but key 
considerations apply for general environmental mixtures of 
similar dimensions.

3.2 CAUSAL ESTIMANDS FOR ENVIRONMENTAL 
MIXTURES

3.2.1 Which Mixture Effect? Anchoring Causal  
Estimands to Interventions

Throughout, we consider data observed as (Yi, Wi, Xi) for 
i = 1, …, n observations. We let Yi be a continuously scaled 
outcome of interest, but the key ideas hold for other outcome 
types. We let Wi represent a q-dimensional set of exposures 
that make up the air pollution mixture. In air pollution stud-
ies, q is typically of moderate size, so while the methods here 
are general, they are most practical for q ≤ 10. We also observe 
a p-dimensional vector of covariates Xi that can be used to 
adjust for the confounding of the relationship between Wi and 
Yi. Formulating causal estimands begins with defining Yi(wi) 
as the potential outcome that would be observed for unit i 
had exposure for that unit been wi. Implicit in this defini-
tion of potential outcomes is the stable unit treatment value 
assumption (SUTVA46), encoding that the value of Yi(wi) does 
not depend on the manner in which the value wi is realized 
(no multiple versions of treatment), and that the potential 
outcome for unit i only depends on wi and not exposures to 
other units.

Causal estimands can be defined as any comparison 
between potential outcomes under two different values of wi. 
However, the nature of multivariate exposures introduces the 
key question: Which differences in w are actually of interest? 
While earlier development focused on estimating effects of 

*This chapter was originally published as Antonelli J, Zigler CM.  
2024. Causal analysis of air pollution mixtures: estimands, positiv-
ity, and extrapolation, Am J Epidemiol 193:1392–1398, https://doi 
.org/10.1093/aje/kwae115. Adapted with permission from Antonelli 
et al. 2025.

https://doi.org/10.1093/aje/kwae115
https://doi.org/10.1093/aje/kwae115
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changes in one mixture component at a time, there is growing 
appreciation that such estimands may not represent the full 
implications of changes in the mixture or have any bearing 
on how a mixture is expected to change in response to any 
practicable intervention.44,47 Throughout, we formulate causal 
estimands as comparisons between observed levels, Wi, 
and levels that might plausibly arise under some specified 
intervention of interest, Wi,int. Importantly, the action needn’t 
have actually occurred, such as in the case study of Keil and 
colleagues (2021)44 that assumed a uniform proportional 
reduction in six airborne metals that was expected under 
the decommissioning of nearby power plants. Alternatively, 
Wi,int may be linked to an actual change in mixture observed 
following an intervention, such as in Nethery and colleagues 
(2021)48 who targeted the impact of the Clean Air Act amend-
ments. Using a specific intervention has the dual purpose of 
anchoring inference to a practicable action and isolating from 
the infinitely many hypothetical changes in W. An additional 
benefit, which we prove important in subsequent discussion, 
is that this helps to ensure that interventions correspond to 
mixture levels that do not stray too far from those naturally 
observed. Note that there may be other scientific questions of 
interest in the analysis of mixtures, such as those studied in 
Gibson and colleagues (2019)35 that may not require formal-
ization as effects of interventions.

Let Δi = Wi − Wi,int denote the change in the environmental 
mixture for unit i in response to the intervention. Note that 
this shift is unit-specific to accommodate the case for which 
an intervention changes the mixture differently across the 
population being studied. For instance, an intervention to 
reduce pollution emissions from a point source may differ-
entially affect locations at various distances from the source. 
The causal estimand defining the effect of interest can be 
expressed as

1

1n
Y Y

i

n

i i i i int
�
� � � � � �� �W W

,
, � (1)

which represents the average impact of the change in mixture 
following the specified action across the n observations under 
study. Although we focus on (1), the considerations below 
apply to any estimand comprising a prespecified contrast in 
W. Note that this estimand can be viewed as a sample-level 
analog to the population-level estimands discussed in 
Haneuse and Rotnitzky (2013),49 who examined shifts in a 
univariate, continuous exposure from the observed exposure 
levels. One of the main benefits of their estimand, as well as 
our estimand in (1), is that focus is on exposure levels that 
could actually be observed for each unit in the study, which 
is not always the case when looking at prespecified levels of 
the exposure that are the same for all units. In other contexts, 
researchers have used similar ideas of grounding estimands 
in the observed exposure distribution, such as the stochastic 
estimands in Papadogeorgou and colleagues (2019),50 which 
modified exposure assignment depending on the observed 
propensity scores in their study.

3.2.2 Key Assumptions and the Importance of Mixture 
Positivity

Estimating (1) with observed data critically rests on several 
assumptions. Chief among them in observational studies is 
the assumption of no unmeasured confounding, which states 
that there are no unmeasured common causes of the mixture 
and the outcome. The importance of this assumption means 
that it must be carefully evaluated within the context of any 
study. Despite this importance, strategies for confounding 
adjustment are not the focus of this work, in part because 
confounding considerations are not unique to studies of 
environmental mixtures, with ample methodologies avail-
able from the context of a single exposure. Additionally, we 
explore the assumption of no unmeasured confounding in 
detail in Chapter 6.

The final foundational assumption required for the causal 
inference — and the one on which we focus most here — is 
that of positivity. Letting fW|X(w | X = x) denote the density 
of the exposures conditional on the covariates taking value x, 
positivity in our setting can be defined as

fW|X(Wi,int | X = Xi) > 0 for all Wi,int, Xi.

Note that our positivity assumption is unique to the 
sample-level estimand in (1), and other estimands would 
require a modified assumption. Many of the ideas presented 
here, however, extend to other notions of positivity. Positivity 
violations can be categorized into either structural positivity 
violations that occur when certain exposure values are not 
possible for certain covariate values, or finite sample positiv-
ity violations that come from not observing certain exposures 
for a particular covariate value in the sample, even if these 
are hypothetically possible.51 We focus on the latter of these 
two throughout, as it is more common in air pollution epide-
miology. The essence of the positivity assumption states that 
the observed data contain empirical support for estimating 
values of Yi(Wi,int) for all units: inferring the unobserved 
potential outcome under Wi,int for unit i requires observations 
with similar covariate values having been observed with that 
value of the mixture. Violations of positivity correspond to 
the absence of such information, in which case inference 
for causal effects must rely on extrapolation, typically using 
a parametric model. This assumption introduces threats to 
causal validity for air pollution mixtures that can be more 
salient than in studies of univariate exposures.

3.3 ILLUSTRATING POSITIVITY VIOLATIONS AND 
MODEL EXTRAPOLATION FOR ENVIRONMENTAL 
MIXTURES

In the case of a univariate exposure, there is ample litera-
ture on the positivity assumption and on the threats to validity 
that can arise amid its violations.52–54 To illustrate how these 
issues are exacerbated amid multidimensional consideration 
of whether a value of Wi,int lies within the observed joint dis-
tribution of a multivariate mixture, we simulate data with no 
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covariates, q = 2 exposures, and a moderately nonlinear expo-
sure-response curve. We use a large dataset of n = 1,000,000 to 
minimize sampling variability. Figure 3 shows both the mar-
ginal distributions of the two exposures, as well as the joint 
distribution of the two exposures for both the observed data 
and a hypothetical intervention distribution. Judging only 
from the marginal distributions, which would be analogous 
to positivity assessment in the univariate case, there is sub-
stantial overlap in the observed and intervention distribution 
for exposure 1, and a moderate degree of overlap for exposure 
2. Thus, marginal investigation of each mixture component 
indicates that values of Wi,int lie within the observed data. 
However, investigating the joint mixture distribution clearly 
indicates otherwise, with values of Wi,int falling completely 
outside of the observed distribution.

To illustrate the consequences of this lack of mixture over-
lap, we estimate the treatment effect using both a linear model 
and nonlinear models with 3 and 5 degrees of freedom natural 
cubic splines, each allowing for interactions between the mix-
ture components. For full details of the estimation strategies 
and data-generating mechanism for this simulation study, 
see the appendix in Antonelli and Zigler (2024).55 The true 
causal effect defined by (1) in this scenario is 1.45, the linear 
model estimates it to be 1.22, the 3-degree-of-freedom model 
estimates it to be 1.17, and the 5-degree-of-freedom model 
estimates it to be −0.37. The lack of overlap leads to extrap-
olation, which amplifies bias from model misspecification 
and results in poor estimates of the causal effect, particularly 
with more flexible models, which tend to perform worse. This 
example highlights three relevant issues for environmental 
mixtures. First, notions of overlap borrowed from the uni-
variate exposure case do not imply overlap in the mixture. 
Second, overlap for mixtures with q > 2 will be increasingly 
difficult to visualize and diagnose. Lastly, although we have 
omitted them for illustration, overlap and positivity must be 
evaluated conditionally on covariates X, a requirement that is 
even more restrictive and less likely to hold in practice.

3.4 POTENTIAL PATHS FORWARD: DIAGNOSING 
MIXTURE POSITIVITY AND ALTERNATIVE 
ESTIMANDS

The preceding section supports the need for formal 
diagnostics to identify and address problems stemming from 
positivity violations for environmental mixtures. We focus on 
situations without covariates X, although we emphasize that 
these same issues are likely exacerbated in the presence of 
confounders and discuss extensions in Section 3.6. Following 
similar ideas to diagnose model extrapolation presented in 
King and Zeng (2006),56 we use the concept of the convex 
hull of multivariate exposures. Intuitively, the convex hull of 
the exposures is the smallest polygon that contains all of the 
observed exposure values, and therefore, it can be thought of 
as the region where exposure values are actually observed. 
See Figure 4 for an illustration of the case of q = 2. If Wi,int 
lies outside the convex hull, then extrapolation is necessarily 
required to estimate potential outcomes under that value  
of Wi,int.

For each observation, we let Wi,hull denote the point in the 
convex hull that is closest to the intervention point Wi,int. 
Then, a metric quantifying how far the intervention point lies 
from the convex hull can be calculated as

Ri
i hull i int

i i int

�
� �
� �

distance

distance

W W

W W
, ,

,

,

,

where distance(w1, w2) is the Euclidean distance between 
points w1 and w2. The value of Ri is necessarily between 0 and 
1, with larger values implying a heavier reliance on model 
extrapolation, because the distance from the convex hull is 
large. The best value, Ri = 0, implies no model extrapolation 
because the intervention point already lies in the convex 
hull. The distribution of Ri across the sample can indicate the 
extent to which estimates of the quantity in (1) rely on model 
extrapolation. If Ri is small, such as less than 0.1, for all obser-
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Figure 3. The left panel shows the distribution of exposure 1 in the observed data and in the intervention distribution; the middle 
panel shows the same distributions, but for exposure 2; the right panel shows the bivariate distribution for exposures 1 and 2.  
Source: Adapted with permission from Antonelli et al. 2024.
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vations, then causal estimates will not be greatly affected by 
extrapolation. In contrast, high values of Ri in the sample 
indicate a threat of extrapolation and motivate alternative 
estimands such as those proposed in the following sections.

3.4.1 Alternative Estimand One: Effects of Feasible 
Exposure Changes

Upon diagnosing that estimation of (1) would rely on 
model extrapolation, estimands alternatively defined based 
on the convex hull may be of interest. One such estimand 
is to find a “feasible” level of exposure, Wi,feas, that is similar 
to the intervention value of interest but not subject to model 
extrapolation. Similar ideas were explored in Haneuse and 
Rotnitzky (2013),49 in which shifts in exposures were only 

considered if they did not violate the positivity assumption. 
We explore two options for feasible values:

1.	 Wi,feas = Wi,hull so that the feasible value is the point in the 
convex hull that is closest to Wi,int

2.	 Find the largest value of f between 0 and 1 such that 
Wi,feas = Wi + f (Wi,int – Wi) is in the convex hull.

An illustration of these two values can be found in 
Figure 4. The first specifies a mixture within the hull of the 
observed mixture values that is closest to the hypothesized 
mixture under the intervention. The second value represents 
a shift in the exposure mixture in the same direction as the 
hypothesized value under the intervention, but smaller in 
magnitude to remain within the hull of the observed data. In 
either case, the estimand in (1) can be decomposed as

1 1

1 1n
Y Y

n
Y Y

i

n

i i i i int
i

n

i i i i feas

feas

� �
� �� � � � �� � � � � � � �� �W W W W

, ,

iible estimand

i

n

i i feas i i int

e

n
Y Y

 

� ����� �����
� � � � � �� �

�
�1

1

W W
, ,

xxtrapolation component�

� ������ ������

This decomposition explicitly delineates the part of the 
causal effect that can be estimated with empirical support 
from the observed data, from the part that is only available 
through extrapolation.

Table 4 displays estimates of these effect components 
using the simulated data from Section 3.3. We see that the 
linear model underestimates both the overall effect and the 
feasible component, which is expected owing to the non-
linearity of the simulated outcomes. The nonlinear models 
provide estimates closer to the true value of the feasible com-
ponent, but get increasingly worse at estimating the extrap-
olation component as the complexity of the model grows. 
This illustration highlights the importance of decomposing 
(1). The feasible estimand is clearly less sensitive to model 
specification, while the extrapolation component is highly 
sensitive, with different models providing estimates very far 
from the truth as misspecification bias becomes amplified in 
the presence of extrapolation. The median value of Ri in these 
data is 0.34, suggesting a high degree of model extrapolation 
that ultimately yields sensitivity to model choice.

3.4.2 ALTERNATIVE ESTIMAND TWO: EFFECTS IN 
FEASIBLE SUBPOPULATIONS

An alternative option is to focus on a subpopulation with 
feasible values of Wi,int. We can define estimands as

8
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Exposure 1

E
xp

os
ur

e 
2

Illustration of convex hull

Figure 4. Illustration of the convex hull on a subset of the 
observed exposures from Section 3.3. The green point is 
an observed exposure of interest, Wi. The red point is the 
corresponding interventional point of interest, Wi,int. The blue 
points represent two different feasible values of the exposure 
that fall in the convex hull as described in Section 3.4.  
Source: Adapted with permission from Antonelli et al. 2024.

Table 4. Estimates of Treatment Effects Under Different Statistical Models from the Simulated Dataset of Section 3.3 
When Looking at Feasible Estimandsa

True Effect Linear Model 3 df Model 5 df Model

Overall effect 1.45 1.22 1.17 −0.37

Feasible component 0.81 0.68 0.75 0.74

Extrapolation component 0.64 0.54 0.42 −1.11

aSource: Adapted with permission from Antonelli et al. 2024.
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i

n

i i i i i intY Y
�

� � � � � �� �
1

� W W
,

,

where the gi are positive and sum to 1 (i.e., ∑igi = 1). The effect 
in (1) is a special case where gi = 1/n for all i, implying that 
all data points are assigned equal weight. However, when 
confronting a lack of overlap, weights can be incorporated so 
that observations requiring more extrapolation receive less 
weight in the definition of the causal effect. Similar estimands 
that downweight observations requiring more extrapolation 
have been used previously, such as those in Vansteelandt and 
Dukes (2022)57 or in Li and colleagues (2018). One option is to 
specify weights gi = 0 for all units with Ri above some thresh-
old, excluding units from the treatment effect that exhibit 
exposure values requiring large amounts of extrapolation. This 
approach is commonly done for binary treatments, wherein 
units with extreme propensity score estimates are trimmed 
from the sample before estimating treatment effects.58–62 A 
continuous alternative would assign values of gi inversely 
proportional to the amount of extrapolation required for each 
data point. For example, setting
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would assign the largest weights to points requiring no 
extrapolation, and decreasing weight as the amount of 
extrapolation increases. These weighted estimands present 
a trade-off between interpretability and bias with respect to 
the overall effect in (1). While less susceptible to bias ampli-
fied by model extrapolation, they estimate an effect in some 
weighted subpopulation that may be difficult to understand 
or describe. Table 5 shows estimates from the simulated data 
from Section 3.3 when using gi = 1/n and when using weights 
that are trimmed so that only observations with Ri < 0.05 are 
included. We see that the true value of the estimand changes, 
but importantly, the lack of required extrapolation leads 
all models to provide similar estimates of this alternatively 
defined effect.

3.5 ILLUSTRATION OF UNITED STATES AIR 
POLLUTION MIXTURES

We illustrate the ideas above in the context of estimating 
causal effects of ambient PM2.5 component mixtures. We 
only consider exposure data, as the approach would hold 
direct relevance in estimating the effect of these mixture 
components on any health outcome. Extensions to adjust for 
observed confounding are discussed in Section 3.6.

Air pollution exposure data for the year 2015 are obtained 
from the Atmospheric Composition Analysis Group.30 We 
use data on annual average levels of BC, OM, NH4, NIT, and 
SO4 within the contiguous United States. We examine com-
monly specified causal mixture effects with values of Wi,int 
corresponding to (a) reducing a single mixture component 

by a specified proportion, or (b) simultaneously reducing 
all mixture components by a specified proportion. In both 
cases, the proportion specified is varied from 10% to 90% 
to investigate increasingly pronounced reductions and use 
the metrics defined in previous sections to explore the degree 
of empirical support for estimating the health effects of such 
shifts in exposures. Note that while we only focus here on 
settings where all components of the mixture are shifted in 
the same direction, the same ideas would hold for any shift in 
exposures caused by the intervention.

Figure 5 shows the percentage of Wi,int values that fall 
inside the convex hull of the observed exposure data as the 
exposure reduction becomes more pronounced. As expected, 
more extreme reductions result in fewer values of Wi,int fall-
ing within the convex hull. The degree to which empirical 
support suffers varies according to the specific estimand: 
Specifying a reduction in only OM or BC yields many values 
of Wi,int outside the convex hull, even under relatively small 
reductions. Other components, such as NIT or NH4, could 
be specified with large exposure reductions and still contain 
a majority of the implied values of Wi,int within the convex 
hull. The estimand specifying simultaneous reduction of all 
mixture components maintains nearly all observations within 
the convex hull up to percent reductions of 50%, but larger 
reductions lose empirical support quickly.

An examination based on the distance from the hull 
encoded by Ri is depicted in Figure 6. Results echo those of 
Figure 5. A 50% reduction in all components shows that most 
values of Ri at or near 0, but assuming a 90% reduction yields 
more values of Ri further from zero. The estimand, consider-
ing a 50% reduction in only OM, has many values of Ri far 
from zero, with a 90% reduction in OM corresponding to an 
extreme case where extrapolation is required to estimate the 
effect of such a reduction.

