Current Environmental Health Reports
https://doi.org/10.1007/540572-022-00388-y

EARLY LIFE ENVIRONMENTAL HEALTH (H VOLK AND J BUCKLEY, SECTION EDITORS)

=

Check for
updates

Estimating Causal Effects of Interventions on Early-life Environmental
Exposures Using Observational Data

Tyler J. S. Smith'© . Alexander P. Keil>® - Jessie P. Buckley?

Accepted: 3 October 2022
© The Author(s), under exclusive licence to Springer Nature Switzerland AG 2022

Abstract

Purpose of Review We discuss how epidemiologic studies have used observational data to estimate the effects of potential
interventions on early-life environmental exposures. We summarize the value of posing questions about interventions, how a
group of techniques known as “g-methods” can provide advantages for estimating intervention effects, and how investigators
have grappled with the strong assumptions required for causal inference.

Recent Findings We identified nine studies that estimated health effects of hypothetical interventions on early-life environ-
mental exposures. Of these, six examined air pollution. Interventions evaluated by these studies included setting exposure
levels at a specific value, shifting exposure distributions, and limiting exposure levels to less than a threshold value. Only
one study linked exposure contrasts to a specific intervention on an exposure source, however.

Summary There is growing interest in estimating intervention effects of early-life environmental exposures, in part because
intervention effects are directly related to possible public health actions. Future studies can build on existing work by linking
research questions to specific hypothetical interventions that could reduce exposure levels. We discuss how framing questions
around interventions can help overcome some of the barriers to causal inference and how advances related to machine learn-
ing may strengthen studies by sidestepping the overly restrictive assumptions of parametric regression models. By leveraging
advancements in causal inference and exposure science, an intervention framework for environmental epidemiology can
guide actionable solutions to improve children’s environmental health.

Keywords Causal inference - Children’s health - Environmental epidemiology - Pregnancy - Prenatal exposures - Air
pollution

Introduction
This article is part of the Topical Collection on Early Life

Environmental Health . . . .
For decades, epidemiologists have reported associa-

tions between environmental exposures in early life and
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adverse health outcomes in children and adults (e.g.,
[1]). It is abundantly clear that the time from conception
through adolescence is a period of heightened suscep-
tibility to environmental toxicants [2, 3]. These results
imply that intervening to reduce or eliminate harmful
exposures in early life could benefit public health. How-
ever, few studies have aimed to answer questions about
potential interventions, such as the following: If we inter-
vened to reduce one or more exposures in a specific way,
how would outcome distributions change? Rather, studies
have reported the expected difference or relative risk of
an outcome per unit difference in an exposure measure.
Questions framed around potential interventions may be
more relevant to public health action since they speak

@ Springer


http://orcid.org/0000-0003-4692-2206
http://orcid.org/0000-0002-0955-6107
http://orcid.org/0000-0001-7976-0157
http://crossmark.crossref.org/dialog/?doi=10.1007/s40572-022-00388-y&domain=pdf

Current Environmental Health Reports

most directly to the types of decisions facing health and
environmental policymakers, namely whether to imple-
ment an intervention and what intervention to implement
[4, 5]. For ethical and practical reasons, however, rand-
omized controlled trials of interventions on environmen-
tal exposures are rarely conducted. Instead, the effects of
early-life interventions on environmental exposures gen-
erally must be estimated using observational data. Causal
inference within such studies is confronted by several
methodological challenges, in particular the potential for
unmeasured confounding. These challenges necessitate
strong assumptions [6]. While sufficient sets of assump-
tions for estimating causal effects from observational
data were formalized in the 1970s [7] and 1980s [8], the
use of methods with explicitly causal aims to estimate
intervention effects remains the exception in environ-
mental epidemiology. We believe that greater adoption of
these methods could improve the value of environmental
epidemiology to children’s health.

