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I ntroduction
Environmental epidemiologic studies 
have traditionally focused on examining 

associations between health outcomes and 
a single stressor, whether chemical or non-
chemical. Human exposure, however, rarely 
occurs in isolation as individuals are simul-
taneously subjected to complex mixtures of 
pollutants. For example, wildfires generate a 
heterogeneous mixture of hazardous pollut-
ants, including fine particulate matter, carbon 

monoxide, polycyclic aromatic hydrocarbons, 
and volatile organic compounds. These con-
stituents can interact synergistically or antag-
onistically, complicating the attribution of 
health effects to individual components.

Consequently, advancing epidemiologic 
research requires methodologies that account 
for the combined and potentially interactive 
effects of pollutants in multipollutant expo-
sures to better characterize their negative 
impact on human health. The Division of 

Environmental Health Science and Practice 
within the Centers for Disease Control and 
Prevention (CDC) hosted its third annual 
environmental epidemiology methods work-
shop, Innovative Methods for Analysis of 
Environmental Mixtures in Epidemiology, 
on August 1, 2024, to help address this issue. 
The Environmental Epidemiology Methods 
Workshop Planning Committee included 
Johnni Daniel, Dana Flanders, Denise 
Gaughan, Sarah Segerlind, Andrea Winquist, 
and Fuyuen Yip.

Building Capacity
This workshop series, in collaboration with 
academic partners, has provided information 
on innovative and applied methods in envi-
ronmental epidemiology for public health 
practitioners. There are currently few sci-
entific tools and resources for public health 
practitioners to analyze data to address impor-
tant environmental epidemiology research 
questions and to translate study findings 
into actionable information for professionals. 
These workshops have served as an important 
scientific resource and forum for information 
exchange, supporting capacity building at the 
state and local levels to advance environmen-
tal public health practice in applied environ-
mental epidemiology. According to the Epide-
miology Capacity Assessment report from the 
Council of State and Territorial Epidemiolo-
gists (2024), over 2,500 additional epidemiol-
ogists are needed to reach full capacity to sup-
port the 10 Essential Public Health Services, 
and there is a particular need for data analyt-
ics training for the public health workforce. It 
is therefore important to identify approaches 
to continue building capacity in applied envi-
ronmental epidemiology.
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The 2024 workshop featured four 
presentations:
1.	Overview of Issues in the Analysis 

of Mixtures by Marianthi-Anna 
Kioumourtzoglou, ScD

2.	Weighted Quantile Sum Regression by 
Chris Gennings, PhD

3.	Kernel Machine Regression by Jennifer 
Bobb, PhD

4.	Other Machine Learning Applications by 
Vishal Midya, PhD
The recorded presentations are available 

on the CDC website (www.cdc.gov/eh-nexus/
media/3rd-epi-workshop.html). They are a 
useful resource for researchers and public 
health professionals interested in environ-
mental epidemiology and in evaluating expo-
sure to mixtures.

Overview of Issues in the 
Analysis of Mixtures
Numerous methods have been developed 
for the evaluation of mixtures (Joubert et 
al., 2022). Some methods were specifically 
developed for environmental mixtures, while 
others have been adopted from other fields. A 
key step before any mixtures-related analysis 
is to develop a well-defined question, which 
will guide the choice of methods.

In 2015, the National Institute of Envi-
ronmental Health Sciences held a workshop 
concerning methods to characterize mixture 
effects (Taylor et al., 2016). Two main con-
clusions were: 1) the choice of an analytic 
method should depend on the research ques-
tion and 2) no method outperforms all other 
methods across all research questions. Sev-
eral articles have identified mixtures-related 
research questions and provided examples of 
methods for each class of questions (Gibson, 
Goldsmith, & Kioumourtzoglou, 2019; Gib-
son, Nunez, et al., 2019).