This illustration presents three key points related to 
estimating causal effects of PM2.5 component mixtures. First, 
the degree to which a particular mixture estimand can be 
supported with empirical observations versus model extrap-
olation is dependent on which component(s) are of interest. 
Second, larger reductions in exposure will be harder to esti-
mate without extrapolation, with most estimands exhibiting 
very little empirical support for reductions greater than 50%. 
Finally, note that the simultaneous estimand indicates more 
robustness to model extrapolation than some of the estimands 

Table 5. Estimates of Treatment Effects Under Different 
Statistical Models from the Simulated Dataset of 
Section 3.3 When Looking at Trimmed Estimandsa

True 
Value

Linear 
Model

3 df 
Model

5 df 
Model

Equal weights 1.45 1.22 1.17 −0.37

Trimmed weights 0.79 0.66 0.73 0.71

aSource: Adapted with permission from Antonelli et al. 2024.

https://doi.org/10.1093/aje/kwae115
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Figure 5. Percentage of Wi,int values that fall within the convex hull of the observed mixture data. Source: Adapted with permission 
from Antonelli et al. 2024.
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corresponding to single-component reductions, highlighting 
the importance of considering the entire joint mixture distri-
bution when diagnosing positivity violations and empirical 
support for causal effect estimation. Ultimately, the useful-
ness of the alternatively defined estimands in Section  3.4 
must be judged in light of the degree of extrapolation and the 
implied differences with the overall effect in (1).

3.6 DISCUSSION AND CONCLUSIONS

We have emphasized the importance of defining relevant 
causal estimands for air pollution mixtures and formalized 
how positivity violations and reliance on model extrapolation 
can challenge estimation. Relative to other important meth-
odological considerations for causal inference that can follow 
development in the case of a univariate exposure, these issues 
present a particularly pressing challenge when attempting 
causal inference with mixtures.

Using the convex hull of observed exposures, we quanti-
fied the extent to which a specified mixture estimand can be 
supported by available data. This work has conceptual links 
to previous work assessing the dangers of model extrapolation 
when drawing causal inferences across regions of covariate 
space with limited representation for each of two treatment 
groups.56 In the context of air pollution mixtures, when esti-
mands of initial interest correspond to mixture values that 
are not represented in the observed data, we proposed novel 
alternative estimands as useful quantities for understanding 
the effect of environmental mixtures that are less reliant on 
model extrapolation. Even when some degree of extrapolation 
is necessary — which is a common setting in the analysis of 
mixtures — it is essential to assess sensitivity to model speci-
fication and evaluate the degree to which ultimate inferences 
rely on modeling assumptions versus empirical support from 
the observed data.

Whenever dealing with positivity violations, researchers 
must thoroughly consider the trade-off between interpretabil-
ity and feasibility that comes with the modified estimands 
considered here. The proposed estimands are more feasible 
in terms of being able to estimate them from the observed 
data, but they lose interpretability relative to the original 
estimand of interest, which is driven by scientific expertise 
or a particular policy choice. There are two ways in which 
the proposed estimands lose interpretability. For one, we 
focused on sample-level estimands that are unique to the 
observed data and may not generalize well to other pop-
ulations. This approach is somewhat less problematic as it 
can be addressed by looking at population-level estimands 
and exploring treatment effect heterogeneity, which can 
inform how the exposure effects may differ in populations 
with different characteristics. For this reason, we explore 
this issue thoroughly in the following chapter by reviewing 
approaches we developed for exposure effect heterogeneity 
with air pollution mixtures. A potentially more problematic 
issue that affects the interpretability of estimands arises when 
we explore feasible levels of exposure or weighted estimands, 

which were considered in Section  3.4. These necessarily 
change the target of inference, and researchers must take great 
care in ensuring that the proposed estimands maintain public 
health relevance and still address the scientific question of 
interest that motivated the study.

The theoretical underpinnings of our discussion of air 
pollution mixtures extend to more general forms of envi-
ronmental mixtures. The dominant practical consideration 
relates to the number of mixture components, which could 
far exceed that typical of air pollution mixtures in, for 
example, exposome-wide association studies. While the 
diagnostics proposed in this report could still be performed, 
they will likely indicate very little information in the data 
to estimate causal contrasts of high-dimensional exposures, 
and the proposed alternative estimands may be of limited 
use. Additionally, the present work focuses on positivity 
violations that require extrapolation outside the convex hull 
of the exposure data, but violations can also arise within the 
convex hull when exposure values in the hull still differ from 
observed values. This issue can give rise to the need for inter-
polation to support estimation of causal effects, which, while 
distinct from extrapolation, might prove equally salient in 
high-dimensional settings where sparsity within the convex 
hull of exposures persists. Additional metrics to quantify the 
degree of sparsity and interpolation are warranted.

For simplicity, the exposition reviewed here did not 
explicitly consider simultaneous confounding adjustment, 
which would always be required in observational settings. 
In technical terms, our discussion focused on marginal 
positivity with respect to the marginal exposure distribution, 
whereas notions of conditional positivity (conditional on 
covariate values, X) are analogous and essential. Conditional 
positivity represents a more restrictive assumption, and 
therefore any issues with model extrapolation identified in 
marginal distributions of the exposures are expected to be 
exacerbated when additionally conditioning on covariates. 
Because of the importance of this extension, we briefly dis-
cuss how one could potentially apply the same ideas once 
covariates are included. Both of the alternative approaches to 
inference in the presence of positivity violations discussed in 
Section 3.4 can be extended to address issues of conditional 
positivity violations. When defining a feasible level of expo-
sure Wi,feas, we could find the value of the exposures that is 
closest to Wi,int, but also satisfies the positivity assumption 
in the sense that fW|X(Wi,feas | X = Xi) > t. Here fW|X is the 
conditional density of the exposures given the covariates, and 
t > 0 is a prespecified threshold value that ensures positivity 
holds. This approach would require an estimate of the dis-
tribution of the exposures given the covariates, also known 
as the generalized propensity score,43 but would ensure that 
the exposure effects being examined are those that the data 
can empirically support. The decomposition of the original 
estimand into feasible and extrapolation components would 
still hold and would allow researchers to target exposure 
effects less susceptible to extrapolation. The second alterna-
tive approach involved weighting the units in our sample, 
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where weights gi were close to zero for units that required 
more model-based extrapolation. Similar ideas would hold 
for conditional positivity, where the weights would depend 
on the magnitude of fW|X(Wi,int | X = Xi). Observations with 
small values of this density are those that would require a 
high degree of extrapolation, and therefore they should 
receive small values of gi. As seen in Section  3.4, we can 
even set gi = 0 for observations with overly small values of 
fW|X(Wi,int | X = Xi), which represents a trimming estimator 

related to that seen in Branson and colleagues (2023).63 A 
more thorough investigation of these extensions is a topic 
for future research, which would be required for broader use 
of this methodology due to the importance of confounding 
adjustment. Nonetheless, we hope that the discussion of 
the marginal case can help focus attention on positivity and 
extrapolation with exposure mixtures and that the provided 
tools can anchor continued progress in causal effect estima-
tion in the context of environmental mixtures.

CHAPTER 4: HETEROGENEITY OF THE 
HEALTH EFFECTS OF AIR POLLUTION 

MIXTURES

4.1 INTRODUCTION

Interest has been growing in the environmental statistics 
literature about the best ways to model the health effects of 
environmental mixtures.35,64,65 In light of this increased inter-
est, several different approaches have been developed to fill 
this gap. One popular approach is known as Bayesian kernel 
machine regression (BKMR17), which utilizes Gaussian pro-
cesses combined with model selection to identify important 
components of a mixture, while allowing for nonlinear 
relationships between the exposures and the outcome. A 
number of other approaches have been developed as well 
that have aimed to address any number of concerns that are 
commonly found in the analysis of environmental mixtures, 
such as identifying interactions between exposures, allowing 
for nonlinear exposure-response curves, and addressing 
high degrees of correlation between exposures, among oth-
ers.14,16,18–23,66,67 These approaches are widely used and have 
been immensely useful for researchers trying to disentangle 
complex associations between environmental exposures and 
health outcomes.

While useful, these approaches all assume that the effect of 
the mixture is homogeneous with respect to other covariates 
observed in the data, which is partially driven by the fact 
that modeling a flexible relationship between a large set of 
exposures and an outcome is already a difficult problem, even 
without the additional complication that this effect may vary 
across people with different characteristics. A natural next 
step, however, is to allow the mixture effect to vary across 
subgroups of the population, which is particularly important 
for air pollution research, as recent analyses of PM2.5 have 
found associations that vary by effect modifiers such as race, 
age, or socioeconomic status.68,69 In this work, we develop a 
flexible, nonparametric Bayesian methodology to estimate 
the health effects of air pollution mixtures that allows this 
association to be modified by characteristics of the population 
being exposed to increased levels of pollution.

Before discussing our approach in more detail, it is 
important to note that while this methodology was devel-
oped for the problem of air pollution mixtures specifically, 
it has implications in the broader causal inference literature. 
This problem is typically referred to as treatment effect het-
erogeneity in this body of literature and has received a lot 
of attention recently.70–73 Nearly all of this focus, however, 
is on the simpler problem for which exposure is a single, 
binary variable, such as in clinical trials wherein a patient 
is assigned to one of two treatment arms. Clearly, statistical 
modeling of effect modification is more complicated for mul-
tivariate, continuous exposures than for univariate, binary 
ones; however, the problem is also more complex from a 
conceptual perspective, which is because it is not apparent 
what quantities we wish to estimate from our models. Each 
exposure in a mixture can have effects that are modified 
by characteristics of the population, but they might vary 
in distinct ways, and it is not clear how to summarize this 
effect modification in a scientifically meaningful manner. 
In the binary exposure setting, some work has been done to 
summarize the nature of the heterogeneity in exposure effects 
by identifying covariates that modify the exposure effect the 
most,74–76 but these do not immediately apply to the setting of 
air pollution mixtures. We address these issues by first defin-
ing meaningful quantities that summarize effect modification 
for air pollution mixture effects and then by developing 
statistical methodology to estimate such effects. Note that for 
the remainder of this chapter, we refer to effect modification 
and exposure effect heterogeneity interchangeably, as both 
terms are used to describe settings in which the effect of the 
air pollution mixture is modified by other covariates.

4.2 SUMMARIZING EFFECT MODIFICATION FOR AIR 
POLLUTION MIXTURES

As in Chapter 3, we assume that we observe (Yi, Xi, Wi) for 
i = 1, …, n observations in the data. The outcome of interest is 
Yi, which will represent the mortality rates for zip code i. The 
exposures for zip code i are given by Wi, and the covariates 
that represent characteristics of zip code i are given by Xi. 
As before, Yi(w) denotes the potential outcome that would 
have been observed if exposure had been set to w for zip code 
i. We make the following causal assumptions throughout 
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this chapter that are used to identify causal effects from the 
observed data:

i. SUTVA77: Exposure for one zip code does not affect
potential outcomes for other zip codes, and exposure is
well defined in the sense that Yi = Yi(Wi).

ii. Positivity: 0 < fW|X(w | X = x) for all x and w where fW|X

is the conditional density of the exposures given the
covariates.

iii. No unmeasured confounding: Y(w) ⊥ W | X for all w.

Positivity was discussed in detail in Chapter  3. SUTVA
allows us to link our observed outcomes to the potential 
outcomes, and the no unmeasured confounding assumption 
ensures there are no unmeasured variables that confound the 
exposure–outcome relationship. One issue in this setting is 
that both exposures and covariates are multivariate, and the 
exposures are necessarily continuous, which means there are 
infinitely many estimands one could target in this setting. As 
a starting point, we can assume that we have two sets of expo-
sure values given by w1 and w0, under which we want to com-
pare the outcomes. These could be two hypothetical levels 
of the air pollution mixture before and after an intervention 
is applied to reduce air pollution. They could also represent 
levels above and below the current National Ambient Air 
Quality Standards levels. Then we could examine

�w w E Y Y
1 0 1 0,

| },x w w X x� � � � � � � � �{

which represents the expected effect on mortality that this 
shift in the air pollution mixture would cause, for a zip code 
with characteristics x. We could examine this function across 
different zip code characteristics to see what type of individ-
uals are most impacted by such a change in the air pollution 
mixture.

In other scenarios, however, there may not be two distinct 
exposure levels of interest, and we care about heterogeneity 
of the overall mixture effect. Suppose then that we have some 
baseline level of the mixture denoted by w0. Importantly, this 
choice of w0 should not greatly affect the results that follow. 
Given this choice, we can define
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which is a function of both covariates and exposures and 
describes how the outcome of interest varies by these two 
quantities. This quantity is not particularly interpretable as it 
depends on two multivariate quantities and therefore cannot 
be easily visualized or summarized. To address this issue, 
we develop what we subsequently refer to as multivariate 
treatment effect variable importance measures (MTE-VIM) 
that summarize the extent to which each covariate modifies 
the effect of the exposures. To construct these importance 
metrics, we first define the following two quantities:
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Here we let X−j represent all covariates excluding the j-th 
covariate. These quantities are closely related to a variety 
of variable importance metrics that have been proposed in 
recent literature, such as leave-one-covariate-out,78 or the 
minimum mean squared error gap and the corresponding 
Floodgate procedure.79 These approaches all aim to infer 
how much prediction accuracy is lost without the inclusion 
of a particular covariate. One key difference here is that we 
are applying these ideas to the treatment effect function 

� ,� �x w  , and therefore are aiming to infer how much effect
modification exists, and how much of this effect modification 
is driven by particular covariates. Specifically, f is a measure 
of the overall amount of heterogeneity in the mixture effect 
due to covariates X, which can also be described as the overall 
amount of effect modification. The second quantity fj is inter-
preted as the overall amount of heterogeneity in the mixture 
effect due to covariates X, which can be explained without 
covariate j. fj is necessarily less than f, and small values of fj 
relative to f indicate that covariate j is an important modifier 
of the effect of the air pollution mixture. Our final quantity 
that we focus on is given by

�
�

�j
j� �1 ,

which is the proportion of the treatment effect heterogeneity 
of �w0

x w,� �  that cannot be explained without covariate j.
This quantity is useful as it is scale-free and lies between 0 
and 1, with values close to 0 indicating that covariate j does 
not greatly modify the exposure effect, with larger values 
indicating that the particular covariate is a very important 
driver of heterogeneity of the mixture effect.

One difficulty with this estimand is that statistical infer-
ence, particularly the construction of confidence or credible 
intervals, becomes challenging near the null value of yj = 0 
when covariate j is not an effect modifier. The main conse-
quence of this issue is that confidence intervals constructed 
in a standard manner will contain the true parameter yj 
less often than the stated coverage rate. This point was dis-
cussed in detail in Verdinelli and Wasserman (2023),80 who 
proposed ad hoc adjustments to address this issue, which 
could potentially be applied in our setting, although we 
leave this as a topic for future research. Despite this issue, 
the proposed importance measures still provide users with 
a relative measure of the importance of each covariate in the 
overall exposure effect, which helps identify subgroups of the 
population most affected by the exposures.

4.3 STATISTICAL MODELING FRAMEWORK

Given that the positivity, SUTVA, and no unmeasured con-
founding assumptions all hold, we are able to write estimands 
of interest in terms of quantities that can be estimated from 
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our observed data. Specifically, under these assumptions, we 
have

E Y E Y{ (w X x X x W w� � � � � �| } | , ),

which is simply a conditional expectation that we can esti-
mate using regression approaches. Much of the statistical 
literature on environmental mixtures focuses on estimating 
this model in a way that allows for the nonlinear effects of 
W on Y, but does not focus on the effects of X. Most models 
take the form

E Y g( | , ) ,X x W w x w� � � � � ���

and they incorporate flexible models for g(w) that allow for 
interactions between mixture components and nonlinear 
exposure-response curves. These models all make an addi-
tivity assumption by separating the effects of X and W in a 
way that ensures the effect of w on Y does not depend on 
covariates X. To drop this assumption, and to allow the effect 
of the mixture to change with x, we fit a model of the form

E Y c f g h x
j
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where xj is the j-th component of x. This allows for interac-
tions between exposures and covariates, which will induce 
heterogeneity in the mixture effect. We want to ensure that 
hj(xj , w) truly captures interactions and does not simply 
capture main effects of xj or w, which should be captured by 
f(x) and g(w), respectively. For this reason, we impose that 
h x h x hj j j

cov
j j

exp, w w� � � � � � �  to ensure this function only 
captures heterogeneity. Even with this restriction, the indi-
vidual functions are not currently identifiable from the data, 
and additional constraints must be imposed on the model. 
We detail these constraints and other technical details of this 
model in Shin and colleagues (2024).81 The main issue we 
focus on in this report is how we choose to model f(x), g(w), 
and hj(xj , w).

4.3.1 Variations of Bayesian Additive Regression Trees

For each of the individual functions, we incorporate 
recent extensions to Bayesian additive regression trees 
(BART),82 which have been shown to work exceedingly well 
in a wide range of contexts, including recent causal inference 
estimation competitions.83 We will not discuss many of the 
technical details of different BART-based prior distributions, 
but we point readers to recent reviews in Linero (2017) and 
Hill and colleagues (2020) for approachable backgrounds to 
these models.84,85 The standard BART model, if applied to f(x), 
takes the form

f x Tree
m

M

m� � � � �
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m

where Tree mx, ,T M
m� �  corresponds to a regression tree 

function of x with tree structure m  and predictions in ter-
minal nodes given by m. To provide intuition (conceptual 
insight) for these values, Figure 7 shows a single regression 

tree as a function of age and smoking status. The tree structure 
m  represents the fact that we first split the covariates on 
whether age is above 70, and then split on smoking status 
conditional on age being below 70. The terminal node values 
m  are given by (5.20, 6.14, 6.45), and they are the output 
of the function in each node of the tree. BART fits M of these 
regression trees and averages the results across all trees. The 
prior distribution for BART encourages shallow trees, or 
trees without many splits, and places shrinkage priors on 
the terminal node values. The default prior distribution for 
BART has been shown to work well in general settings, and 
it requires very little tuning by the user. The only potential 
issue is that the discrete nature of decision trees may not 
approximate smooth exposure-response curves between air 
pollutants and health outcomes. For this reason, we adopt 
a recent extension, referred to as SoftBART,86 which should 
approximate smooth functions better than standard BART. 
Figure 8 shows this for a simulated exposure-response curve, 
as we can see that the SoftBART model is much smoother and 
generally more accurate than the standard BART model.

As a result, we use the SoftBART model for both f(x) 
and g(w), but this does not immediately apply to modeling 
hj(xj, w), which captures interactions between exposures 
and covariates. Following Li and colleagues (2022),87 we  

assume that h x x Treej j m j mm

M
, , ,w w� � � � � � ��� B T M

m1
, 

where m j m j mx x b� � � �� �2cos �  for some constants wm 

and bm, which we also estimate. We also use SoftBART for the 
trees in these interaction functions to obtain the same benefits 
as for the main effect functions. This model is quite flexible, 
but importantly, we can also place shrinkage priors on the 
parameters of the hj(xj, w) functions so that we can shrink 
these functions toward zero if the effect of the mixture is in 
fact homogeneous. Simulation studies in Shin and colleagues 
(2024)81 showed that this modeling approach outperforms 
popular models, such as BKMR, even when there is no 
heterogeneity of the mixture effect, and is well suited to 
capturing heterogeneity of mixture effects.