Here, we describe how previous epidemiologic stud-
ies of early-life environmental exposures have posed
questions in terms of interventions, focusing on stud-
ies that have used one or more causal estimators known
collectively as “g-methods” to estimate the effects of
hypothetical interventions defined in terms of meas-
ured or modeled exposure values [8, 9] (see Supplemen-
tary Information for a description of our search strat-
egy). G (as in “general”)-methods are a set of statistical
approaches to estimating associations, inspired by causal
inference in longitudinal settings, that allow for complex
exposure-covariate-outcome relationships. We discuss
several advantages of g-methods. Finally, we discuss how
investigators have grappled with the strong assumptions
required to estimate the causal effects of interventions
using observational data.

Posing Questions About Interventions

All epidemiologic studies should begin with well-defined
research questions. Posing questions in terms of poten-
tial interventions can make these questions clearer and
more relevant to stakeholders. In traditional regression
modeling-based inference, one estimates the expected dif-
ference in an outcome per unit difference in an exposure
measure. This approach roughly maps onto an interven-
tion to increase everyone’s exposure by one unit. This
approach lacks an explicit consideration of the mecha-
nism, feasible or otherwise, for how the exposure level
would or could be changed. In practice, the choice of
intervention has important implications for the causal
effect. In a commonly cited example, Herndn and Taub-
man [10] consider the effect of obesity on mortality: If
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obesity is eliminated by improving diets, the effect on
mortality is likely to be quite different from the effect
if obesity is eliminated by increasing physical activity.
When estimating the effect of obesity on mortality using
traditional approaches, they argue, epidemiologists make
the unacknowledged and unrealistic assumption that all
interventions on obesity have the same effect on mortal-
ity [10]. Similar challenges arise with early-life environ-
mental exposures. For example, motor vehicle emissions
have been associated with childhood asthma. Garcia et al.
note that different interventions to reduce these emissions
are likely to have different effects on asthma incidence
[11ee]. If gas-powered vehicles are replaced by bicycles,
both a reduction in emissions and an increase in physi-
cal activity would contribute to a reduction in asthma
incidence. If gas-powered vehicles are replaced by elec-
tric vehicles, however, physical activity likely would
not increase and only the reduction in emissions would
contribute to differences in asthma incidence. Thus, the
causal effect would be different.

Yet while questions about interventions can be advanta-
geous, a central challenge to answering them using obser-
vational studies is that typically no intervention is observed
let alone assigned. Here, Zigler and Dominici have drawn
a distinction between direct and indirect studies [12]. They
define “direct studies” as those that estimate the causal effect
of a past intervention on an outcome, using data in which the
actions specified under those interventions have occurred.
For example, Casey et al. [13, 14] used a difference-in-
difference study design to estimate the effects of coal and
oil power plant closures on preterm births and fertility in
nearby communities in California. Their design was “direct”
because it relied on having observed such closures, and
"exposure” in these studies was defined by proximity to a
source of pollution, rather than by the pollutants themselves.
By contrast, “indirect studies” do not evaluate past interven-
tions and instead aim to estimate more generic questions
about the effects of exposures that may be modified by such
interventions. In such studies, “exposure” is defined by the
pollutant itself (e.g., PM, s) rather than the pollution source.
A third class of studies split the difference between direct
and indirect studies by using measurements of the pollutants
to study the effects of hypothetical interventions that act on
those pollutants, but the data informing these studies may
not have been subject to these interventions. Such studies are
advantageous in that they can help target new interventions
that may not have already been implemented, and they have
been popular in areas such as HIV treatment where the goal
is to identify optimal treatment strategies among patients
who are observed to follow many treatment regimens (e.g.,
[15, 16]). For the remainder of this review, we focus on this
third class of studies of hypothetical interventions informed
by measured or modeled exposure data.
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Envisioning Hypothetical Interventions
for Observational Studies