Weighted Quantile Sum Regression
Weighted quantile sum (WQS) regression is 
a statistical method for estimating mixture 
effects on developmental or health outcomes 
and identifying key contributing compo-
nents. It involves two main steps: 1) estimat-
ing a weighted index of standardized (i.e., 
quantiles) concentrations using a nonlinear 
ensemble model with bootstrap averaging 
(Bello, 2014; Carrico et al., 2015; Curtin et 
al., 2019) and 2) testing the significance of 
the regression coefficient for this index. Ran-

dom data splits for weight estimation and 
hypothesis testing, with multiple iterations, 
enhance result generalizability (Tanner et 
al., 2019, 2020). Extensions include inter-
action-specific weight estimation, stratified 
coefficients, and the 2iWQS model for simul-
taneous positive and negative direction esti-
mation, all available in the gWQS R package 
(Bennett et al., 2022; Renzetti et al., 2023).

Bayesian Kernel  
Machine Regression
Bayesian kernel machine regression (BKMR) 
is a flexible statistical method for estimating 
the health effects of environmental mixtures, 
capturing complex, nonlinear, and interac-
tive exposure-response relationships (Bobb et 
al., 2015). The method incorporates variable 
selection to discern important mixture com-
ponents, including a hierarchical approach to 
address multicollinearity among highly cor-
related exposures (Bobb et al., 2018). The 
Bayesian framework enables the incorpora-
tion of uncertainty and prior information,  
enhancing the interpretability and flexibility 
of the analysis. The BKMR R package sup-
ports diverse model configurations, such as 
continuous or binary outcomes and random 
intercept models. Additionally, BKMR has 
been extended for applications involving 
time-varying exposures, longitudinal out-
comes, and mediation analysis, broadening 
its applicability in epidemiologic research 
(Bobb et al., 2018; Devick et al., 2022; Liu et 
al., 2017, 2018).

Other Machine Learning 
Applications
With the advent of precision environmental 
health (Baccarelli et al., 2023), there is a need 
for a statistical modeling framework that 
identifies populations with exposure patterns 
that might confer differential susceptibil-
ity to diseases and disorders. As the number 
of chemical components and omics layers 
increases, however, identifying interpretable 
subgroups can become challenging due to 
computational complexity. Interpretable 
machine learning tools, such as tree-based 
models, can help identify such subgroups. 
The repeated-holdout signed iterative random 
forest (rh-SiRF) (Basu et al., 2018; Midya et 
al., 2023) and gradient boosting-based algo-
rithm (MOXIE) (Midya & Gennings, 2024) 
are a few such recently used methods in envi-

ronmental health. Similar to the conceptual 
idea of genetic signature, these algorithms 
could identify chemical combinations (or 
chemical clique signatures) that characterize 
specific subgroups with altered susceptibil-
ity to disease. Additionally, such algorithms 
can be seamlessly used to 1) identify multi-
ordered nonlinear interactions with chemical 
mixture models (Midya et al., 2023) and 2) 
discover multi-omic signatures (e.g., metal-
lomics and gut microbiome) associated with 
health outcomes (Midya et al., 2024).

Summary
CDC’s workshops on environmental epide-
miology methods have demonstrated sig-
nificant success, consistently attracting more 
than 500 participants each year. Participant 
feedback has underscored the value of these 
workshops as essential resources for access-
ing timely, practically meaningful epidemio-
logical methods and information to bolster 
applied environmental epidemiology at the 
state and local levels. The workshops aimed 
to address a critical gap in applied epidemi-
ology capacity within state, tribal, local, and 
territorial health departments, providing a 
pivotal opportunity for workforce upskilling. 
By enhancing applied epidemiology com-
petencies, the educational workshops can 
help attendees more effectively leverage their 
data to inform evidence-based public health 
actions and advance environmental public 
health initiatives.

The workshop recordings from 2022 and 
2023 are available on the following CDC 
websites: www.cdc.gov/eh-nexus/media/1st-
epi-workshop.html and www.cdc.gov/eh-
nexus/media/2nd-epi-workshop.html. 
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