4.4 DATA ANALYSIS

In this section, we incorporate the aforementioned statisti-
cal methodology into our analysis of the US Medicare cohort. 

Figure 7. Illustration of a single regression tree.
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For this analysis, we look at the following list of exposures: 
PM2.5, NH4, NIT, SO4, EC, organic carbon, and ozone. The 
set of covariates included in the model as both confound-
ers and modifiers of the mixture effect are percentage dual 
eligibility to Medicaid, average age, percentage female, 
percentage White individuals, average BMI, smoking rates, 
median household income, population density, percentage of 
owner-occupied housing, and median house value. For more 
details on these covariates and exposures, as well as where 
they were obtained, see Chapter 2. The outcome of interest is 
the mortality rate within a particular zip code and year, and 
our analysis was conducted separately by year. This approach 
was taken for computational reasons, as it was too large a 
computational burden to fit the aforementioned models on 
one dataset that contains all zip code and year pairs. Our 
approach was a Bayesian model, and we ran the Markov chain 
Monte Carlo (MCMC) algorithm for estimating the posterior 
distribution of all model parameters for 5,000 iterations, in 
which we removed the first 1,000 and only kept every fourth 
iteration after this burn-in period. Convergence diagnostics, 
such as the potential scale reduction factor,88 were examined 
along with visual inspection of trace plots to confirm MCMC 
convergence.

4.4.1 Results

Before examining the heterogeneity of the health effects 
of the air pollution mixture, we examined estimates of mar-
ginal effects that average over the covariate distribution in 
the population. Specifically, we estimated E[Y(w1) − Y(w0)], 
where we let w1 represent the third quartile of all exposures, 
and w0 represents the first quartile, which implies that 
a positive estimate would denote a detrimental effect of 
air pollution on mortality. These results can be found in 

Figure 9, which shows these results broken down by year, 
along with an overall estimate. The overall point estimate 
was taken as the average of the yearly estimates, and the 
corresponding interval was derived by assuming a normal 
approximation. To obtain the variance of this normal dis-
tribution, the covariance matrix of all the point estimates 
was assumed to follow an autoregressive structure with lag 
1 and a high correlation of 0.8 between adjacent years. While 
statistical significance varies across years, in each year the 
model estimates that increasing pollution leads to increases 
in mortality, with the mortality rate estimated to increase by 
0.5 deaths per 100,000 person-years when averaged over all 
years in the study.

These results are indicative of a harmful effect of pol-
lution on mortality, but we then investigated whether this 
effect is larger in certain subgroups of the Medicare popu-
lation than in others. To understand this question better, we 
first examined the MTE-VIMs, which quantify how much 
each covariate modifies the exposure effect. Table 6 shows 
estimates of the MTE-VIM for each covariate, averaging 
over the estimates for each individual year. Dual eligibility 
to Medicaid has the largest variable importance metric, 
followed closely by the percentage of White individuals in 
a zip code. The interpretation of these quantities is such 
that approximately 22% of the effect modification can only 
be captured by dual eligibility to Medicaid. Other variables 
such as age, population density, and gender contribute 
somewhat to effect modification, but much less so than the 
aforementioned characteristics. We now examine these two 
key contributors to effect modification in greater detail, along 
with average age, which is both a well-established modifier 
of air pollution effects and the variable with the third-highest 
MTE-VIM value.
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Figure 8. Comparison between BART and SoftBART on a simulated example. The true exposure-response curve is given by the  
red line.



 22

Robust Statistical Approaches to Understanding the Causal Effect of Air Pollution Mixtures

in Figure 9. Effect modification is a more complex quantity 
to estimate and tends to have more uncertainty around it 
than marginal effect estimates. Nonetheless, these results 
clearly show that dual eligibility to Medicaid and race are 
very important for understanding effect modification for air 
pollution mixtures on mortality. In 2014, it is estimated that 
dual eligibility to Medicaid accounts for over 50% of the vari-
ability in exposure effects, while race explains nearly 30% of 
this variability in seven of the study years assessed. There is 
more uncertainty in the estimates for average age, as its MTE-
VIM is effectively zero for many years but is substantially 
higher in five of the years studied. Part of the reason for this 
uncertainty could be explained by the fact that the range of 
average ages within zip codes in the Medicare population is 
very small. The 10th and 90th quantiles of average age in our 
study were approximately 71 and 75, respectively, which is 
not a large age range to consider and highlights one limitation 
of our study design that assessed zip code–level data rather 
than individual-level data. While this analysis provides 
insight into which variables are effect modifiers for the effect 
of the air pollution mixture that was studied, the extent of this 
effect modification may differ in individual-level studies with 
greater variability in covariate values. The example discussed 
above, showing the small amount of variability in average age 
within our study, highlights this challenge. There may not 
be large differences in the exposure effects for individuals of 
ages 71 and 75, but there may be very large differences in 
exposure effects for individuals of ages 65 and 85, which we 
cannot detect in our setting with zip code–level data.

While the MTE-VIM values provide information about 
which covariates drive the effect modification of the exposure 
effect, we can further examine the direction of the relationship 
between these covariates and susceptibility to air pollution 
exposure. To do this, we can visualize E{Y(w1) − Y(w0) | X = x} 
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Figure 9. Yearly estimates and 95% credible intervals of the effect of increasing all components of the air pollution mixture from their 
first to third quartiles.

Table 6. MTE-VIM for Each Covariate Averaged Across 
All Years of the Study

Variable Average MTE-VIM

Percentage female 0.065

Dual eligibility to Medicaid 0.222

Average age 0.089

Percentage White 0.193

Average BMI 0.004

Percentage smoking 0.004

Average income 0.021

Median house value 0.018

Percentage with high education 0.018

Population density 0.061

Percentage owner-occupied housing 0.004

Average summer temperature 0.033

Average summer precipitation 0.038

In Figure 10, we see the posterior means and corresponding 
95% credible intervals for the MTE-VIM value of these three 
covariates across all years. Note that credible intervals were 
calculated as the 0.025 and 0.975 quantiles of the posterior 
distribution of the MTE-VIM, and they need not be symmetric 
around the posterior mean, particularly for such a parameter, 
which is required to be between 0 and 1. One key takeaway 
from this plot is that there is a lot more variability in these 
estimates compared with the marginal effect estimates seen 
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The results are less clear for race, as some years indicate an 
increasing trend in the percentage of White individuals, while 
others show a decreasing trend. Such mixed findings have 
been found before, as previous studies of the health effects of 
PM2.5 have shown smaller effects in areas with larger propor-
tions of Black residents.69 One potential explanation for this 
finding is survival bias.89,69 The existing literature shows that 
minorities are disproportionately exposed to air pollution,90,91 
which can result in premature deaths of racial minorities sus-
ceptible to air pollution even before enrolling in Medicare.92–94 
Overall, our mixed findings across years, along with this prior 
research, show that race likely plays a modifying role in the 
health effects of air pollution, but further research is needed 
to uncover the exact nature of this relationship.

4.5 DISCUSSION AND CONCLUSIONS

In this chapter, we discussed a new methodology we have 
developed that tackles issues prevalent in the causal analysis 
of environmental mixtures. From a statistical perspective, 
we developed Bayesian nonparametric models that allow 
for nonlinear effects with interactions between exposures, 
while also allowing the effect of the mixture to depend on 
other covariates. This approach should provide more accurate 
estimates of the health effects of environmental mixtures, but 
also provides information about which parts of the population 
are most affected by air pollution, which is important from a 
public health perspective. Beyond statistical modeling, we 
also provided users with new estimands that help simplify 
the complex, heterogeneous effects of mixtures, which allows 
users to identify covariates that modify the mixture effect the 
most, leading to the identification of subgroups most suscep-
tible to the adverse health effects of air pollution.

These new estimands and statistical approaches proved 
useful in the analysis of air pollution mixtures in the US Medi-
care population, where our models estimated that the effect of 
air pollution was indeed modified by certain characteristics. 
Consistent with prior literature, we found that increasing air 
pollution levels leads to increases in mortality. Additionally, 
we estimated that the effects of air pollution on mortality are 
increased for older individuals and for those of a lower socio-
economic status, as indicated by their dual eligibility for Med-
icaid. We also found that race modifies this effect, but further 
research is required to understand the nature of this effect 
modification. This analysis relied on multiple assumptions, 
which we address in subsequent chapters of this report. For 
one, exposure was assigned to individuals based on exposure 
in their home zip code, although individuals travel to differ-
ent zip codes during daily activities. We evaluate the effect of 
this assumption and propose potential remedies to address 
this issue in Chapter 5. Additionally, these results relied on 
the assumption that there are no unmeasured confounders of 
the exposure–outcome relationship. Given the strength and 
importance of this assumption to the estimation of exposure 
effects such as those explored in this chapter, we assess the 
robustness of our findings to unmeasured confounding bias 
in Chapter 6.
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Figure 10. Posterior  means and 95% credible intervals of the 
MTE-VIM across all study years for dual eligibility to Medicaid, 
race, and age.

for a particular set of x values. We can fix all but one of the 
covariate values at a chosen value; in this case, we choose 
their mean value, and then increase the value of the covariate 
of interest across the range of its plausible values. An increas-
ing trend in this function would show that increasing values 
of this covariate lead to larger effects of the exposure on mor-
tality. Figure 11 shows these functions for the three covariates 
of interest, across four evenly spaced years in our study, along 
with an overall estimate that averages across all years. The 
pooling across years was done in the same manner as for 
the marginal effects, which was described above. We see a 
consistent set of findings across all years for dual eligibility to 
Medicaid. As the percentage of Medicare enrollees who have 
dual eligibility goes up, the exposure effects become larger 
and more harmful. Dual eligibility to Medicaid is an indicator 
of low socioeconomic status, and therefore, this result shows 
that the negative health effects of air pollution are more pro-
nounced among individuals with low socioeconomic status. 
The results for age are also fairly intuitive, as the general 
trend across years is that increasing age leads to increased 
effects of exposure to air pollution, although these effects are 
much smaller than those from dual eligibility to Medicaid. 
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Figure 11. Posterior  means and corresponding 95% credible intervals of conditional exposure effects when the covariate of interest 
is varied, but all other covariates remain fixed at their average value.
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CHAPTER 5: ACCOUNTING FOR 
MOBILITY WHEN ESTIMATING THE 

HEALTH EFFECTS OF AIR POLLUTION 
MIXTURES

5.1 INTRODUCTION

Exposure assessment is a critical component of research 
that examines the relationship between air pollution expo-
sure and public health. It involves assigning each study 
subject a value for air pollution exposure, typically informed 
by their home address or geographic area, such as zip code, 
even though people often travel for work or other activities. 
Several studies have examined this issue and shown that 
ignoring daily mobility can introduce exposure measurement 
error, as exposure in home regions may differ from that in 
areas where individuals travel.95–97 Not surprisingly, the 
degree of this measurement error is strongly associated with 
the nature of individuals’ mobility patterns and the spatial 
variability in the pollutant being studied.98 Cell phone mobil-
ity data has been used to approximate mobility in New York 
City, and it was found that estimates of population exposure 
to air pollution change substantially once mobility is taken 
into account.99 Recent studies have also shown that exposure 
to pollution through daily mobility may affect low-income 
populations more, which exacerbates existing disparities in 
air pollution exposure.100 Another key challenge, which we 
focus on in this chapter, is the downstream consequences for 
subsequent health effect estimation. Measurement error in 
exposures is well known to bias estimates of exposure effects, 
which suggests that ignoring daily mobility may bias the 
causal effects of air pollution mixtures. Setton and colleagues 
(2011)101 studied the effect of this measurement error and 
argued that it followed an extension of the classical measure-
ment error framework that allows for correlation between the 
measurement error and the true, unknown level of exposure, 
suggesting that ignoring mobility can bias health effect esti-
mates toward the null of no effect of the exposure on health 
outcomes. In this chapter, we formalize this issue within a 
causal inference framework and provide insights into the 
bias that can occur when mobility is ignored in more general 
settings or when a multivariate mixture is studied instead of 
a single exposure. We also summarize how to correct for this 
bias by incorporating estimates of population-level mobility 
obtained from cell phone mobility data.

While the focus of this chapter is on the implications that 
mobility has on health effect estimation, mobility has broader 
implications in the causal inference literature on interference. 
Interference occurs when the outcomes of one unit in a study 
are affected by the exposures of other units.102–105 These ideas 
have been explored specifically in the context of air pollution 
to better understand the effects of interventions on power 
plants106,107 and those of the United States Environmental 

Protection Agency’s nonattainment designations.108 In the 
context of power plants, interference occurs because an inter-
vention to reduce exposure from one power plant can have 
impacts on pollution levels in many different areas, depend-
ing on wind direction and other atmospheric processes. We 
formalize the issue of mobility as an interference problem, 
given that exposure levels in one geographic area can affect 
individuals in other areas if those individuals travel to that 
area during daily activities. We build on the interference liter-
ature by studying what happens when interference (mobility) 
is ignored109 or if the nature of the interference is misspecified 
and estimated with error.110,111 Additionally, nearly all work 
in interference focuses on single, binary exposures, whereas 
we develop a methodology for interference when there are 
multiple, continuous exposures.

5.2 FORMALIZING THE EFFECT OF MOBILITY

As in the previous chapters, we denote the outcome for 
zip code i by Yi, the exposure by Wi, and the additional set 
of covariates by Xi. A key distinction between this chapter 
and the earlier chapters centers on the definition of potential 
outcomes. Previously, we used Yi(w) to denote the outcome 
for zip code i that would have been observed if exposure to 
the air pollution mixture in zip code i were set to w. This 
definition is not sufficient when dealing with mobility and 
interference because the exposure levels in other zip codes 
outside of zip code i might affect the outcome for zip code i, 
if individuals in zip code i travel to those other regions. As a 
simple motivating example, consider two situations in which 
a zip code has a particular exposure level, but in one situation, 
its neighboring zip codes have very high exposure levels, 
while in the other situation, the neighboring areas have very 
low exposure levels. Individuals in this zip code will likely 
travel to neighboring areas, and therefore we would expect 
outcomes to be worse in the first situation where neighbor-
ing areas have very high exposure levels, illustrating that 
potential outcomes in the presence of interference defined 
by Yi(w) are not well defined because they must depend on 
neighboring exposure levels as well.

In light of this issue, we begin by denoting potential out-
comes by Yi(w

all), where wall = (w1, w2, …, wn)′ represents the 
exposure levels in all areas in our study. Therefore, this poten-
tial outcome represents the outcome we would observe for zip 
code i, had exposure across the entire study region been fixed 
to wall. While useful in the interference setting, this definition 
of potential outcomes allows for outcomes at zip code i to 
depend on all other exposures in arbitrarily complex ways, 
estimating any causal effect of interest impossible. To address 
this issue, the manner in which exposures can interfere across 
zip codes can be simplified reasonably. For instance, we do 
not expect exposure in a zip code in central Missouri to affect 
outcomes in northern Georgia, unless for some reason there is 
common travel between those two regions. To incorporate this 
factor, we can define a function g(·) along with the assumption 
discussed in the following section.109,112
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5.2.1 Interference Sutva Assumption

For any wall and wall ′  such that w wi
all

i
all� ��  and 

g gi
all

i
all

( ) ( )w w� �
�� , we have that Y Yi i

all
i i

all
( )w w� � �� .

Note that w−i
all

 is the exposure at all locations, except for 
zip code i. This assumption states that the outcome at zip 
code i depends on exposure in zip code i, and on exposures 
from other locations, but only through the value of g i

all
( )w− . 

This function, sometimes referred to as an exposure mapping, 
simplifies the interference structure significantly by assuming 
that a summary of the remaining n – 1 exposures is sufficient 
to explain their effect on zip code i. We can now define 
potential outcomes as Yi(w,g), which represents the outcome 
for zip code i that would have been observed if they were 
exposed to w in their home zip code, and their exposure from 
neighboring zip codes was set to g.

5.2.2 Choice of g(·) and Cell Phone Mobility Data

A key component of the interference SUTVA assumption 
discussed above is the choice of g(·). In the air pollution set-
ting where interference is caused by an individual's mobility 
into other zip codes, it is natural to let this function represent 
a weighted average of the exposures in other zip codes. Intu-
itively, we want to assign weight to other zip codes based on 
how much time is spent in those areas. Suppose that people 
in zip code A spend 60% of their time in zip code A, 30% 
in zip code B, and 10% in zip code C. We would define the 
neighboring exposure value for zip code A to be a weighted 
average of the exposures in zip codes B and C, with weights 
of 3/4 and 1/4, since they spend three-quarters of their time 
traveling in zip code B.

Now we can extend this idea to the situation in which 
we have n zip codes of interest, and we obtain mobility 
information from cell phone mobility data. First, let T be an 
n × n matrix where Tij is the amount of time that cell phone 
users from zip code i spent in zip code j. Aggregated mobility 
data is provided by Cuebiq, a location intelligence platform. 

Data is collected from anonymized users who have opted 
in to provide access to their location data anonymously, 
through a CCPA and GDPR-compliant framework. Through 
its Social Impact program, Cuebiq provides mobility insights 
for academic research and humanitarian initiatives. The 
Cuebiq responsible data sharing framework enables research 
partners to query anonymized and privacy-enhanced data by 
providing access to an auditable, on-premise Data Cleanroom 
environment. All final outputs provided to partners are aggre-
gated to preserve privacy.