Hypothetical interventions can take several forms and, in all
cases, should state both the exposure level under the inter-
vention and the exposure level under the comparison, which
may be a second intervention or no intervention. That is, if
the intervention has not, in fact, taken place, we must “oper-
ationalize” the intervention as some modification of the
exposure distribution. Examples include setting the expo-
sure to a specific value (e.g., 0 ug/L), shifting the exposure
distribution downward (e.g., a 10% reduction), and limiting
the exposure at a specific value (e.g., <10 pg/L) (Fig. 1),
though many other operationalizations are possible. These
levels often are compared to levels that would be expected
to occur under no intervention, which is often referred to as
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Fig.1 Examples of hypothetical interventions. a Set the exposure
at a specific value. b Shift the exposure. ¢ Limit the exposure to less
than or equal to a threshold value. The dashed red curve indicates the
distribution of exposure values assigned under the intervention. The
solid blue curve indicates the distribution of exposure values assigned
under the natural course

the “natural course” [17]. Garcia et al. [11e¢] and Urman
et al. [18], for example, estimated the effects of hypotheti-
cal interventions on PM, 5 and NO, on childhood asthma
incidence and lung development, respectively, in southern
California, 1993 to 2014. They evaluated the following: (1)
setting PM, 5 or NO, to baseline values observed in 1993;
(2) limiting PM, 5 or NO, values at hypothetical regula-
tory limits of 15, 12, or 10 ug/m3 and 30, 20, or 10 ppb,
respectively; and (3) shifting PM, 5 or NO, distributions
downward by 10, 20, or 30% (Table 1). All interventions
were compared to the natural course in which air pollution
concentrations were assigned as observed over follow-up.
Similarly, Snowden et al. [19] estimated the effect of limit-
ing NO, at the 25" percentile of observed values, compared
to the natural course, on lung function among children with
asthma in California’s Central Valley (Table 1). Goin et al.
[20] likewise estimated the effect of limiting NO,, black
carbon (BC), or ultrafine particles (UFP) at the 25t percen-
tile of observed values, compared to the natural course, on
preeclampsia in Oakland, California (Table 1). By contrast,
Riddell et al. [21] compared setting NO,, BC, or UFP to
the 90th percentile to setting each to the 10™ percentile on
preterm birth in Oakland and San Jose, California (Table 1).
Oulhote et al. [22e¢] compared setting mercury, polychlo-
rinated biphenyl (PCB), and per- and poly-fluoroalkyl sub-
stance (PFAS) levels to the 75" percentile to setting them
to the 25" percentile on neurodevelopment among children
in the Faroe Islands (Table 1). Kponee-Shovein et al. [23]
compared setting cortical blood lead to its mean level to set-
ting bone lead to one standard deviation above its mean level
on neurodevelopment among children in Mexico (Table 1).

The examples above referred to exposure contrasts that
might conceivably be achieved by public health interven-
tions (e.g., the US National Ambient Air Quality Standards,
where the “intervention” is to require that states maintain
time-averaged exposure levels below a limit) but, in gen-
eral, were not tied explicitly to an intervention on exposure
sources. By contrast, Keil et al. aimed to estimate the effect
of closing three coal-fired power plants on birth weights in
Milwaukee, Wisconsin [24ee] (Table 1). To do this, they
compared mean predicted birth weight under the hypotheti-
cal intervention to mean predicted birth weight under the
natural course. The authors operationalized the interven-
tion as a reduction in ambient concentrations of six airborne
metals, where the reduction was proportional to the power
plants’ emissions relative to other local sources (as estimated
from the National Air Toxics Assessment database). To our
knowledge, this is the most explicit attempt to date to esti-
mate the effect of a source-based intervention on early-life
environmental exposures in the absence of the intervention.