Once we have estimates of mobility from cell phone data, 
we can define two key quantities that summarize both the 
amount and direction of mobility. We let the percentage of 
time individuals in zip code i spend in zip code i be given 

by � i
ii

k ik

T
T

�
� . We also need weights that tell us how much 

time individuals in zip code i spend in every other zip code. 
For this, we use aij where we let aii = 0 and

�ij
ij

k i ik

T
T

i j� �
��

 for 

We can now define our neighborhood-based exposure for 
zip code i as Gi = ∑jaij Wj, where Wj is the value of the air 
pollution mixture for zip code j, which means that for every 
zip code in our study, we have two values of the exposure 
for every component of the air pollution mixture: a home 
zip code–based exposure and a neighborhood or mobili-
ty-based exposure. To highlight this point, Figure 12 shows 
average PM2.5 levels in Massachusetts in 2016. We can see 
from the home zip code–based exposures in the left panel 
that exposure is elevated near Boston in the east, as well as 
near Springfield in the southwestern part of the state. Once 
mobility is accounted for, we see that this elevated exposure 
is smoothed out across space, as people in other zip codes 
are exposed to those higher levels of pollution through their 
daily travel. We explore differences between home zip code 
and mobility-based exposures in more detail in Section 5.5.
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Figure 12. Home zip code and mobility-based exposure to PM2.5 in Massachusetts in 2016.
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5.2.3 Estimands That Incorporate Mobility

We can now define causal estimands of interest that 
represent meaningful and policy-relevant shifts in the air 
pollution mixture, while also acknowledging the presence of 
mobility. We focus on one estimand in this report that we find 
particularly relevant in this setting, but for other potential 
choices, see our work in Shin and colleagues (2023).113 For 
this estimand, we first consider a shift in the air pollution 
mixture across all n zip codes given by Δ = [Δ1′, …, Δn′], where 
Δi is the change in air pollution levels for zip code i. This shift 
in exposure levels will shift both home zip code and mobility 
exposures for zip code i by Δwi and Δgi, respectively. Our main 
effect of interest is then given by

� �� �� ��� � � � �� � � � �� �
�
�1

1n
Y Y

i

n

i i wi i gi i i iW G W G, ,

This equation represents the average effect of the shift in 
exposures given by Δ. In the interference literature, these types 
of effects are commonly decomposed into two parts: one rep-
resenting the shift in W, and the other representing the shift 
in G. This approach is particularly useful in other scientific 
fields, such as vaccine studies, for which it is important to 
understand how much benefit an individual receives because 
other people take a vaccine. In the air pollution setting, how-
ever, we feel it is more relevant for policy purposes to focus 
on the overall change caused by the shift in air pollution 
levels, and it is less important whether this change is initiated 
from home zip code or mobility-based exposure shifts. As in 
previous chapters, we must make certain assumptions to esti-
mate this quantity from observational data. We have already 
discussed the interference SUTVA assumption, which is the 
extension of SUTVA from the prior chapters. The positivity 
assumption now is with respect to both W and G instead 
of simply W, meaning that there is a positive probability of 
observing all relevant values of W and G, given the covariates. 
Lastly, we need to extend the no unmeasured confounding 
assumption to this setting, which states that there are no 
unmeasured confounders that affect both exposures (W and 
G) and outcomes. Formally, this assumption is written as

Y w g, , | ,� � �W G X

which says that the potential outcomes are independent of 
the exposures once we condition on covariates X.

5.3 WHAT HAPPENS WHEN MOBILITY IS IGNORED

Given that most large-scale epidemiological studies of the 
health effects of air pollution ignore mobility, it is important 
to understand its implications and the degree to which it 
can bias estimates of health effects. Measurement error is a 
well-studied issue in air pollution epidemiology,114 as expo-
sure measurement error inevitably occurs for a multitude 
of reasons. Here, we focus solely on the effect of mobility 
and ignore other potential sources of measurement error. 
Additionally, we restrict attention to a simplified setting with 
linear models and a single exposure, rather than a multivar-

iate air pollution mixture. This focus simplifies calculations 
and provides clearer intuition about the effect of mobility on 
health effect estimates, although we point readers to Shin and 
colleagues (2023) for more general bias formulas outside of 
this simple scenario. Empirically, we have seen that the key 
points found in this scenario hold in more complex scenarios 
with multiple exposures and nonlinear exposure-response 
functions.

To simplify calculations, we assume that the potential 
outcomes are defined by the following linear model, which is 
a function of the home and neighborhood exposures,

Y w g w gw g, ,� � � � �� � �� � � �1 

where e represents independent random noise that is centered 
at zero, and t is the percentage of time spent in the home 
zip code. Without loss of generality, we impose that both 
the home zip code and mobility-based exposures have been 
centered and scaled to have mean zero and variance 1, and 
the correlation between them is given by r. The parameters bw 
and bg are the effects of the home zip code and mobility-based 
exposures, respectively. Our target parameter will be the 
effect of increasing pollution everywhere by one, which leads 
to the true causal effect of interest being given by tbw + (1 − t)
bg. We examine three different approaches to estimating this 
quantity:

1.	 (Naive approach) Ignoring mobility altogether and fitting 
a model defined by

E Y W w w w( | )� � � � �
0

2.	 (Measurement error correction) Incorporating mobility 
by constructing a new exposure W* = tW + (1 − t)G and 
then fitting a model defined by

E Y W w w w( | )
* * * *� � �� �

0

 

3.	 (Interference approach) Incorporating mobility by sepa-
rately including W and G into a regression model

The third approach is to fit the true regression model and, 
therefore, should provide unbiased estimates for the causal 
estimand of interest. The first approach is the standard one 
in the literature that ignores mobility, and one can show that

� �� � � �w w g� � �� �1

This expression looks exactly like the true value, except 
for the presence of r in the second term, which shows that 
ignoring mobility will lead to biased estimates of the causal 
effect of interest, and the degree of this bias depends on the 
correlation between the home zip code and mobility-based 
exposures. If this correlation is very high and close to 1, then 
there is very little bias. This result also provides insights into 
whether this bias is toward the null of no exposure effect. We 
typically expect the signs of bw and bg to be the same, and for 
r to be positive, which guarantees that this bias is toward the 
null and suggests that ignoring mobility may affect statistical 
power but will at least be conservative with respect to stating 
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whether there is an effect of air pollution on a particular 
health outcome.

Now we can examine the measurement error correction 
approach, which is an alternative way one might incorporate 
mobility into an analysis. A natural approach is to find a 
“gold standard” exposure — which in this case is a weighted 
average of the home and neighborhood exposures — and 
simply use that exposure in all subsequent analyses. Doing so 
gives the following result:

�w
* �

� �� � � �� � � �� �
� �� � � �� �

� �� � �� � �

� � � � �
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2 2

1 1 1

2 1 1

w w g g

This expression is much less intuitive, but there are a 
number of key points stemming from this result. One can 
show that this quantity is equal to the true causal effect if 
ρ = 1, t ∈ {0, 0.5, 1}, or bw = bg, which shows that it provides 
unbiased results in more scenarios than the naive approach 
of ignoring mobility. Moreover, we have observed that the 
resulting bias is generally much smaller than that of the 
naive approach. The first two conditions for unbiasedness 
are unlikely to hold in practice; however, the condition that 
bw  =  bg merits further consideration. This condition states 
that the home zip code and mobility-based exposures have 
the same effect on the outcome, which seems plausible, if not 
likely, as these two quantities represent the same exposures, 
just obtained from different locations. There are situations, 
however, in which these coefficients might be expected to 
differ. If the exposure being examined is PM2.5, then it is 
possible that the components comprising this pollution are 
different in home zip codes or neighboring locations in gen-
eral. It is also possible that people spend more time outside 
while traveling than they do at their home zip code, and 
therefore, these coefficients would differ due to differences 
in indoor and outdoor pollution exposure. For this reason, 
we advocate for the interference approach developed here, 
which provides unbiased results in general. It is worth noting 
that the measurement error correction likely leads to similar 
results in most realistic situations. Either approach, however, 
requires mobility data and simply represents a different way 
of incorporating it into analysis.

5.4 ROBUSTNESS TO ERRORS IN MOBILITY 
ESTIMATES

Throughout this chapter, we rely on obtaining estimates 
of mobility between pairs of zip codes. In this section, we 
study the extent to which errors in estimating mobility pat-
terns can have on resulting estimates of the causal effect of 
air pollution on health outcomes. There are two reasons why 
we might expect errors in the estimation of mobility patterns. 
First, because the mobility data contain a random subset of 
individuals in each zip code, our estimates of mobility might 
deviate from the truth simply due to sampling variability. A 
second, and potentially more problematic, reason is that the 
population represented by the mobility data may not reflect 

the population for which we are estimating health effects. 
Our mobility data comes from 15 million anonymous cell 
phone users throughout the contiguous United States in the 
year 2019, although specific demographic information is 
not collected on these users. Recent studies using the same 
source of mobility data have attempted to infer demographic 
characteristics of the population of cell phone users by linking 
cell phone data to publicly available census tract data on such 
characteristics. They have found that the users within the cell 
phone mobility data are largely representative of the US pop-
ulation as a whole, as indicated by high correlations between 
their data and census or county-level data.115,116 Our health 
effects study, however, is of the Medicare population, which 
almost entirely comprises individuals over the age of 65 who 
likely have different mobility patterns. We focus in this section 
on these two realistic scenarios and how they would influence 
the estimation of causal effects. We center our results on errors 
in ti, the proportion of time spent in the home zip code, as it is 
easier from which to derive results. We then discuss potential 
implications of these findings for errors in estimating the 
weights aij, which represent the direction of mobility.

Throughout this section, we can let the true mobility val-
ues be given by ti*, and the ones obtained from our cell phone 
mobility data be given by ti. We explore two scenarios for the 
misspecification of these values:

1.	 A constant shift in these values, given by
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 for all  and 0

2.	 Random measurement error, given by
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,  where  and Var0

2

These two scenarios capture the two realistic scenarios 
described above. It is possible that the Medicare population 
systematically travels less than the general US population, 
which is captured by the first of these two scenarios. The 
second of these two scenarios depicts situations in which our 
mobility data provides noisy estimates of the true mobility, 
which can occur due to finite sample variability. Here we 
focus on the same linear model used in Section 5.3, and we 
assume the estimand of interest is w(Δ) with Δ = (1,1,…,1). 
For simplicity, we denote the estimand by w and our estimate 
that uses the incorrect weights ti as ω . We show in Shin 
and colleagues (2023)113 that the asymptotic bias under the 
constant shift error in scenario 1 is given by
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n
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This equation shows that we get unbiased results if there 
is no shift (c = 1) or if there is a perfect correlation between 
home zip code and mobility-based exposures (r = 1). Of more 
interest is what happens when there is a shift, and the expo-
sures are not perfectly correlated. We have seen empirically 
that this bias is very small and effectively negligible in most 
scenarios. This bias depends on the distribution of τ, and we 
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have explored a wide range of distributions for this variable. 
We found that as long as 0.5 < c < 1.5 and r > 0.4, both of 
which are reasonable to assume in practice, then this bias is at 
most 0.05 bg. Another important thing to note about this bias 
formula is that all components of the bias, except for βg and c, 
are estimable once we have mobility data and do not depend 
on unknown quantities, so we can empirically assess how bad 
the bias could be under potential shifts in t.

Deriving results in scenario 2 under measurement error is 
a bit more challenging analytically. To make the calculations 
more tractable, we can assume that the home zip code and 
mobility-based exposures are independent of ρ = 0. While this 
situation is not a reasonable one in practice, we have seen 
that it leads to larger bias than when ρ > 0 in general, and so 
it can be thought of as a worst-case scenario that we can study 
to assess the effect of this form of error in τ. In this situation, 
we showed that

lim
n
E

��
�� � � � � � � �� �� �� � � �� �� �� � � � � � � � � �

w w

* *

g g

* *
E E E E1 1

for constants ξw and ξg that are necessarily between 0 and 
1. Importantly, when there is no measurement error and 
��

2
0� , both of these constants are 1, and we obtain unbiased 

results. Because these constants are between 0 and 1, we are 
guaranteed that measurement error of this type will lead to 
conservative estimates of the health effects of air pollution 
as long as βw and βg have the same sign, which is expected 
in practice. We have also explored different magnitudes of 
measurement error and found that even under rather large 
amounts of measurement error, these constants are greater 
than 0.9, which leads to small amounts of bias.

Overall, these findings suggest that the results will be rel-
atively robust to incorrect estimation of the mobility weights, 
given by ti, which justifies our use of the cell phone mobility 
data as a proxy for mobility in the Medicare cohort. However, 
whenever possible, these two populations should be chosen to 
be as close to each other as possible. While we focused on ti, 
another place errors can occur is in the weights aij that tells us 
the proportion of time that people in zip code i spend in zip 
code j. It is more difficult to derive results with these weights, 
as there are n of them per zip code, and they are constrained to 
sum to 1. If there was a random error in aij, such as in scenario 2 
as described above, we expect similar results where bias would 
be relatively small and toward the null. A more problematic sit-
uation would be if there were systematic errors in the direction 
of mobility, and these errors were correlated with pollution 
level, as bias could go in either direction in this scenario. It is 
important to remember, however, that ignoring mobility alto-
gether is a special case of errors in estimating ti and aij, and it 
would take exceedingly bad estimates of these quantities from 
mobility data to do worse than ignoring mobility altogether.

5.5 DATA ANALYSIS

In this section, we apply the proposed methodology 
that incorporates mobility to further study the effects of air 

pollution mixtures on mortality in the Medicare cohort. We 
run several analyses solely examining PM2.5 as the exposure 
of interest, and additionally run an analysis that examines the 
health effects of an air pollution mixture containing BC, OM, 
NH4, SO4, and NIT. We again separate analyses by year in this 
study, which avoids issues caused by correlated data points 
across time within a zip code and allows the effects to change 
over time. We discuss specifics of the statistical models used 
in what follows, but the ones presented are much faster 
computationally than those expounded on in Chapter 4 and 
could be applied to very large datasets. We also adjust for the 
same set of confounders X that we included in the analysis of 
effect modification examined in Section 4.4. As discussed in 
Section 5.2, cell phone mobility data are used to estimate T 
and are drawn from more than 15 million cell phone users in 
the contiguous United States over all days in 2019. Note that 
we do not have available mobility data for the years of our 
study (2000 to 2016) and, therefore, use mobility data from 
2019 as an estimate of the mobility patterns across zip codes 
in earlier years.

5.5.1 STATISTICAL MODELING

Up to this point, we have only discussed conceptual issues 
with including mobility into analyses of the health effects of 
air pollution, but now we briefly discuss the statistical mod-
els used to estimate these quantities. All quantities of interest 
can be estimated once we obtain estimates of E(Y | W,G,X), 
which we specify as

E Y f h l( | , , ) ,W w G g X x w g x� � � � � � � �� � � � � � �� �1

where f(·), h(·), and l(·) are arbitrary, unknown functions that 
need to be estimated. Note that here f(w) captures the effect 
of the home zip code–based exposures and h(g) captures the 
effect of mobility-based exposures, and these are weighted by 
the time spent in the home zip code, ti. We first assume that 
l(x) = xq, which means we adjust for the confounders linearly. 
We do not want to assume the effects of the exposures are 
linear, so we use a generalized additive model for the effects 
of home zip code and mobility-based exposures. Specifically, 
for the home zip code–based exposures, we specify

f f w w
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where fm(·) are orthogonal polynomial basis functions, and M is 
the number of basis functions used. Throughout, we set M = 3 
so that we use orthogonal cubic polynomials. We use these 
same basis functions for the mobility-based exposures so that

h g
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Note that the basic functions are the same, but now the 
coefficient for each function is given by bjm + ζjm. We see that 
bjm is shared by both the f(·) and h(·) functions, but the ζjm 
are unique to the mobility-based exposures. These coeffi-
cients capture differences between these two functions. We 
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parameterize the problem in this way so that we can use 
shrinkage prior distributions to bring these two functions 
toward each other, as we believe a priori that they are not 
likely to be very different from each other. Specifically, we 
place horseshoe prior distributions117 on ζjm, which shrinks 
them toward zero, unless the data strongly suggest that f(·) 
and h(·) are different. We have shown in Shin and colleagues 
(2023)113 that this can lead to big improvements in the effi-
ciency of estimates. We use standard, noninformative prior 
distributions for all other parameters in the model.

5.5.2 Assessing Mobility and Its Relationship to Air 
Pollution

Before estimating the effects of air pollution in the Medi-
care cohort, we can examine distributions of both home zip 
code and mobility-based exposures to assess how large a 
role mobility can play in our analysis. We can first explore 
the distribution of ti across the country in Figure 13, which 
shows the distribution of ti across zip codes, separated by 
state. This quantity captures the percentage of time spent in 
the home zip code, and we see that most states have fairly 
similar distributions of this quantity that are centered around 
0.78, with most zip codes falling between 0.7 and 0.85. The 
area with the smallest ti values are in Washington, DC, while 
the largest ti values are found in Montana.

This observation shows that people do spend reasonably 
large amounts of time outside of their home zip code; we can 
therefore examine whether they are subsequently exposed 
to systematically different pollution levels in their travels. 
Figure 14 shows the correlation between home zip code and 
mobility-based exposures for each pollutant across time. The 
correlation is fairly constant across time, but there are big 
differences across pollutants. Not surprisingly, sulfates have 
a very high correlation as they vary slowly across space, and 
these values are not expected to change much across nearby 
zip codes. Regardless of the exposure examined, correlations 

are fairly high between these two exposures. To examine these 
correlations more closely, Figure 15 shows a scatter plot of 
these two exposures for the year 2016, separated by pollutant. 
A general trend across all pollutants is that people in zip codes 
with low levels of pollution tend to travel to areas of higher 
pollution, and those who live in higher pollution areas tend 
to travel to lower pollution areas. There is also less variability 
in the mobility-based exposures compared with the home zip 
code–based exposures, which was also evident in Figure 12, 
in which mobility-based exposures were smoothed across 
space. Lastly, Table 7 shows average exposure levels for both 
home zip code and mobility-based exposures, and we see that 
exposures are slightly higher during travel than at the home 
zip code for all pollutants. This finding is potentially caused 
by daily mobility for work or other commercial activities from 
suburban areas with lower pollution into urban areas with 
higher pollution.

Overall, this scenario paints a fairly clear picture of mobil-
ity-based exposures and their potential impact on subsequent 
health effect estimates. Typically, people travel into areas of 
higher levels of pollution, but this mobility-based exposure is 
quite highly correlated with home zip code–based exposure 
in the United States at the zip code level. This observation, 
coupled with our earlier results, suggests that mobility will 
not drastically affect the resulting estimates on the causal 
effects of air pollution mixtures in our study.

5.5.3 Analysis of PM2.5 Only

We now estimate the health effects of air pollution on 
mortality using the proposed approaches that incorporate 
mobility. We use the statistical model described above, and 
run the MCMC algorithm for 10,000 iterations, removing 
the first 2,000 scans, and thinning every eighth sample. 
Throughout, we also fit the same statistical models without 
accounting for mobility, which amounts to discarding G 
and only using W to estimate the effect of pollution. We first 

0

5

10

15

20

25

0.5 0.6 0.7 0.8 0.9 1.0
At−Home Rates

D
en

si
ty

Figure 13. Density plots of the proportion of time people stay in their home zip code (ti) in 2019, across geographic regions. Each line 
corresponds to a specific state or Washington, DC.
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explore a univariate exposure setting for which we focus on 
PM2.5 and then extend results to the full air pollution mixture. 
We run analyses separately by year, and in each analysis the 
target parameter is the expected change in mortality rates 
under a 0.25 standard deviation increase in PM2.5. The results 
can be found in the left panel of Figure 16, which shows a 
consistent, detrimental effect of air pollution on mortality 
across years. The results are quite similar whether mobility 
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Figure 15. Scatter plot of home zip code and mobility-based exposures in the year 2016 for each pollutant.

Table 7. Exposure Levels Averaged Across All Zip Codes 
and Years, Separated by Pollutant and Whether Exposure 
is Home Zip Code or Mobility Based

BC NH4 NIT OM PM2.5 SO4

Home 0.71 0.91 1.09 3.08 9.34 2.27

Mobility 0.75 0.93 1.15 3.32 9.64 2.31
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is accounted for or not, which is expected due to the high 
correlation between home and mobility-based PM2.5. Given 
that mobility is most important to account for when the 
correlation between W and G is lower, we also ran the same 
analysis, but instead restricted our study area to all zip codes 
in states that had an average correlation between W and G 
that was less than 0.9 for PM2.5. This removes a large portion 
of our study sample as it excludes the six largest states, and 
only 22 states are left for analysis, containing approximately 
5,000 zip codes. The results can be found in the right panel 
of Figure 16. We again see positive estimates, although there 
is more uncertainty about these estimates and there are fewer 
that achieve statistical significance due to the reduced sample 
size. Interestingly, however, there are far greater differences 
between the analyses that adjust for mobility and those that 
do not. Specifically, analyses incorporating mobility have 
41% larger estimates averaged over all study years. Our bias 
formulas suggested that ignoring mobility can bias results 
and that this bias would generally be toward the null, which 
is shown empirically here as mobility-based estimates are 

larger on average. This finding shows that in certain settings, 
accounting for mobility can provide important and non-
negligible differences in the estimates of the health effects of 
air pollution.

5.5.4 Analysis of Air Pollution Mixtures

In this section, we extend our analysis to include the full 
air pollution mixture comprising six different pollutants. We 
use the same statistical models described previously, and our 
goal is to estimate the effect of increasing all six exposures 
simultaneously by 0.25 times their respective standard devia-
tions on mortality rates. Figure 17 shows the effect estimates 
separately by year, both with and without accounting for 
mobility in the analysis. We see relatively similar results to 
those found for the univariate PM2.5 analysis, which is that 
there is a consistent positive effect estimate showing that 
increasing air pollution levels increases mortality. This anal-
ysis utilized zip codes from all states, where the correlation is 
high between home zip code and mobility-based exposures, 
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which leads to similar effect estimates whether mobility is 
accounted for or not. While the differences are not as large 
as when we focused only on states with reduced correlation 
between W and G, in 14 of the 17 analyses, the effect esti-
mates are larger for the models that incorporate mobility. This 
finding is suggestive of the same issue, which is that ignoring 
mobility can bias estimates toward the null of no exposure 
effect, although this bias is small due to the high correlation 
between home and mobility-based exposures.

5.6 DISCUSSION AND CONCLUSIONS

In this chapter, we explored the extent to which the mobil-
ity of individuals can influence estimates of the effect of air 
pollution mixtures on health outcomes. By deriving bias for-
mulas in a variety of settings, we showed that mobility can bias 
effect estimates, but this bias depends on a variety of factors, 
some of which can be estimated from observed data. The most 
important quantity for the impact of mobility is the correlation 
between home exposures and exposure during daily mobility, 
as bias will generally be small if this correlation is very high. 
Another important finding is that while bias can go in either 
direction when ignoring mobility, it will generally be toward 
the null (i.e., no exposure effect) in realistic scenarios typical 
of air pollution epidemiology. This outcome is beneficial 
because it suggests that studies ignoring mobility — which is 
standard practice — are somewhat protected, as their results 
are likely to provide conservative estimates of the effects of air 
pollution, albeit with reduced statistical power. This result is 
also beneficial as it suggests that if researchers can account 
for mobility, then they will likely estimate more pronounced 

effects of pollution and should have more statistical power 
when such an effect exists. Our results also suggest that if 
there is no effect from the exposures, then ignoring mobility 
does not bias results, and therefore, we would not incorrectly 
conclude there is an effect of an exposure when in truth there 
is none. Lastly, while we have formulated everything within 
a causal inference framework to better elucidate the role of 
mobility, these results have implications beyond causal anal-
yses of the health effects of air pollution. Our findings, such 
as the degree and direction of bias when ignoring mobility, 
would also hold for conditional associations and regression 
parameters typically estimated in air pollution epidemiology. 
This detail is important for studies such as ours that have cer-
tain difficulties precluding a causal interpretation of findings, 
such as the ecological nature of our study and the limited set 
of confounders measured. This final point about unmeasured 
confounding will be addressed in the following chapter, in 
which we aim to assess how robust our findings are to this 
particular issue.

While our findings about the effect of mobility are gen-
erally applicable beyond the current case study, there are 
certain limitations with respect to the analysis performed in 
the Medicare cohort. As discussed previously, the population 
we are performing inference on is different from the one 
from which we obtained cell phone mobility data. While we 
derived promising results in Section 5.4 showing robustness 
of our findings to the cell phone mobility population, it is cer-
tainly preferable if these two populations were more closely 
aligned. For one, our results were only focused on the bias of 
the estimated effects when mobility is incorrectly estimated, 
but an equally important issue is the variability in those esti-
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Figure 17. Point estimates and 95% credible intervals for the effect of the air pollution mixture on mortality.
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mates. We have seen empirically in simulations that while 
bias is typically very low due to errors in mobility estimates, 
the uncertainty in the estimates can be higher due to incorrect 
assessment of mobility. Additionally, our results were only 
focused on errors in estimating the amount of mobility ti, but 
there could be systematic errors in estimating the direction 
of mobility, given by aij. If these are fundamentally different 

in the mobility population and the population where health 
effects are being estimated, it could bias results in unexpected 
ways. This is a more difficult problem to address math-
ematically and is a topic for future research. Despite these 
limitations, we still believe it is useful to account for mobility 
as it is likely to align more closely with reality than ignoring 
mobility altogether.

CHAPTER 6: ADDRESSING 
UNMEASURED CONFOUNDING WITH 
MULTIPLE EXPOSURES AND MULTIPLE 

OUTCOMES

6.1 INTRODUCTION

Confounding bias is an ever-present problem affecting the 
validity of observational studies of the health effects of air 
pollution. In certain settings, natural experiments arise that 
allow researchers to estimate the effects of pollution under 
weaker assumptions about confounding, such as those caused 
by reductions in pollution leading up to the Olympic Games.118 
In most cases, particularly in large-scale national studies of the 
health effects of pollution, such natural experiments are not 
available, and we must adjust for all potential confounders of 
the exposure–outcome association. Clearly, this assumption 
is strong, and one that should be assessed whenever possible. 
One approach to doing so is through sensitivity analysis, 
which aims to assess how robust a finding is to the potential 
presence of omitted variable bias. There are many different 
approaches to sensitivity analysis in the literature,119–131 and 
they all have a similar underlying idea, which is to evaluate 
how strongly the unmeasured confounder must be associated 
with either the exposure or the outcome to fully explain any 
estimated effect. Once this approach is identified, then sub-
ject matter experts can reason about whether that amount of 
unmeasured confounding bias is plausible or unlikely.

While this approach is useful and certainly better than 
simply assuming that unmeasured confounders are not 
present, it is not always informative. It can be very hard for 
subject matter experts to reason about the potential strength 
of unmeasured confounding, and subsequently, whether the 
estimated effects are robust to unmeasured confounding bias 
or not. Recent work, however, has shown that certain benefits 
can be obtained if one has multiple exposures or multiple 
outcomes in their analysis.132–138 We focus here on the ben-
efits that multiple exposures or outcomes provide in terms 
of addressing unmeasured confounding bias, although there 
are potentially many other benefits to multiple-outcome anal-
yses.139 In these settings, certain parameters that govern the 
strength of unmeasured confounding are actually estimable 
from the observed data and no longer need to be reasoned 
about with subject matter experts. This methodology allows 

one to estimate bounds or partial identification regions, which 
are regions the causal effect must be contained within, even 
in the presence of unmeasured confounding. We extend our 
analysis to settings involving both multiple exposures and 
multiple outcomes, with a particular emphasis on estimating 
the causal effects of air pollution mixtures. Throughout this 
chapter, our goal is to derive partial identification regions 
for the causal effect of air pollution mixtures when there are 
unknown and unmeasured confounders present, but we are 
willing to make an assumption that these confounders affect 
multiple exposures or multiple outcomes simultaneously. 
This is a significantly weaker assumption than assuming that 
there are no unmeasured confounders, as we did in previous 
chapters, and can lead to useful insights about the presence, 
or lack thereof, of a causal effect of air pollution mixtures. 
We provide intuition — clear, conceptual explanations — for 
how the observed data can be informative in the presence of 
unmeasured variables and discuss additional strategies that 
can help reduce the widths of partial identification regions, 
thereby increasing the power to detect a causal effect of air 
pollution mixtures.

6.2 ESTIMANDS AND CORRESPONDING 
ASSUMPTIONS

As discussed in earlier chapters, we observe q exposures 
denoted by Wi, and p observed covariates given by Xi for all  
i = 1, …, n. For this chapter, we assume that we observe k dis-
tinct outcomes, which are denoted by Yi. We also assume that 
there exist m variables Ui, which are fully unobserved, and 
therefore can bias the causal effect estimates we are interested 
in. We make the same SUTVA assumption as in Chapter 4, 
but the other two core assumptions we have used throughout 
must be modified in this setting due to the presence of the 
unmeasured variables U. Specifically, our assumptions are 
given by the following:

i.	 SUTVA: Exposure for one zip code does not affect poten-
tial outcomes for other zip codes, and exposure is well 
defined in the sense that Yi = Yi(Wi).

ii.	 Latent positivity: 0 < fW|X,U(w | X = x, U = u) for all x, 
u, and w where fW|X,U is the conditional density of the 
exposures given the observed and unobserved covariates.

iii.	 Latent ignorability: Y(w) ^ W | X, U for all w.

Note that now the positivity and no unmeasured con-
founding assumption (now referred to as latent ignorability) 
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are assumed conditional on both observed covariates X and 
unobserved covariates U. Our focus here will be on the latent 
ignorability assumption as we aim to assess how robust our 
findings are to the presence of unmeasured variables U. 
Importantly, we are not assuming that the observed variables 
in X are sufficient to adjust for confounding and allow for 
unobserved variables U to be confounders of the exposure–
outcome relationship.

Our estimand of interest in this setting is a multivariate 
extension of the average treatment effect (ATE) seen in Chap-
ter 4. This estimand is defined as

ATEa w w
T TE

, ,
,

1 2 1 2
� � � � � ��� ��a Y w a Y w

where w1 and w2 are two exposure levels of interest, and a is a 
vector of weights that we assign to each outcome. One exam-
ple is if our interest is in estimating the effect of the exposures 
on only the first outcome, in which case we would set a = 
(1,0,…,0). Under the assumptions listed above, one can iden-
tify the causal effect according to the following expression:

E E EX UY w Y W w X U
1� ��� �� � �� �,
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This expression is not useful to us, however, as we do not 
get to observe U and therefore we cannot estimate E(Y | W = 
w,X,U), nor can we calculate the outer expectation as it relies 
on the joint distribution of X and U, which is not observable. 
In practice, all we can hope to do is calculate the analogous 
quantity that uses only the observed covariates, given by

E EX (Y W w X| ,�� ��� ,

which is not necessarily equal to the estimand of interest, 
because of the presence of unmeasured confounders. In this 
chapter, we focus on the bias that occurs by ignoring U in this 
manner, and whether we can bound the causal effect using 
only the observed data.

6.3 PARTIAL IDENTIFICATION REGIONS WITH 
UNMEASURED CONFOUNDING BIAS

In this section, we show that the bias from unmeasured 
variables U is not identified from the observed data. However, 
in certain scenarios, we can identify a region of plausible 
values for this bias that, in turn, yields a corresponding 
region of values that the causal effect is contained within, 
which we refer to as a partial identification region. This 
region should not be confused with more standard intervals, 
such as a confidence interval. This region shows the set of 
values that are equally supported by the data, and without 
additional assumptions, we cannot hope to shrink this region 
further, even with an infinitely large sample size. Our results 
rely on what we refer to as a factor confounding assumption. 
One aspect of this assumption is that the observed data are 
generated from the following model:

U U=  � (2)

W h BU W� � � � �X  � (3)

Y g Uu w x Y� � � � ��W X,
| ,
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Here we have that ∑u|w,x = cov(U|W = w,X = x), and all 
of the error terms given by (eU, eW, eY) are assumed to follow 
multivariate normal distributions with diagonal covariance 
matrices given by ∑u,∑w|x,u,∑y|w,x,u. If we do not observe U and 
we estimate the causal effect by regressing the outcomes on 
the exposures and observed covariates only, then we obtain 
a biased estimate of the g(·) function, which leads to a biased 
estimate of the causal effect of interest. The important param-
eters dictating the size and direction of this bias are B and 
G, which are coefficients dictating the strength of association 
between the unmeasured variables U and the exposures and 
outcomes, respectively. If either B = 0 or G = 0, then there is 
no confounding by unmeasured variables U, and we would 
obtain unbiased estimates of the causal effect. If both are 
nonzero, however, then bias may exist, and this is the sce-
nario that we work in throughout this chapter. Under models 
(2)–(4), this bias is given by

Bias E ET� � �� � � � � ��
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One can even write down exactly what ∑u|w,x and E(U|W = 
w,X = x) are, but they are not very simple expressions, nor do 
they allow for intuition, so we leave technical details to our 
work in Kang and colleagues (2023).140 The important thing 
to note is that both are functions of B, and they are such that 
if either B = 0 or G = 0, then the bias becomes zero because 
there is no unmeasured confounding. If we knew both B and 
G, we could use this expression to correct for the bias, but 
this approach clearly is not feasible because it would require 
observing U, which is unavailable to us. We can, however, 
provide an upper bound on this bias that we can obtain from 
the observed data, even without getting to observe U. Specifi-
cally, the squared value of the bias is bounded above by

Bias ( (
2

2

2
1

2
1 2

2

2

� � �� � � � � ��
�

a U W w X x U W w X xT
u w x E E�� ��

| ,
| , | , ) . � (5)

Note here that the notation ⋅
2

2
 represents the sum of the 

squared elements inside of quantity inside of the vertical 
brackets and is therefore one measure of the magnitude of its 
entries. In this way, we can see that the bias is bounded above 
by a quantity that depends on both the size of the association 
between the unmeasured variables and the exposures, and 
by the size of the association between the unmeasured vari-
ables and the outcomes. Despite this upper bound, it is not 
immediately obvious how it is helpful, but what we show in 
subsequent sections is that each of the two components of the 
upper bound can be estimated, even without data on U.

6.3.1 Benefits of Multiple Treatments and Multiple 
Outcomes

The upper bound on the bias depends on the unknown 
coefficients B and G, which are generally not identifiable 
without information on U. We showed in Kang and colleagues 
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(2023)140 that if models (2)–(4) hold, along with additional 
assumptions on the true values of B and G, then the upper 
bound in equation (5) is estimable from the observed data 
when we have multiple exposures and multiple outcomes. To 
build intuition for this result, it is easiest to focus on G, which 
reflects the strength of dependence between the unmeasured 
confounders and the outcome. Using the observed data, we 
can estimate Cov(Y|W,X) as it only depends on observed vari-
ables and does not require U. This quantity has the following 
expression:

Cov(
TY W X| , ) .

| , ,
� ����� �� y w x u

Therefore, we can use standard factor analysis techniques 
to obtain an estimate of GGT. Effectively, this means that the 
observed data cannot estimate the exact value of G, but it can 
be used to estimate GGT, which provides some information 
about the potential for unmeasured confounding bias. Spe-
cifically, the first term in the upper bound in equation (5) can 
be written as

a a aT T�� ����
2

2

� T
.

Because a is known, and we can estimate GGT as described 
above, this means we can estimate this term even though we 
do not observe U. We will not go through the details of the 
second term of equation (5), but the same idea applies. We are 
not able to estimate B, but we can estimate BBT, which is suf-
ficient for estimating the upper bound on the bias. Essentially, 
we are still not able to pinpoint G and B exactly, which is 
why we cannot pinpoint the causal effect exactly. This does, 
however, limit the range of possible values for G and B, which 
in turn puts constraints on what the true causal effect can be.

As mentioned above, these results rely on certain addi-
tional assumptions holding. To estimate GGT, we need for 
each unmeasured confounder to affect at least three outcomes 
and to have enough outcomes measured so that (q − m)2 − q 
− m ≥ 0, where q is the number of outcomes and m is the num-
ber of unmeasured confounders. An analogous assumption 
needs to be made to estimate BBT. Similar assumptions are 
sometimes referred to as a shared confounding structure or a 
no-single-cause confounding assumption141. While these are 
assumptions in their own right, they are significantly weaker 
than assuming no unmeasured confounding, which would 
require assuming that either B = 0 or G = 0.

Overall, these results show a tremendous benefit of having 
multiple exposures and multiple outcomes. Under weaker 
assumptions on unmeasured confounding variables, we can 
estimate an upper bound on the bias caused by unmeasured 
confounders. Having bounds on the bias due to unmeasured 
confounding implies that we can also bound the causal effect 
of interest. We can simply estimate the causal effect, adjusting 
for only measured confounders X, and then add (subtract) the 
worst-case amount of bias to obtain an upper (lower) bound 
on the causal effect. If our assumptions hold, then this bound 
should contain the true causal effect of interest, although 

we did not measure U. If this interval does not contain zero, 
then that would represent strong evidence of a causal effect 
of the exposures on the outcome of interest. In practice, 
however, this bound captures the worst-case scenarios for the 
confounding bias and may be very wide and uninformative, 
containing all plausible values of the effect of interest. For 
this reason, we now focus on two ways to shrink the width 
of this bound using other information about the problem at 
hand.