While not reflecting a statistical or causal assumption,
the choice of intervention and comparison exposure levels
is nonetheless critical because together these can imply
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& radically different exposure contrasts (Fig. 1), result in
H, _5 sharply divergent estimates, and may be more applicable
Lo; g % to some decision-making processes than others. In gen-
m&ﬁg : eral, hypothetical interventions and comparisons may be
% ‘3 S most applicable if they correspond to public health actions
g 572 ‘ available to decision-makers. For example, a hypothetical
i ﬁ f % = intervention to eliminate all motor vehicle emissions (i.e.,
g = 5 § g setting exposure to 0) could result in an estimate that is
“ ? 5 substantially larger than a hypothetical intervention to shift
2 exposure downward by a modest amount. However, the first
G a2 § intervention is not available to decision-makers since there
‘12 & is no feasible intervention to eliminate all motor vehicle
% = % emissions in the short term. By contrast, replacing a pro-
§ & 5 = E portion of existing gas-powered vehicles with low-emission
3 3 % § N electric vehicles is a more feasible intervention that could
g E 52| & shift exposure. Similarly, the choice of comparison should
I 238 be guided by public health decision-making. In many cases,
£ g ‘g the most useful comparison will be the natural course in
; ;E ; which no intervention is implemented, and exposures are set
% RS “FE to their observed values [17]. In other cases, decision-mak-
& 3 £ ers will need to choose among two or more interventions;
g —g B E if so, comparisons should include other interventions. For
g % gf > example, with global climate change, the most relevant con-
© &~ E § trasts may not involve current or past climate conditions (i.e.,
g § the natural course) if we are already past the point where
e _a maintenance of current conditions is outside the set of likely
iy futures. With careful consideration, posing research ques-
f%) § tions in terms of interventions can provide more actionable
% —q‘é é results to decision-makers.
=} ~ o >
EEEI
E § i Estimating Intervention Effects
g 5 &
% E] % @ g In principle, estimating a causal effect does not require
EENE- S e S using a specific “causal estimator” such as g-computation
i 2|2E8 Eé or inverse probability weighting. A conditional estimate—
TE é ST &2 for example, an incidence rate ratio obtained from a Poisson
2 F|C0U= E § regression model—can be interpreted as a causal effect pro-
£ % 2 vided the necessary assumptions hold. In practice, however,
§ g g causal estimators are used to derive marginal estimates when
5 55 causal inference is an explicit goal. Most papers identified
% g TE for this review used some form of g-computation [11ee,
- é g & 18-20, 22ee_ 23, 24ee]. In the simplest form of g-compu-
£ B g N tation, investigators fit a model of the outcome, given the
s s 5 .°9’ exposure(s) and confounders, then use the model to pre-
z 38 dict outcomes under exposure levels corresponding to the
E é) g intervention of interest [25, 26]. They can obtain an effect
S =~ Qg estimate by taking the means of the predictions for each
é % _§ E exposure level, then by taking the difference of the mean
g 5 = E %N predictions. Kponee-Shovein et al. also used inverse prob-
Z % 2 3 5 ability weighting [23]. With inverse probability weighting,
v | £ ] 53 investigators fit a model of the exposure, given the confound-
o |5 o [SE=] . .- [
2| < & ] ers, and obtain the conditional probabilities of exposure
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given the confounders. Then, the investigators fit a weighted
regression of the outcome on the exposure using the inverses
of the conditional probabilities as the weights [9]. Inverse
probability weighting can be challenging in environmental
studies of continuously measured exposures [27], though
several practical examples exist [28, 29]. While “g-methods”
like g-computation and inverse probability weighting were
developed for longitudinal studies with time-varying con-
founders affected by prior exposure [8], they may be used
with time-fixed covariates as well [25, 26].

An advantage of g-computation is that it divorces the
research question from the statistical model [30e]. Tradition-
ally, the type of outcome has dictated a type of regression
model (e.g., continuous outcomes dictate linear regression,
and dichotomous outcomes dictate logistic regression), and
the type of model has determined the estimand (e.g., an
expected difference is obtained from a linear regression, and
an odds ratio is obtained from a logistic regression). The link
between the type of model and the estimand derives from
parsimony: we typically accept some model misspecifica-
tion for the sake of the interpretability of one or two model
parameters. With g-computation, the research question and
causal estimand can be identified independently of the sta-
tistical model [30e, 31]. Then, one can select a well-fitting,
highly flexible model with the goal of accurately predict-
ing outcomes under the exposure levels corresponding to
the hypothetical intervention. The parameter of interest, or
causal estimand, can then be the difference in mean predic-
tions across the different exposure levels, such that even a
highly complex exposure—response function can be summa-
rized with a small set of intuitive parameters. Crucially, the
analyst chooses what exposure levels to compare based on
the hypothetical intervention. The analyst is not bound to
reporting estimates directly from a model, such as an odds
ratio per unit difference in exposure.

By reframing causal estimates as differences in mean
predictions, g-computation opens the door to using a wide
array of machine learning and other data-adaptive algo-
rithms developed for prediction [30e]. These algorithms
may be highly flexible and can yield more accurate predic-
tions than generalized linear models in the presence of non-
linearity or non-additivity that can be difficult to specify a
priori [32¢]. Oulhote et al. used Super Learner, an ensemble
machine learning technique, to predict neurodevelopmen-
tal test scores under various exposure levels [22ee]. Super
Learner can train models using a diverse array of algorithms
and combine the models to achieve predictions that are at
least as accurate as the best model in the ensemble [33, 34].
Separately, in an example of Bayesian g-computation [35],
Keil et al. used Bayesian model averaging to consider tens
of thousands of potential specifications of a linear regression
of birthweight on six metals and seven covariates using a
Markov chain Monte Carlo procedure [24ee]. This approach
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considered two-way product terms between each continu-
ous covariate and all other covariates, arriving at a “final
model” by taking the average of all models weighted by their
posterior probabilities. Thus, for both causal and statisti-
cal reasons, g-computation offers important advantages for
estimating intervention effects on environmental exposures.
Even when incorporating complex prediction algorithms,
the final effect estimate is a simple contrast of the expected
outcome under two interventions that is easy to understand
and interpret.

Grappling with Strong Assumptions

While g-methods offer advantages, even with time-fixed
covariates, interpreting the resulting estimates as causal
effects requires several strong assumptions. These assump-
tions raise important methodological challenges. The first
assumption is counterfactual consistency—does the expo-
sure contrast evaluated by the study correspond to the
intervention of interest? Often in environmental epidemi-
ology, we use biomarkers, environmental monitoring, or
geographic information systems-based measures to assess
individual-level exposures. To credibly link exposures to
interventions, however, robust information describing the
contribution of various exposure sources to measured or
modeled exposure values is also critical. Keil et al. used a
simple approach to estimate the contribution of coal-fired
power plants to airborne metal concentrations but acknowl-
edged that the lack of detailed information on this link was
an important limitation [24ee]. This was the only study in
our review that explicitly attempted to make this connec-
tion. A second assumption is no measurement error—both
systematic and random error in outcome, exposure, or con-
founder measurements can bias effect estimates [36]. We
believe causal inference would be strengthened by collabora-
tions between environmental epidemiologists and exposure
scientists, who develop methods to measure exposures accu-
rately and can help to better characterize relations between
sources and exposures.

Such collaborations could allow environmental epidemi-
ologists to estimate the effects of more sophisticated inter-
ventions. These include dynamic and stochastic interven-
tions [37]. A dynamic intervention assigns exposure levels
based on one or more covariate values. Garcia et al., for
example, estimated the effect of limiting NO, to a hypo-
thetical regulatory limit of 10 ppb. To do so, they assigned
the limit if the observed value was > 10 ppb; else, they
assigned the observed value [11ee]. A different example of
a dynamic intervention is intervening on high-risk individu-
als only—assigning a reduced exposure value if one or more
susceptibility factors is present, else assigning the observed
value. A stochastic intervention assigns a random draw from