6.3.2 Incorporating Negative Controls to Sharpen Partial 
Identification Regions

Negative controls represent one approach to reducing 
the size of the partial identification regions described in the 
previous section. There are many different types of negative 
controls, such as negative control outcomes, which are out-
comes known not to be causally affected by the exposure of 
interest. An example negative control for air pollution could 
be hospitalization rates due to falls or other accidents, which 
are not plausibly caused by air pollution levels. Alterna-
tively, negative control exposures are exposures known not 
to causally affect the outcome of interest. We can have more 
general negative control pairs, which are any other exposure 
and outcome pairs for which a causal effect is known not to 
exist. These pairs have been used in air pollution studies 
previously by using future air pollution or air pollution in 
a distant city as a negative control exposure.142 These ideas 
have close ties to work in causal inference on proxy variables 
for which confounders are not measured, but a noisy proxy of 
the unmeasured confounder is observed.143,144 These studies, 
and other works studying negative control variables, have 
shown that they can even be used to remove unmeasured 
confounding bias under certain assumptions on the negative 
control variables.134,144–146 These assumptions can be weak-
ened, however, to obtain partial identification using proxy 
variables instead of point identification of causal effects.147 
Similarly, negative controls have been used to provide more 
informative sensitivity analyses that can provide more robust 
evidence on the presence of a causal effect.148 We take a simi-
lar perspective as these final two ideas in that we use negative 
controls to refine our partial identification region, without 
necessarily trying to identify the causal effect exactly. In our 
setting, negative controls can be useful because they can pro-
vide additional information on the G and B matrices, which 
can reduce the widths of our partial identification regions and 
provide more informative bounds on what the causal effect of 
the air pollution mixture is.

Full mathematical details of how to incorporate negative 
controls and what the resulting partial identification regions 
are can be found in Kang and colleagues 2023).140 The core 
idea underlying negative controls is that these are variables 
for which it is known a priori that no causal effect exists. For 
instance, a negative control outcome is a variable that we 
know must not be causally affected by the exposure of inter-
est. We can, however, still estimate the causal effect of the 
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exposure on this negative control outcome. For this particular 
effect, we have the following informal equation:

Estimated effect Confounding bias

Function of (

�
�, )B

� ���� ����� .

Normally, the estimated effect is equal to the true effect 
plus confounding bias, but in this case, we know that the true 
effect is zero, which leads to the equation above. The con-
founding bias is a function of both G and B, and therefore this 
equation imposes additional constraints on the set of possible 
values for these coefficients. Given that we have more con-
straints on G and B, the set of possible causal effects is further 
restricted, showing that negative controls can reduce the 
width of the partial identification region by ruling out certain 
values of the causal effect. We already had constraints on G 
and B without negative controls because we knew the value of 
GGT and BBT, but now we have additional constraints, which 
provide more information about the causal effect of interest.

Figure 18 highlights the utility of negative controls in 
a range of simulated examples and shows that they vary 
greatly in terms of how much benefit they provide. In all 
scenarios, the true causal effect is contained inside the partial 
identification region, whether negative controls are used or 
not, but the widths of the partial identification regions can 
change substantially with negative controls. Scenario 1 shows 
one situation in which negative controls provided very little 
benefit, whereas scenario 3 is a situation in which negative 
controls are almost able to pinpoint the causal effect exactly. 
The regions can also be disjoint, as seen in scenario 4, in 
which the negative control variable provided information on 

the magnitude of confounding bias but not on the direction 
of bias. Negative controls are most useful when they have 
confounding mechanisms similar to the exposures and out-
comes of interest. For instance, if our outcome of interest is 
given by aTY and the negative control outcome is given by 
bTY, then similar confounding mechanisms would mean that 
aTG and bTG are similar. This means that the effects of the 
unmeasured variables on both the outcome of interest and the  
negative control outcome are similar. Similarly, we want 
the  unmeasured variables to affect the exposure of interest 
and the negative control exposure in similar ways.

6.3.3 Joint Partial Identification Regions

A related idea that can provide more information on causal 
effects of interest is to examine at multiple estimands simulta-
neously, as in our application in the Medicare cohort, for which 
we are interested in assessing the effects of air pollution on 
multiple different outcomes. For now, consider the scenario in 
which we are interested in estimating two distinct causal esti-
mands. One approach would be to apply the aforementioned 
process for constructing partial identification regions, but do 
so separately for each of the two outcomes. Alternatively, we 
can consider both estimands simultaneously and aim to find 
a bivariate partial identification region that captures the set 
of possible values for each of the two estimands. These two 
approaches do not lead to the same set of partial identification 
regions for the two estimands, as the second approach, which 
considers the estimands jointly, should lead to smaller partial 
identification regions. The reason is that a particular causal 
effect may be plausible for one estimand but only for certain 
values of the second estimand, and the joint approach can 
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the true value of the causal effect.
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incorporate this restriction. Figure  19 shows the bivariate 
partial identification region for two estimands in a simulated 
example, wherein the partial identification regions are found 
separately for each estimand or jointly. The joint region is a 
small subset of the one found separately for each estimand. It 
is also far more informative, as it shows that while one of the 
estimands can be zero, both cannot be zero simultaneously, 
which shows there is a nonzero causal effect for at least one of 
them. Therefore, if multiple estimands are of interest, which 
is the case in our Medicare study discussed in Section 6.4, 
they should be considered jointly when constructing partial 
identification regions.

6.4 ROBUSTNESS OF THE CAUSAL EFFECTS OF PM2.5

We now return to the Medicare analysis described in 
Sections 4.4 and 5.5 to evaluate whether the effects of air pol-
lution are robust to the presence of unmeasured confounding 
using the methodology described above. The analysis is run 
in the same population as in the previous analyses, although 
a few differences are worth mentioning. For one, we have 
combined data from all years into one analysis instead of 
separating analyses by year, and therefore, we will estimate 
a single effect for each estimand considered. We also focus 
on multiple outcomes in this analysis as we continue to look 
at mortality, but now also examine hospitalization rates for 
anemia, chronic obstructive pulmonary disease (COPD), lung 
cancer, stroke, hypertension, and asthma. The set of exposures 

considered in this analysis is PM2.5, ozone, BC, EC, NH4, SO4, 
and NIT. We standardize all exposures and outcomes to have a 
mean of zero and a standard deviation of 1 before running the 
analysis so that the effect estimates are all on the same scale 
across outcomes and exposure combinations. For example, an 
estimate of 0.1 for a particular shift in exposures would be 
interpreted as being expected to change the outcome by 0.1 
outcome standard deviations. For simplicity, we estimate the 
effects of the exposures (and observed confounders) on the 
outcome using a linear regression model. We additionally fit 
a nonlinear model with interactions using multivariate adap-
tive regression splines (MARS)149 and found similar estimates 
for the effects of interest.

6.4.1 Partial Identification Regions Incorporating 
Negative Controls

We now use the proposed methodology to evaluate 
whether the health effects of PM2.5 are robust to unmeasured 
confounding bias or whether they are plausibly driven entirely 
by confounding bias. We first must define our estimands of 
interest, which depend on two levels of the exposure vector 
given by w1 and w2. For all exposures other than PM2.5, we set 
both of these values to their median value. For PM2.5, we set 
the w1 value to be the third quartile of PM2.5 and set the w2 
value to be the first quartile, which means that our estimand 
corresponds to a shift in PM2.5 from the first to third quartile 
of its observed values, while fixing all other exposures. This 
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Figure 19. Comparison of bivariate partial identification regions when the regions are found separately for each estimand or when 
they are considered jointly.
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estimand may seem contradictory given that the other expo-
sures we are fixing are themselves components of PM2.5, but 
this well-defined estimand corresponds to increasing PM2.5 
exposure from other components of particluate matter not 
included in the other exposures we have measured. We esti-
mate the effect of this exposure shift on all seven outcomes 
considered in our analysis, and these results can be found in 
Figure 20. The blue lines correspond to standard 95% con-
fidence intervals that assume no unmeasured confounding 
and provide mixed results about the effects of PM2.5, as there 
are harmful effects on some outcomes and protective effects 
on other outcomes. These disparate results could be caused 
by unmeasured confounding bias; however, we now estimate 
partial identification regions that account for the presence of 
this bias. The red lines show the partial identification regions 
that are obtained from our proposed procedure without 
incorporating any information from negative controls. It is 
important to note how these differ from standard confidence 
intervals in terms of their interpretation. The upper and lower 
limits represent estimates we would obtain under the most 
extreme bias scenarios consistent with the plausible values of 
the B and G matrices. All points inside this partial identifica-
tion region are equally plausible given the observed data. We 
also account for sampling uncertainty in the estimates of the 
upper and lower bounds, as we do for a standard confidence 
interval, but they are much wider due to the inclusion of a 
range of values of plausible causal effects instead of the single 
point estimate obtained when we assume no unmeasured 
confounding.

We can see that the partial identification regions are 
exceedingly wide, containing all reasonable values of the 
effects of PM2.5, including some implausible values that are 
certainly not the true values for these effects. For one, we 
do not expect strong protective effects of air pollution, yet 
these are included in the intervals. Additionally, the partial 
identification regions include overly large harmful effects 
of pollution, making these regions relatively uninformative 
about the true value of the causal effect. With this in mind, we 
incorporate prior COPD hospitalizations as a negative control 
outcome to provide more informative partial identification 
regions. Prior COPD hospitalizations are defined as the num-
ber of COPD hospitalizations in the year before exposure was 
assigned, which therefore cannot be caused by the exposure. 
The green lines show how the partial identification region 
shrinks when we additionally incorporate prior COPD as a 
negative control outcome. The regions are generally smaller, 
even substantially so for certain outcomes, but they are still 
relatively large and cover all of the reasonable values of the 
causal effect of PM2.5 for all outcomes.

6.4.2 Incorporating Additional Prior Information

The partial identification regions found in Figure 20 were 
effectively uninformative about the causal effects of PM2.5. 
They included all reasonable positive values, which signify 
a harmful effect of pollution, as well as no causal effect, and 
even largely protective effects of pollution. This does not 
mean that any of these values are more favored by the data 
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than the others; it only indicates that none can be ruled out 
due to the potential presence of unmeasured confounding. 
The widths of these regions could be further reduced in 
several ways to make them more informative, such as by 
including more negative control outcomes or negative control 
exposures or by looking at joint partial identification regions 
as described in Section 6.3. Given the results above, we take 
a slightly different approach to find more informative partial 
identification regions.

By definition, partial identification regions represent the 
worst-case bounds for the causal effect across all possible 
values of the B and G matrices. Not all of these possible 
coefficient matrices are scientifically plausible, however, as 
they lead to overly large, unrealistic effect estimates for one 
or more of the estimands considered. Here, we find the partial 
identification regions with the worst-case bias for the causal 
effects, but we restrict only to B and G matrices that lead to 
effect estimates within a prespecified range for all estimands. 
In our case, we consider effect estimates to be plausible only 
if they lie between −0.05 and 0.1, allowing for moderately 
protective effects, no effects, and harmful effects of pollution, 
all of which are within a reasonable range that could plau-
sibly result from such a shift in air pollution values. These 
results can be found in Figure 21, which shows far more 
informative bounds for the effects of interest. We cannot rule 
out any effects in our prespecified window for hypertension, 
but all other estimands have much smaller partial identifi-

cation regions. We see that the intervals for both COPD and 
anemia are entirely contained above zero, indicating that the 
only plausible values are those that represent harmful effects 
of pollution on these outcomes. The estimates for lung cancer, 
mortality, and stroke are all fairly positive, although they still 
contain zero, indicating that zero is still plausible and cannot 
be entirely ruled out because of unmeasured confounding in 
this setting.

As described in Section  6.3, we can also investigate the 
bivariate partial identification regions for two estimands at 
a time, and this can be more informative than looking at one 
outcome alone. Figure 22 shows the bivariate partial identi-
fication region for anemia and COPD, as well as for mortality 
and asthma. The bivariate region for COPD and anemia con-
tains only positive values for both estimands, showing that 
these effects are robust to unmeasured confounding bias. We 
see that the region follows an upward trajectory from left to 
right, which shows that both estimands have either small or 
large causal effects. The interval for mortality and asthma can 
be used to help think about the effect of PM2.5 on mortality. We 
see that PM2.5 can only have no effect (or a protective effect) 
on mortality if PM2.5 has a protective effect on asthma. Given 
prior scientific literature on the relationship between PM2.5 
and asthma, we think it is unlikely that ambient air pollution 
has a protective effect with respect to asthma, which implies 
that there is likely some harmful effect of PM2.5 on mortality. 
This contrast highlights the importance of examining bivar-
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iate partial identification regions as well, as the univariate 
region for mortality shown in Figure  21 suggested that no 
effect on mortality was plausible, whereas the bivariate region 
shows an effect on mortality, assuming no protective effect 
on asthma.

6.5 DISCUSSION AND CONCLUSIONS

In this chapter, we described the methodology we devel-
oped to assess how robust estimates of the health effects of 
air pollution are to the presence of unmeasured confound-
ing bias. This work builds on that discussed in Chapters  4 
and 5, in which we made the strong assumption that there 
were no unmeasured confounders, and allows us to provide 
stronger evidence for the presence of adverse health effects of 
pollution. We showed how to construct partial identification 
regions for the effects of interest when studying multiple 
exposures and multiple outcomes simultaneously. We further 
illustrated how incorporating additional information, such as 
negative control variables or prior knowledge about the mag-
nitude of plausible effect sizes, can greatly improve these par-
tial identification regions and yield more informative bounds 
for causal effects in the presence of unmeasured confounding 
bias. Applying these ideas to a national study of health effects 
in the Medicare cohort led to several important findings 
that strengthen the evidence for adverse effects of PM2.5 on 
multiple health outcomes. Despite the potential presence of 
unmeasured confounders, our analysis ruled out null effects 
of PM2.5 on both anemia and COPD. Further analysis suggests 
likely effects on other outcomes as well, including mortality, 
providing robust evidence of the presence of harmful effects 
of ambient air pollution on public health.

Observational studies have been widely used to estimate 
the health effects of air pollutants and are a key piece of evi-
dence used to help inform environmental regulatory policy. 
Despite their limitations, observational studies have provided 
strong evidence of a causal effect on health outcomes by using 
a wide variety of study designs and by replicating findings in 
different cohorts at different exposure levels. Our work here 
provides an additional, distinct, and strong piece of evidence 
that further supports the notion that air pollution leads to 
increased hospitalizations and death. Arguably, the main 
limitation of observational studies is the potential presence of 
unmeasured variables biasing estimates of the health effects 
of air pollution, which can lead to an incorrect assessment of 
whether a particular exposure causes a health outcome. Our 
analysis shows that while unmeasured confounding may bias 
our results to some degree, it cannot fully explain the esti-
mated effects of PM2.5, and these findings are indeed robust to 
the presence of unmeasured confounding.

The main limitation of the proposed methodology is the 
assumption that models (2)–(4) hold, and that the unmeasured 
confounders affect multiple exposures or multiple outcomes 
simultaneously. While these are assumptions in their own 
right, we argue that they are far weaker than assuming there 
are no unmeasured confounders at all. Future work can build 
on these ideas and construct partial identification regions 
that account for unmeasured confounding bias under weaker 
modeling assumptions than those used here. Although this 
approach has limitations, we believe it is a meaningful step 
forward in addressing the issue of unmeasured confounding 
bias for air pollution mixtures and offers researchers addi-
tional tools to evaluate robustness to this crucial assumption.
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CHAPTER 7: SYNTHESIS, 
INTERPRETATION, AND IMPLICATIONS 

OF FINDINGS

Significant progress has been made toward estimating the 
health effects of environmental mixtures, but many challenges 
remain. In this report, we addressed many of these key issues 
and documented our development of more rigorous tools for 
estimating causal effects of environmental mixtures, which 
can provide policymakers with improved regulatory evidence 
necessary for regulating complex air pollution mixtures. The 
main hurdle to causal inference with air pollution mixtures is 
the set of core identifying assumptions necessary for estimating 
causal effects from observational data. Some of these assump-
tions, such as positivity, are not particularly well understood 
and are commonly disregarded. Others, such as the no-unmea-
sured-confounding assumption, are more commonly discussed 
but are particularly problematic as they are not testable and can 
lead to misleading results if not addressed. Throughout this 
report, we aimed to lower these barriers to causal inference 
in the air pollution mixture setting by providing solutions to 
thorny issues stemming from these assumptions that can oth-
erwise block progress toward understanding the causal effect 
of air pollution on public health. In Chapter 3, we discussed 
in detail the assumption of mixture positivity and how it is 
likely to be particularly problematic in air pollution mixture 
settings, and we provided alternative estimands that rely on 
weaker assumptions yet still provide important evidence on 
the health effects of multivariate exposures. In Chapter 5, we 
tackled the no-interference assumption and its relationship to 
the mobility of individuals to areas with different exposures. 
We showed the implications of ignoring this mobility, along 
with statistical methodology to incorporate mobility if such 
information is available. In Chapter  6, we tackled the key 
assumption that there are no unmeasured confounders of the 
air pollution–outcome relationship, which is a necessary yet 
very strong assumption commonly made in causal analyses 
of the health effects of air pollution. We showed that there 
are significant benefits to studying multiple exposures and 
multiple outcomes simultaneously, as certain features of the 
effect of the unmeasured confounders on the exposures and 
outcomes can be estimated even without data on these unmea-
sured variables. While this approach is typically not sufficient 
to completely correct for biases from unmeasured variables, it 
can provide very informative partial identification regions that 
can help identify the presence of health effects of air pollution. 
Lastly, while not a core identifying assumption for causal 
inference, in Chapter 4, we alleviated a different, commonly 
made assumption that mixture effects are homogeneous with 
respect to the characteristics of individuals being exposed to 
pollution. It is well understood that certain subgroups of the 
population are more susceptible to the deleterious effects of 
air pollution, and our proposed methodology allows users 
to identify these subgroups in a flexible way that makes very 
limited statistical modeling assumptions.

In addition to advancing the statistical framework for air 
pollution mixtures, we have provided strong epidemiologi-
cal evidence of the presence of adverse health effects of air 
pollution on a variety of public health outcomes. In each 
of Sections 4.4, 5.5, and 6.4, we evaluated the effects of air 
pollution mixtures on a large-scale, national study of Medi-
care enrollees in the United States and consistently found 
evidence that air pollution negatively affects public health. 
These analyses contribute to the vast literature highlighting 
adverse health effects of ambient air pollution and extend 
them in several ways. Our heterogeneity analysis showed that 
the effects of the air pollution mixture are more pronounced 
among low socioeconomic status individuals, which extends 
prior research on the effect modification of PM2.5 effects to 
the multivariate air pollution mixture setting. Our mobility 
analysis has several implications for the broader field of air 
pollution epidemiology. For one, it showed that ignoring the 
mobility of individuals will likely bias health effect estimates 
toward the null, which leads to conservative results when 
such information is not available. Additionally, if this infor-
mation is available, it can be incorporated into an analysis to 
potentially increase the magnitude of effect estimates, which 
can increase statistical power to detect small to moderate 
exposure effects. Arguably, our most important finding from 
our Medicare analyses was discussed in Chapter 6, in which 
we evaluated how robust the estimated effects were to the 
presence of unmeasured confounding. A common criticism 
of observational studies is that any significant health effects 
seen are solely driven by unmeasured variables and are not 
due to a true effect of pollution on public health outcomes. 
Our analysis provides strong evidence that the harmful effects 
of PM2.5 cannot be driven solely by unmeasured variables 
and that there is indeed an adverse effect of PM2.5 on several 
health outcomes.