Current Environmental Health Reports

a distribution believed to reflect the exposure distribution
under the intervention. This reflects uncertainty in what
the exposure value would be. We did not find examples of
stochastic interventions on early-life environmental expo-
sures. Additionally, while the studies we identified aimed to
estimate the effects of interventions on harmful exposures,
the intervention instead might target a susceptibility factor.
A study could ask whether increasing maternal micronutri-
ent intake during gestation, for example, reduces the risk of
overweight and obesity under prenatal toxic metal exposures
[38]. The timing of the intervention could be considered,
too. A study with repeated measures of prenatal exposure
might ask whether the effect of an intervention is greater
during early or late pregnancy. As noted above, a major
strength of g-computation is the ability to consider a wide
array of hypothetical interventions using whatever statistical
model is appropriate to the data.

A third assumption is conditional exchangeability, which
implies adequate control for confounding and selection bias
[6]. While unmeasured confounding poses a challenge to
all observational epidemiology, analyses of interventions
on environmental exposures are likely to encounter certain
special cases. For example, many environmental exposures
are correlated with one another due to a common source or
other factor, leading to the potential for co-pollutant con-
founding. While including many correlated exposures in a
model can avoid co-pollutant confounding when estimat-
ing the independent effect of just one exposure [39], it is
often unrealistic to change the level of one exposure while
holding all others constant. Furthermore, attempting to esti-
mate independent effects of correlated exposures can induce
amplification bias [40] and variance inflation. Often, a real-
istic intervention would target a common source of multiple
exposures, thereby making it necessary to estimate the effect
of an intervention on an exposure mixture. Oulhote et al., for
example, did not describe a specific intervention but esti-
mated both independent and joint effects of mercury, PCBs,
and PFAS on neurodevelopment [22ee]. A common source
of these exposures is seafood, and joint effects may be most
relevant if a decision-maker is considering an intervention
related to seafood regulatory standards or consumption. Keil
et al. estimated the effect of a hypothetical intervention to
close three coal-fired power plants on birth weights [24ee].
This was estimated as the joint effect of reductions in six
airborne metals emitted by the coal plants. For exposure
mixtures, focusing on joint effects can ameliorate practical
issues of amplification bias and variance inflation [41, 42].

Notably, while the joint effect of reductions in several
correlated exposures may reflect an intervention on a source
of these exposures, decision-makers often focus on inde-
pendent effects. For example, Garcia et al. [11ee] and Urman
et al. [18] considered interventions on NO, or PM, 5 but not
both. Riddell et al. [21] likewise considered interventions

on NO,, BC, or UFP but not all three. While acknowledg-
ing that these pollutants share common sources (e.g., motor
vehicle emissions), the authors of all three papers noted that
the US Environmental Protection Agency sets regulatory
standards for single air pollutants [18]. Consequently, esti-
mates for single pollutants may be more cognizable to the
agency. While causal approaches can yield estimates that are
more relevant to real-world decisions, there may be tension
between causal approaches and the statutory and regulatory
frameworks that govern real-world decision-making.

A fourth assumption is positivity (sometimes called the
“experimental treatment assignment” assumption). Positiv-
ity holds when, within confounder strata, there is a non-zero
probability of observing each exposure level. Intuitively, to
make unconfounded comparisons by exposure level within
a stratum, the exposure levels must be observed within the
stratum. For highly correlated exposures, non-positivity
can arise when estimating the independent effect of just one
exposure since few or none of the participants will have a
high level of this exposure but low levels of the correlated
exposures and vice versa. In these cases, extrapolation or
restriction could be necessary [43]. Alternatively, estimat-
ing the joint effect of reductions in the correlated exposures
may have better support from the data and reflect a more
realistic intervention on a common source. Unlike exchange-
ability, positivity can be assessed empirically, but most stud-
ies we identified did not do so. Snowden et al. provided a
partial assessment of positivity by comparing NO, distribu-
tions by asthma diagnosis at <2 years of age and by strata
of children’s height [19]. This approach likely was possible
because the models they specified contained just one con-
founder each (diagnosis at <2 years of age or height) and
because the authors discretized the continuous confounder
(height) for the purposes of comparison. Fully assessing pos-
itivity with multiple confounders or even a single continu-
ous confounder will require more sophisticated approaches,
like the parametric bootstrap [43]. It also may be possible
to overcome non-positivity by changing the parameter of
interest [29].