While our results have found consistent, detrimental 
effects of air pollution on public health in the Medicare 
cohort, these results come with inherent limitations. The 
largest such limitation is that our analyses were performed at 
the zip code level, and not the individual level, limiting our 
ability to infer effects of air pollution on individuals in Medi-
care. While this is a limitation across all three analyses of the 
Medicare cohort performed, the degree to which it limits our 
findings varies across our analyses. Certainly, the degree of 
effect modification, which was explored in Chapter 4, would 
be expected to be different at the individual level. As one 
example, the extent to which age modifies the effects of air 
pollution would likely change in individual-level studies in 
which there is significantly higher variability in the ranges of 
ages observed than the small ranges observed when looking at 
zip code level average age. Future work should look to apply 
the same ideas developed in Chapter  4 to individual-level 
studies to better understand which variables modify the 
effect of air pollution the most. Aggregation to the zip code 
level is arguably less problematic in our study of mobility. 
We do not have mobility information on specific individuals 
in Medicare; therefore, the mobility information can only 
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provide aggregate-level mobility information on individuals 
from each zip code. This approach likely provides a better 
assessment of the average mobility of individuals within a zip 
code than it does for each individual, as individual mobility 
patterns can vary greatly from person to person, and this is 
less problematic when aggregating data to the zip code level. 
Future work would be required to assess how to better incor-
porate anonymous mobility data, such as the data we used, 
within individual-level studies. Individual-level mobility 
data are available, although not for the individuals in our 
cohort; when available, this information could be leveraged to 
help address biases from ignoring mobility altogether. Lastly, 
the methodology developed in Chapter 6 to assess the effect 
of unmeasured confounding would apply immediately to 
settings with individual-level data, and future studies should 
look to incorporate these ideas within their analyses.

While our focus is on the development of tools for a rig-
orous framework for estimating causal effects of air pollution 
mixtures, the results found and the statistical methodology 
developed have broader implications for both statistics 
and environmental epidemiology. From a statistical point 
of view, our results have extended the literature on causal 
inference for multivariate, continuous exposures, which has 
been fairly limited up to this point. Many of the statistical 
ideas developed, while motivated for use in environmental 
epidemiology, have direct implications for use in other 
scientific areas. For example, unmeasured confounding 
is a ubiquitous problem in observational studies, and the 
results in Chapter 6 can be used in any study with multiple 
treatments and multiple outcomes. The tools developed also 
have multiple implications for the real-world practice of 
epidemiology, regardless of whether the analyses are explic-
itly targeting causal effects. Whenever researchers study the 
health effects of air pollution, they must target a particular 
estimand that answers their scientific question of interest. We 
provide simple and easy-to-use tools in Chapter  3 that can 
inform researchers whether these are estimands that are easy 
to estimate with their observed data, and provide similarly 
straightforward alternatives when the data does not support 
estimation of the original target estimand. Mixtures analysis 
has become very popular in recent years within environmen-
tal epidemiology and is commonly used in applied analyses. 
The tools discussed in Chapter 4 provide many of the same 
benefits of existing approaches in terms of being flexible and 
allowing for interactions between exposures, but can also be 
utilized to study questions of effect modification that are com-
monly of scientific interest. Our mobility findings in Chap-
ter 5 also apply to any air pollution epidemiology study in 
which exposure assessment is done at one’s home location or 
region, although they travel to areas with different exposure 
levels. Even if one does not have access to mobility data, our 
findings and derivations about biases obtained when mobility 
is ignored are still useful. Additionally, these findings are not 
only applicable to causal effects but are applicable to regres-
sion coefficients or other conditional associations typically 
estimated in such studies. Lastly, we believe that unmeasured 

confounding is one of the main hurdles to studying the health 
effects of air pollution on public health outcomes. The tools 
we developed and described in Chapter  6 can be applied 
in any study that has either multiple exposures or multiple 
outcomes, or both. Further, these ideas can be applied using 
standard statistical software for regression models and factor 
analysis, making them easy to use and fast computationally, 
which should make them easier to implement in practice.

Despite the gains we have made, several opportunities 
remain to strengthen the evidence provided by analyses of 
air pollution mixtures. One further advancement, which was 
discussed earlier in the context of our Medicare analyses, 
would be to apply the same ideas to individual-level studies 
of the health effects of air pollution. This approach would be 
most difficult for the nonparametric Bayesian methodology 
developed in Chapter  4 because of the computation time 
required to run analyses on such a large scale. Our analysis 
of heterogeneity among Medicare zip codes took over a day 
to run, and analyzing datasets with millions of observations 
is not currently feasible. Future work could potentially 
incorporate approximations or frequentist versions of the 
approach that do not rely on MCMC sampling. Another 
opportunity for future efforts, which could greatly broaden 
its applicability to the real-world practice of epidemiology, 
is to weaken some of the modeling assumptions necessary 
for the results developed around unmeasured confounding 
in Chapter 6. Additionally, this approach currently applies to 
continuous outcomes only and does not immediately extend 
to other commonly used outcome types such as binary or 
survival outcomes, and this extension would widen the 
scope of analyses that could benefit from the methodology. 
Another ubiquitous problem in air pollution epidemiology 
that was not discussed in detail in this report is exposure 
measurement error. While we believe the implications of 
exposure measurement error in our analyses are similar to 
those in other contexts that have been previously studied, 
future research could combine the ideas presented here with 
approaches to correcting for measurement error. Similarly, 
while we have discussed separate issues within each chapter 
of the report, future work could combine these and other 
important ideas into a single analysis to provide a more 
robust, comprehensive assessment of the health effects of air 
pollution. Combining these ideas and addressing so many 
issues at once is a difficult task, but one that we should strive 
for as we aim to provide the best science for informing regu-
latory policy in air pollution epidemiology.
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For the health outcomes, open access to the Medicare 
data is restricted under the Health Insurance Portability and 
Accountability Act (HIPAA). However, the pipeline with 
which the data was processed is available at https://github 
.com/NSAPH-Data-Processing/mbsf_mortality_denom, and 
the metadata with details of the derived dataset is found at 
https://doi.org/10.7910/DVN/Y1WNU7. The US air pollution 
estimates at the grid level30 were transformed to obtain a 
dataset of derived measures at zip code tabulation area level 
(https://doi.org/10.7910/DVN/2NT5CV). Similarly, US Cen-
sus Bureau variables were fetched and processed, leading to a 
clean dataset (https://doi.org/10.7910/DVN/9V5WCM).

The code and results associated with the analysis are open 
for use. Specifically, https://github.com/hshin111/SepBART_
Medicare_Analysis was used in Chapter  4, https://github 
.com/hshin111/Mobility_Medicare_Analysis in Chapter  5, 
and https://github.com/jantonelli111/MultiOutcomeAnalysis 
in Chapter 6.
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HEI QUALITY ASSURANCE STATEMENT

The conduct of the study “Robust Statistical Approaches 
to Understanding the Causal Effect of Air Pollution Mixtures” 
was subjected to an independent audit by David Bush and 
Scott Adamson of Trinity Consultants, Inc. Mr. Bush and 
Mr. Adamson are experts in quality assurance for air quality 
monitoring studies and data management.

The audit included a review of data quality for confor-
mance to the study protocol as detailed in the final report and 
the study’s quality assurance plan, reviewing data quality for 
each of the study components. In April 2025, an off-site audit 
was conducted via a teleconferencing platform with primary 
study personnel. The audit concentrated on the study’s qual-
ity assurance and data management activities and included 
a review of the overall process utilized to collect new data 
and to manage and combine the exposure, air quality, epi-
demiological, and modeling data. Also evaluated were the 
procedures and measures undertaken to ensure quality and 
consistency in the processed databases and modeling results. 
Examples of data and data processing code for the datasets 
and modeling files were displayed by study personnel and 
further reviewed in study GitHub directories for consistency, 
clarity, and completeness.
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A written report of the audit was provided to the HEI 
project manager, who transmitted the findings to the Principal 
Investigator. The quality assurance audit demonstrated that 
the study was conducted by an experienced team with a high 
concern for data quality. Study personnel were responsive to 
audit questions and recommendations, providing responses 
that addressed all audit inquiries. The report appears to be an 
accurate representation of the study.

David H. Bush, Quality Assurance Officer
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COMMENTARY

Research Report 234, Robust Statistical Approaches to Understanding the Causal 
Effect of Air Pollution Mixtures, by J. Antonelli et al.

HEI’s Research Committee recommended funding Antonel-
li’s application because it believed that the proposed methods 
would help address important limitations of studies assessing 
multipollutant mixtures and could be broadly applicable to 
environmental epidemiology studies beyond air pollution. 
The study started in 2021.

This Commentary provides the HEI Review Committee’s 
independent evaluation of the study. It is intended to aid 
the sponsors of HEI and the public by highlighting both the 
strengths and limitations of the study and by placing the 
results presented in the Investigators’ Report into a broader 
scientific and regulatory context.

SCIENTIFIC AND REGULATORY BACKGROUND

Recent advances in the development of statistical methods 
have enabled researchers to answer questions regarding cau-
sality — such as whether exposure to outdoor air pollution is 
causally linked to mortality — using epidemiological datasets.6 
HEI has long played an important role in supporting research 
into the development of causal inference approaches,7–9 as 
well as into multipollutant statistical approaches.10–13 Gener-
ally speaking, causal models aim to describe the distribution 
of health outcomes that would be observed if individuals were 
assigned to hypothetical alternative exposure values rather 
than to their actual observed exposure values.14 For example, 
causal models typically address counterfactual or “what if” 
questions, such as, “What would happen to the mortality 
rate in a population if we were to decrease all exposures to a 
given pollutant by one unit?” Causal inference, therefore, is 
the process of inferring causal effects from such hypothetical 
experiments with data.

The primary challenge to conducting causal inference 
analyses, however, is satisfying specific sufficient conditions 
for estimating causal effects from observational data. The 
positivity assumption, for example, requires that every value 
of exposure potentially of interest is possible for all kinds of 
individuals.15 This condition means that for every combina-
tion of covariates (e.g., male, within a given age range), all 
exposure concentrations of interest may actually be observed 
in the data. The condition would be violated if, for example, 
no men in the study dataset who were 40–45 years of age were 
exposed to a given air pollution concentration of interest, 
as it would then not be possible to learn about the risk of 
the outcome corresponding to that exposure concentration 
among those men.

HEIReview Committee

Dr. Joseph Antonelli’s 3-year study, “Robust Statistical Approach-
es to Understanding the Causal Effect of Air Pollution Mixtures,” 
began in June 2021. Total expenditures were $484,105. The draft 
Investigators’ Report from Antonelli and colleagues was received 
for review in June 2024. A revised report, received in December 
2024, was accepted for publication in December 2024. During the 
review process, the HEI Review Committee and the investigators 
had the opportunity to exchange comments and clarify issues in 
the Investigators’ Report and the Commentary.

This report has not been reviewed by public or private party insti-
tutions, including those that support the Health Effects Institute, 
and may not reflect the views of these parties; thus, no endorse-
ments by them should be inferred.

* A list of abbreviations and other terms appears at the end of this 
volume.

INTRODUCTION

Ambient air pollution is a major global public health risk 
factor. There is now a broad expert consensus that exposure 
to ambient air pollution causes an array of adverse health 
effects, which is based on evidence from a large body of 
scientific literature that has grown exponentially since the 
mid-1990s.1-5 Most of our knowledge about the health risks 
of exposure to air pollution comes from observational studies 
that have examined the effects of individual pollutants, such 
as fine particulate matter ≤2.5 μm in aerodynamic diameter 
(PM2.5)* and nitrogen dioxide (NO2). Challenges remain, 
therefore, with estimating and quantifying the health risks 
associated with exposures to the complex mixtures of pollut-
ants to which people are exposed daily.

With the goal of developing new statistical approaches for 
addressing challenging questions about the link between air 
pollution mixtures and health, Dr. Joseph Antonelli of the 
University of Florida submitted an application titled “Robust 
Statistical Approaches to Understanding the Causal Effect 
of Air Pollution Mixtures” in response to HEI’s Request for 
Applications 19–2: Walter A. Rosenblith New Investigator 
Award. This award was established to provide support for 
outstanding new investigators at the assistant professor level 
to conduct research in the area of air pollution and health; 
it is unrestricted with respect to the specific research topic. 
Antonelli proposed to develop statistical methods to study 
air pollution mixtures in epidemiological studies that would 
focus on causal inference-based techniques, including meth-
ods to account for changes in individual exposures across 
space. These methods would be applied to a Medicare (i.e., 
US health program for adults 65+ years old) cohort with exist-
ing national air pollution exposure estimates to demonstrate 
proof-of-concept in a real-world setting.

https://www.healtheffects.org/research/funding/rfa/rfa-19-2-walter-rosenblith-new-investigator-award
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Model misspecification is another potential problem that 

can occur in causal (and “traditional” epidemiological) mod-
els. Misspecification occurs when the statistical model used 
to estimate causal effects does not correctly represent the 
true relationship between variables. This problem can occur 
through incorrect functional forms of the statistical model 
(e.g., assuming linearity when the relationship is nonlinear), 
excluding important confounders, or using incorrect interac-
tion terms. Model misspecification might lead to biased effect 
estimates (e.g., incorrect magnitude-of-effect estimates, wrong 
signs, or spurious significance) because the misspecified 
model systematically over- or under-adjusts for confounding, 
thereby attributing other sources of variation in the outcome 
to the exposure. Another challenge to conducting epidemio-
logical studies of outdoor air pollution exposure and health 
— including both causal and traditional approaches — is 
the difficulty of accurately assigning estimates of long-term 
exposures to study participants and minimizing the influence 
of exposure measurement error on any estimated health risks. 
Measurement error in an explanatory variable (e.g., an esti-
mate of exposure) can bias health effect estimates (most often 
toward a null association) in epidemiological analyses.12–14 It 
is important, therefore, for epidemiological studies of outdoor 
air pollution to estimate exposure as accurately as possible so 
that they can better inform our understanding of health risks 
and inform the regulatory process.

The exchangeability (or no residual confounding) assump-
tion is an additional challenge for causal models that require 
that no unmeasured variables simultaneously affect both 
exposure assignment and the outcome. This assumption can 
fail to be met if individuals with different exposure levels 
differ with respect to unmeasured baseline characteristics 
that are predictive of the risk for the outcome. A lack of 
information on those characteristics (i.e., confounders) could 
limit the researcher’s ability to estimate accurately the true 
risk of the outcome that occurs as a result of the exposure. In 
other words, for the exchangeability assumption to be met, 
all relevant confounders must be measured accurately and 
controlled for in the analysis.

All the assumptions and concerns noted typically cannot 
be tested empirically, given that causal inference involves 
comparing unobserved counterfactual outcomes that would 
have happened under hypothetical circumstances. As such, 
investigators need to justify their approaches using theory 
and existing evidence about the real-world processes under 
study.15 Antonelli and colleagues aimed to lower the barriers 
to conducting causal inference analyses with multipollutant 
mixtures by developing and justifying approaches that 
address these challenges.

STUDY OBJECTIVES

Antonelli and colleagues proposed to develop causal 
inference methods to address four specific challenges associ-
ated with conducting epidemiological analyses. Their focus 

was on proposing new methods to improve the analysis of 
environmental mixtures, specifically mixtures of multiple air 
pollutants. They identified the following aims:

1.	 Develop an approach to identify the effect of exposure 
to a given pollutant on health when multiple pollutants 
are present and when limited data are available about 
the distributions of these pollutants. This aim seeks to 
address potential violations of the positivity assumption.

2.	 Develop a method to estimate the effects of exposure 
to a mixture of pollutants on the risk of mortality. This 
aim seeks to identify subgroups of the population that 
are most susceptible to the effects of exposure to air pol-
lution and to reduce the detrimental impacts of model 
misspecification.

3.	 Evaluate the effect of controlling for daily mobility pat-
terns on estimates of the health effects associated with 
long-term exposures to air pollution. This aim seeks to 
minimize exposure measurement error.

4.	 Develop a method to account for bias caused by residual 
confounding in large epidemiological analyses. This aim 
seeks to address the exchangeability assumption.

The proposed aims advance the field by highlighting the 
challenges inherent in studying the health effects of multiple 
exposures and expanding the range of research questions that 
can be answered regarding air pollution mixtures. The inves-
tigators’ overarching goal was to enhance the policy relevance 
of findings from epidemiological studies.

In some cases, the new approaches and statistical models 
are described for theoretical applications, and in others, 
Antonelli and colleagues apply their methods to real-world 
data using a nationwide study of air pollution and health in 
the US Medicare population. Those analyses are based on 
the health information from over 30 million Medicare ben-
eficiaries living in about 30,000 zip codes during the years 
2000–2016. For air pollution data, the investigators used 
annual estimates of PM2.5, black carbon, ammonium, nitrates, 
organic matter, sulfate, ozone, elemental carbon, and organic 
carbon from existing spatiotemporal models, all at a spatial 
resolution of about 1 km × 1 km,16,17 aggregated to the zip code.

SUMMARY OF ANALYSES

AIM 1: CAUSAL ANALYSIS OF AIR POLLUTION 
MIXTURES: ESTIMANDS, POSITIVITY, AND MODEL 
EXTRAPOLATION

The first aim of the study addresses a key challenge unique 
to analyzing air pollution mixtures — one that cannot be 
resolved by simply extending univariate methods. It focuses 
on a) providing data-driven tools to assess whether a given 
dataset of study participants with multiple exposure estimates 
can support reliable causal effect estimation, and b) defining 
causal estimands that are appropriate for such datasets.
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A causal estimand is the specific scientific causal quantity 
of interest. For example, a causal estimand might represent 
the expected change in risk of mortality resulting from a spec-
ified reduction in all pollutant exposure concentrations for all 
persons in the population. The investigators explain how the 
task of defining causal estimands for air pollution mixtures 
can lead to violating the positivity assumption. The challenge 
of meeting that assumption is that one might want to answer 
questions about circumstances for which real data are either 
not available or not observed (i.e., one might want to know 
about effects on health associated with exposures outside 
the range of observed concentrations). In such a situation, a 
researcher risks extrapolating findings to data points that do 
not exist. Note that whereas statistical interpolation involves 
estimating an unknown value that falls within the range of 
known values, extrapolation involves estimating an unknown 
value that falls outside that range. As an example, there is no 
empirical evidence for effects on health from annual mean 
exposures to concentrations of PM2.5 of 1 µg/m3, and it would 
therefore require model extrapolation to estimate the effect of 
an intervention that reduces annual mean exposures from, for 
example, 10 µg/m3 to 1 µg/m3. It becomes more complicated 
to avoid violating the positivity assumption when one is 
considering more than one exposure, because in such cases, 
there are more combinations of exposures that might not exist 
in a given dataset or in the real world more generally. For 
example, one might not be able to estimate a reduction in the 
concentration of one pollutant while maintaining another 
pollutant at the same concentration without extrapolation 
because both pollutants might come from a common source, 
like tailpipe emissions. Such violations are common in multi-
pollutant studies and can lead to biased effect estimates (that 
is, estimates that are systematically too high or too low).