A fifth assumption is correct model specification. This
assumption takes on greater importance when extrapolating
in the presence of non-positivity. In their analysis of coal-
fired power plants, Keil et al. assigned levels of exposure to
six airborne metals that could be expected to occur under the
intervention but were not observed in the sample because,
in the absence of the intervention, everyone was exposed to
the metals at higher levels [24ee]. They argued that observ-
ing the assigned levels was unnecessary, however, under the
assumption that the model used to extrapolate from observed
to unobserved exposure levels was correctly specified. It is
likely that studies considering substantial but unobserved
interventions on environmental exposures (e.g., closing
power plants, eliminating motor vehicle emissions) will
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face similar challenges where the exposure levels anticipated
under the intervention have not been observed because the
intervention has never been implemented in a representative
setting. In these cases, it may be especially important to con-
sider machine learning and other data-adaptive approaches
that are less reliant than parametric regression models on
a priori specifications of non-linearity and non-additivity.
While this may allow for greater confidence when extrapo-
lating from observed to unobserved exposure levels, caution
is still warranted because models that fit the data accurately
are not guaranteed to be accurate outside the range of the
data [44, 45], and sensitivity analyses are crucial. An addi-
tional consideration is that the accuracy of many algorithms
may not be targeted correctly—the bias-variance tradeoff of
such algorithms is typically based on prediction, not causal
estimation. Thus, bias may persist in large samples, and 95%
confidence intervals may be too narrow or too wide [32e].
This problem can, in principle, be solved using sample split-
ting and doubly robust methods, such as targeted maximum
likelihood estimation or augmented inverse probability
weighting [46]. However, as of this writing, many of these
approaches have been demonstrated for binary treatments
but not continuous exposures, which are more commonly
encountered in environmental epidemiology. Challenges
exist because binary treatments necessitate models that esti-
mate single probabilities (e.g., the probability of exposure),
whereas continuous exposures may necessitate the estima-
tion of an entire probability distribution (e.g., the probability
that exposure takes on a specific range of values), which is a
much harder problem. The use of machine learning, like the
other challenges raised above, provides numerous opportuni-
ties for methodological and applied research.

An overarching challenge to the greater uptake of causal
methods in environmental epidemiology may be the lack
of training in these approaches. We are optimistic that the
availability of software and example code will bring these
methods into the mainstream. For example, Ahern et al. [26],
Snowden et al. [25], and Naimi et al. [9] have published tuto-
rials on g-methods. The Harvard CAUSALab has published
R packages and SAS macros for g-computation, marginal
structural models, and related techniques [47]. Hopefully,
these and other resources will make causal methods more
accessible to applied researchers.

Conclusions

There are important advantages to posing questions about
early-life environmental exposures in terms of interven-
tions to reduce these exposures and improve child and adult
health. These advantages include, most notably, linking the
estimates obtained in epidemiologic studies to the decisions
faced by health and environmental agencies. Approaches

@ Springer

to estimating the causal effects of interventions are avail-
able, but uptake remains limited. This may be due to sev-
eral factors, including methodological challenges, lack of
training and software, and statutory and regulatory frame-
works that are based on setting standards for single pollut-
ants even though many available interventions would affect
multiple pollutants. Nonetheless, as methods, tools, and
policy continue to advance, we believe the expanded use of
causal thinking and methods will greatly improve the util-
ity of epidemiology to environmental health by shifting the
focus from identifying risk factors to evaluating actionable
solutions.
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