In this context, Antonelli and colleagues proposed a data-
driven approach to detect violations of the positivity assump-
tion in multipollutant settings. Their solution was to identify 
the distribution of exposure values that fall within what is 
known as the “convex hull.” In the case of a single variable, 
the convex hull would comprise the range of values bound by 
the minimum and maximum observed values of that variable. 
In the case of two variables (e.g., multipollutant models), the 
convex hull would be defined as the smallest polygon that 
contains all of the points of observed exposure among all of 
the exposure variables18 (Commentary Figure 1).

The investigators then proposed strategies to redefine 
causal estimands in a way that respects the limitations of the 
given data. Specifically, they proposed that if inspection of 
the convex hull indicated that estimating a value of interest 
would require model extrapolation (e.g., an intervention that 
reduces the exposure value of the green point to that of the 
red point in Commentary Figure 1), then alternatively defined 
estimands that were defined based on the convex hull could 
be substituted. One proposed approach would be to find a 
“feasible” concentration of exposure that is similar to the 
value of interest (i.e., the value at the red point) but that is 
not subject to model extrapolation (e.g., one of the two blue 

points in Commentary Figure 1). A second proposed approach 
would be to restrict the analysis to the subset of exposure 
values for which observed concentrations are available.

Notably, the investigators acknowledge that these 
approaches for modifying causal estimands impose a com-
promise between the feasibility of analysis and the interpret-
ability of the results. That is, although it is feasible to estimate 
the modified causal estimands given that they are based on 
an observed sample of exposures (i.e., no extrapolation is 
required), the modified estimands might lose relevance and 
interpretability if the original estimands had been determined 
for scientific or policy reasons. In summary, the investigators 
have shown that their approaches provided feasible solutions 
for avoiding violation of the positivity assumption and model 
extrapolation in multipollutant contexts.

AIM 2: ADDRESSING THE HETEROGENEITY OF THE 
HEALTH EFFECTS OF AIR POLLUTION MIXTURES

Current methods for studying exposure to mixtures of 
pollutants assume that the effects on health are the same for 
everyone. But this assumption is not likely to hold, especially 
in air pollution research in which health effects can differ in 
relation to factors such as age, sex, or income.

To address this issue, Antonelli and colleagues introduced 
a flexible method using Bayesian statistics that reduces the 
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Commentary Figure 1. Illustration of a convex hull around a set 
of observed values for two hypothetical exposures. The green 
point is an observed exposure of interest. The red point is the 
corresponding interventional point of interest. The blue points 
represent two different feasible values of the exposure that fall in 
the convex hull. Source: Investigators’ Report, Figure 4.
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detrimental effects of model misspecification and allows 
one to better understand how air pollution mixtures affect 
different groups of people. Their statistical models allow for 
nonlinear associations between exposures and health out-
comes, for interactions between exposures, and also for the 
effect of the pollutant mixture to depend on other covariates 
in the model. Generally, their new approach allows one to 
identify and recognize how much the causal effect of a mix-
ture of exposures varies with respect to measured covariates 
included in the model. The approach, therefore, allows one 
to identify, for example, what characteristic influences the 
magnitude of the effect of the mixture the most. By extension, 
one can infer which population subgroups are most affected 
by exposure to air pollution or who might benefit most from 
an intervention to reduce exposures.

AIM 3: ACCOUNTING FOR MOBILITY WHEN 
ESTIMATING THE HEALTH EFFECTS OF AIR 
POLLUTION MIXTURES

One of the major challenges in conducting epidemiological 
studies on outdoor air pollution exposure and health is the 
difficulty of accurately assigning estimates of long-term expo-
sures to study participants. Estimating exposures is challeng-
ing because pollution concentrations can vary substantially 
over short distances and over time, and because people move 
around their neighborhoods, cities, and beyond on a daily 
and yearly basis. Nonetheless, most epidemiological studies 
that investigate long-term effects of air pollution on health 
assign concentrations at participants’ residential addresses as 
their estimate of exposure. Whether that approach leads to 
exposure measurement error that can, in turn, affect the health 
effects estimation remains unclear. Some studies have shown 
that using exposures assigned only at residential locations 
and ignoring daily mobility patterns can lead to exposure 
measurement error,19,20 which in turn can bias health effect 
estimates, most often toward a null association (i.e., showing 
no effect of the exposure on the health outcome).21–23 Others, 
however, have found that assessing long-term air pollution 
exposure at only the residential address does not lead to 
substantial bias nor to loss of precision in health effects 
estimates.24–26

Antonelli and colleagues address the problem of poten-
tial exposure measurement error within a causal inference 
framework by exploring how bias might arise when mobility 
is ignored in estimating exposures to air pollution, especially 
in settings with multiple pollutants. They also present meth-
ods to correct such bias by using population-level mobility 
estimates derived from cell phone data. They applied their 
approaches in national-level analyses on the Medicare cohort 
mentioned earlier. For this specific analysis, the investigators 
acquired aggregated mobility data for the year 2019 that were 
collected from about 15 million anonymous cell phone users 
by Cuebiq, a location intelligence platform. Cuebiq compiles 
data from cell phone users across the contiguous United States 
who have opted in to provide access to their GPS location 
data anonymously.

The zip code of residence is the only residential informa-
tion available for Medicare cohort participants. Zip codes 
vary in size in relation to population density and can cover 
a neighborhood in dense urban areas or represent an entire 
town, community, or larger area. For example, zip codes are 
on average 24 km² in Los Angeles County, California, and 
268 km² in the state of Texas. Many previous epidemiological 
studies using the Medicare cohort have assigned concentra-
tions of air pollution at the residential zip code only.27–30 Here, 
Antonelli and colleagues derived two estimates of exposure 
to several pollutants for cohort participants:

1.	 An annual mean concentration averaged across partici-
pants’ home zip code (i.e., the conventional approach of 
residential-only exposure).

2.	 An annual mean concentration that was weighted by the 
amount of time residents of each zip code (as estimated 
via the Cuebiq data) spent in their home zip code and by 
the amount of time they spent in every other zip code. 
For example, for a given zip code, its residents might 
spend 70% of their time in that zip code, 20% of their 
time in a single adjacent zip code, and the remaining 
10% in several other nearby zip codes.

The results showed that the percentage of time spent in the 
home zip code for residents of each state (plus Washington, 
DC) was generally similar, with most people spending about 
78% of their time in their home zip code (Investigators’ Report, 
Figure 13). As such, people did appear to spend a fair amount 
of time in other zip codes. Commentary Figure 2 shows the 
correlations between the two estimates of exposures, specifi-
cally home zip code only and the mobility-based exposures, 
for several pollutants across time. In all cases, correlations 
were generally high (r > 0.85) between the two estimates. The 
annual correlations between the two estimates of sulfates 
were the highest, indicating very little spatial variability in 
that pollutant among the home and nearby zip codes.

Ultimately, although most people spent about 22% of 
their time in neighboring zip codes, incorporating mobility 
information at that scale did not lead to appreciably different 
estimates of exposures (Investigators’ Report, Table  7), nor 
appreciably different health effect estimates (Commentary 
Figure 3). Commentary Figure 3 shows the estimated number 
of deaths per 100,000 person-years averaged over the study 
period associated with increasing each pollutant (black 
carbon, ammonium, sulfates, nitrates, organic matter, and 
fine particulate matter) simultaneously by 0.25 times their 
respective standard deviations. The figure shows the point 
estimates over the period 2000–2016 for models with (red 
symbols) and without (blue symbols) accounting for mobility. 
In all cases, increases in the pollutant mixture are associated 
with an increase of about 0.05 to 0.14 deaths per 100,000 
person-years (with confidence intervals ranging from about 
0.03 to 0.18 deaths). In most years of the analysis, the point 
estimates were slightly larger for the models that incorporated 
mobility, but in no cases was this difference statistically sig-
nificant. The figure also shows a decreasing trend in the point 
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Commentary Figure 2. Correlation between home zip code and mobility-based exposures for six pollutants over the study period. 
Source: Investigators’ Report, Figure 14.
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Commentary Figure 3. Point estimates and 95% credible intervals for the effect of increasing exposures to black carbon, ammonium, 
nitrates, organic matter, fine particulate matter, and sulfate simultaneously by 0.25 times their respective standard deviations on 
number of deaths per 100,000 person-years, with and without accounting for mobility. Source: Investigators’ Report, Figure 17.

estimates, which is due in part to decreasing air pollution 
concentrations over time. Because the concentrations are 
decreasing each year, so too are their standard deviations, 
and thus the point estimates for each subsequent year are 
calculated per increasingly smaller increments of exposure.

Overall, the investigators’ results suggest that ignoring 
mobility can bias health effect estimates toward showing no 
effect of exposure, although the bias in this case was small 

because of the high correlations between the residential-only 
and mobility-based exposure estimates.

AIM 4: ADDRESSING RESIDUAL CONFOUNDING WITH 
MULTIPLE EXPOSURES AND MULTIPLE OUTCOMES

The fourth aim of Antonelli’s study addresses the issue of 
residual confounding, which threatens the exchangeability 
assumption and can thus undermine the validity of findings 
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from observational research on the health effects of air pollu-
tion. Here, the investigators proposed a framework designed 
to assess the magnitude of the potential bias from residual 
confounding that leverages information on multiple expo-
sures and multiple outcomes simultaneously. The approach 
is based on the idea that having information about multiple 
outcomes for each study participant can be more informative 
about the nature of confounding than it is to have information 
about only one outcome in isolation. This expectation is rea-
sonable in cases where the various exposures and outcomes 
share a common source of confounding. The investigators 
developed a “factor confounding assumption,” which is less 
stringent and more realistic than assuming no residual con-
founding, to derive worst-case bounds on the potential bias 
caused by unmeasured or imperfectly measured confounders. 
Worst-case bounds are limits on the range within which the 
true causal effect might lie under minimal or no assumptions 
about residual confounding or other biases. The investigators 
also derived theoretical and computational tools for refining 
the bounds on the residual confounding bias when additional 
information is available.

Their approach to acquiring information about the 
unmeasured or imperfectly measured confounders is similar 
to a factor analysis that generates information about a latent 
(i.e., unmeasured) factor or construct. That is, the approach 
assumes that all the exposures and all the outcomes are 
correlated with some unmeasured or imperfectly measured 
confounder. The investigators acknowledge that although 
their approach would not typically be sufficient to correct 
for biases from all unmeasured variables completely, it can 
provide informative partial identification that can help iden-
tify the presence of health effects associated with exposure 
to air pollution. It is important to note that their approach 
works only for confounders that are known and that are not 
measured well and for unknown confounders (but known 
to share patterns with measured features); it does not work 
for confounders that are completely unrelated to measured 
variables of interest.

Overall, the approaches presented here can enhance the 
potential robustness of causality in air pollution research 
by acknowledging uncertainty from the presence of residual 
confounding.

HEI REVIEW COMMITTEE’S EVALUATION

This study evaluated several important challenges and lim-
itations of observational studies and presented creative new 
causal inference-based solutions to them. In its independent 
evaluation of the Investigators’ Report, the HEI Review Com-
mittee commended the investigators for developing original 
study aims and for tackling important issues for environmen-
tal epidemiology with which many statisticians continue to 
struggle. The Committee members agreed that the investiga-
tors did an excellent job setting the context and explaining the 
rationale for pursuing causal inference approaches to address 

multipollutant exposures. Although the report is dense with 
statistical formulas, Antonelli and colleagues did a commend-
able job explaining complicated concepts.

The strengths of this work are many and are related to 
the wide array of methods presented that advance the causal 
interpretation of environmental epidemiology studies. The 
focus on issues of positivity, model specification, measure-
ment error, and residual confounding is important for inform-
ing policy. There is a need to address these issues generally, 
and especially in the modeling of air pollution mixtures. 
The work presented by Antonelli and colleagues includes 
a rigorous assessment of the assumptions required to draw 
causal conclusions when using complex mixture modeling. 
The Committee was impressed with the originality and inno-
vative theoretical approaches for estimating causal effects of 
environmental mixtures presented.

The work represents strong first steps toward solving chal-
lenging problems, although additional complexities remain 
that will require continued methods development. For exam-
ple, an overarching limitation of this study is that, in practice, 
the four challenges addressed by the investigators do not exist 
in isolation. The methods proposed, however, were presented 
independently, and addressing each challenge individually 
does not fully resolve the broader issues. It would be beneficial 
for future work to integrate multiple approaches in a shared 
framework. Another remaining challenge is that individual 
pollutants are not present in complete isolation from one 
another. Therefore, although this work aims to address causal 
questions to inform policy, it is not clear how one might 
actually intervene to address or reduce exposures to a mixture 
of measured and unmeasured pollutants. Policymakers can 
create regulations or policies that limit emissions of specific air 
pollution sources, which can, in turn, affect air pollution mix-
tures, although it is generally impossible to regulate mixtures 
directly. Finally, although the theoretical work is quite general, 
the application of the investigators’ techniques was focused on 
the Medicare cohort. Although the Medicare cohort is a very 
large dataset that comprises nearly all older adults who live 
in the United States, it lacks key individual-level covariates 
related to socioeconomic status and health behaviors. Another 
limitation of this dataset is that it does not include residential 
addresses for cohort participants, and so exposures and out-
comes were aggregated to zip codes, which might understate 
the effect of mobility on exposure. Although those features of 
the dataset might be problematic for the interpretation of the 
applied modeling results for each aim, they should not influ-
ence the rigor of the statistical methods proposed.

Committee members appreciated the originality of the 
approaches to detect and address violations of the positivity 
assumption (Aim 1). They noted that this approach has the 
added benefit of showcasing that the observed sample that 
might be used to define the convex hull is only a sample of a 
larger population. As such, it emphasizes the importance of 
how representative that sample is, and therefore, how gener-
alizable the findings might be to the larger population or how 
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transferable they might be to other datasets. Evaluations of 
the possibility of selection bias and a lack of generalizability 
are always prudent with epidemiological analyses, and their 
approach presents a helpful graphical representation of the 
limits of the data. One potential limitation of the approaches 
described to address Aim 1, however, is that they focus on sit-
uations without measured covariates. As such, it is not clear 
how the approaches might work in practice. Nonetheless, the 
Committee felt that their methods held potential and drew 
attention to an issue that is often overlooked.

The approach presented in Aim 2 sought to identify which 
covariates are the main drivers of the association between air 
pollution exposure and a given health outcome. The Commit-
tee acknowledged that identifying the covariates that modify 
the magnitude of an association most is a well-documented 
problem and noted that their approach has the potential to 
help identify groups that are especially sensitive or resilient 
to exposures. Overall, the Committee concluded that although 
the solution developed by the investigators was not perfect, it 
represented an interesting, original effort.

The Committee noted that the approaches using cell phone 
data developed to address Aim 3 were very creative and have 
the potential to eventually affect practice. As presented here, 
however, the Committee did not agree that the investigators 
had engaged sufficiently with practical data and examples 
to conclude the importance, or lack thereof, of mobility in 
understanding air pollution relationships. The authors 
acknowledged the limitations of the mobility data derived 
from cell phone use, in particular that these data represent 
only a random subset of individuals in each zip code and that 
the population from which these data were derived might not 
be representative of the population for which the investiga-
tors were trying to estimate health effects. Mobility within zip 
codes can also affect exposure patterns, especially for expo-
sures that vary on a small scale. The analyses presented here 
are unable to capture such within-zip-code-level mobility or 
related variability in exposures.

An interesting observation related to the mobility analyses 
was that including mobility information led to the exposure 
estimates regressing toward the mean. That result might have 
occurred because those who lived in higher-exposure zip 
codes tended to travel to lower-exposure zip codes (thereby 
producing mean exposures that were lower than the residen-
tial-only estimates), and those who lived in lower-exposure 
zip codes tended to travel to higher-exposure zip codes 
(thereby producing mean exposures that were higher than 
the residential-only estimates). Ultimately, the Committee 
members found the findings from these analyses interesting, 
intuitive, and useful to an extent.

CONCLUSIONS

In summary, this study is among the first to address a 
series of major challenges faced regularly by researchers 
assessing the health effects of exposures to air pollution 

mixtures. As discussed by the investigators, previous efforts 
in statistical modeling in this context were not accompanied 
by a rigorous assessment of the assumptions required by the 
complex models needed to draw causal conclusions. The 
work presented by Antonelli and colleagues here is original 
and innovative and presents several interesting theoretical 
approaches that advance the field in estimating causal effects 
of environmental mixtures, although they do not completely 
resolve the important challenges described herein.

An overarching limitation of the study, however, relates to 
the applied research used to demonstrate the effectiveness of 
the methods. The theoretical foundations presented here were 
evaluated in a very specific dataset with unique features (i.e., 
older adults and data available only at the zip code level) that 
might prevent valid inferences for reasons beyond the issues 
addressed by the investigators. As such, the Committee advises 
that caution should be used in extrapolating the results of the 
applied analyses presented here to more general datasets. 
Although there is more work needed to resolve these complex 
issues fully, this study provides a strong foundation for future 
studies to extend the concepts described here to other settings.
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ABBREVIATIONS AND OTHER TERMS

	 ATE		  average treatment effect

	 BART		  Bayesian additive regression trees

	 BC		  black carbon

	 BKMR		  Bayesian kernel machine regression

	 BMI		  body mass index

	 CCPA		  California Consumer Privacy Act

	 COPD		  chronic obstructive pulmonary disease

	 EC		  elemental carbon

	 FAIR		  findable, accessible, interoperable, and reusable

	 GDPR		  General Data Protection Regulation

	 HIPAA		  Health Insurance Portability and Accountability Act

	 MARS		  multivariate adaptive regression splines

	 MCMC		  Markov chain Monte Carlo

	 MTE-VIM		  Multivariate treatment effect variable importance metric

	 NAAQS		  National Ambient Air Quality Standards

	 NH4		  ammonium

	 NIT		  nitrates

	 OM		  organic matter

	 PM2.5		  particulate matter ≤2.5 μm in aerodynamic diameter

	 SO4		  sulfate

	 SUTVA		  stable unit treatment value assumption
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