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ABSTRACT
Introduction: Analytical decisions for
exposure
standardized. The aim was to outline current analytical

environmental mixture remain under-

practice across studies and propose a reporting
checklist.

Methods: An empirical methodological review was
conducted for original environmental mixture-
exposure studies using Bayesian kernel machine
regression (BKMR), weighted quantile sum (WQS), or
quantile-based g-computation (QGC), published in
four high-impact journals between 2021 and 2025 for
exposure types, sample size, and statistical methods. A
three-stage  analytical framework was outlined.
Summaries were analyzed using R software, and
descriptive  statistics were used to characterize
methodological usage and preferences.

Results: Of the 97 studies, the median sample size
was 729 [interquartile range (IQR): 396-1,992], and
the median number of exposures analyzed was 9 (IQR:
6-15). Most studies focused on internal exposures
86/97 (88.7%); 58/86 (67.4%) reported an explicit
detection-rate  threshold. Feature reduction was
performed in 25/97 studies (25.8%). BKMR, WQS,
and QGC were used in 78/97 (80.4%), 35/97
(36.1%), and 30/97 (30.9%) studies, respectively.
Overall, 41/97 studies (42.3%) used at least two
methods. Post-hoc analyses were common, with 87/97
(89.7%) studies assessing variable importance, 78/97
(80.4%) examining interactions, and 87/97 (89.7%)
assessing nonlinearity. Common reporting gaps
included incomplete model-parameter specification,
insufficient documentation of preprocessing decisions,
and limited justification for mixture-method selection.

Conclusion: Among published studies, analytical
choices were heterogeneous, and key reporting details
were incomplete. Justification of method choice,
transparent documentation of preprocessing decisions,
and standardized reporting are required to improve

reproducibility and interpretability. The checklist
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planning and reporting environmental

and provides

supports

mixture analyses, transparency in
analytical decisions, model specifications, and post-hoc

interpretations.

The exposome concept was introduced to capture
diverse life-course exposures, including environmental,
psychosocial, physical, and lifestyle factors, and their
health consequences (/—2) and has received increasing
attention in public-health research in recent years
(3-5). Exposomics typically examines the health effects
of multiple simultaneous exposures, usually involving
at least three independent chemicals or chemical
groups (6). Environmental epidemiologists have largely
been guided by the
paradigm (7-9). Although conventional regression can
include

“one-exposure—one-disease”
adjust for co-pollutants or prespecified
interactions, it may not capture complex correlations,
nonlinearities, and joint effects within real-world
mixtures (10).

The U.S. National Institute of Environmental
Health Sciences has prioritized mixed-exposure
research through workshops held in 2011 and 2015
(11-12). In 2017, the institute launched the Powering
Research through Innovative Methods for Mixtures in
Epidemiology program, to accelerate methodological
innovations for analyses  (13).
Dedicated techniques were developed,
including weighted quantile sum (WQS) regression in
2013 (14), Bayesian kernel
(BKMR) in 2015 (/0), and quantile-based g-
computation (QGC) in 2020 (75). User-friendly R
packages (e.g., gWQS, bkmr, and ggeomp) have
promoted their application (/5-17).

Despite

mixture

mixed-exposure
statistical

machine regression

methodological ~ advances, real-world

analyses remain  challenging  because
researchers must handle high-dimensional exposure
nonlinear

data, correlated pollutants, exposure—

response (ER) relationships, interactions, and multiple
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competing statistical methods (78-19). This often
leads to analytical strategies being chosen based on
precedent or personal preference. Such choices can
introduce bias, compromise reproducibility (20), and
mislead conclusions. Because exposome research is
fundamentally rooted in observational-study designs,
Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) provides an important
general framework for reporting (21). However,
publications often omit these details. Advanced
methods such as WQS, BKMR, and QGC require
transparent reporting of model selection, parameter
settings,  variable  reduction  strategies,  and
interpretation (/9). However, these critical details are
often omitted from publications. Such incomplete
reporting can limit reproducibility and interpretation,
underscoring the need for practical guidance to
standardize the analysis and reporting of environmental
mixture studies.

To address these challenges, an empirical
methodological review was conducted for recent
environmental mixture studies from leading journals.
Current analytical and reporting practices were
summarized and organized into a three-stage
framework covering data preparation, association
analysis, and post-hoc interpretation, and a reporting
checklist was developed to complement STROBE. The
aim was to provide practical guidance for researchers to
plan, conduct, and report mixture analyses more
transparently and consistently.

METHODS

Literature Review

Firstly, a review was performed for analytical
approaches used in environmental mixture-exposure
studies published in four high-impact journals:
Environmental Health Perspectives (EHP), Journal of
Hazardous Materials (JHM), Environment
International (EI), and Environmental Science &
Technology (EST), selected because they are widely
recognized as leading outlets in environmental health,
exposure science, and epidemiology. Search keywords
included "environmental pollutants,” "mixed exposure
analysis,” "BKMR," "WQS," and "QGC." Studies
published from 2021 to 2025 were included
(Supplementary Material, available at https://weekly.
chinacdc.cn/). Reviews, comments, and methodological
studies were excluded. Supplementary Material
provides more details regarding the literature search.

Chinese Center for Disease Control and Prevention

Analytical Framework in Current

Literature

The analytical framework comprised three main
stages. 1) Data preparation, referring to analytical steps
conducted before fitting mixture models, including
exposure screening based on detection rate, handling of
values below the limit of detection (LOD) (22-23),
standardization of exposure
variables, correlation assessment, and feature reduction
(24-25). 2) Association analysis, which is the core stage
of environmental mixture research and may include
both  single-exposure ~ models  (exposome-wide
association studies) (26), and mixture methods such as
WQS, QGC, and BKMR. Single-exposure models
assess each exposure separately, whereas mixture
methods are more appropriate when exposures are

transformation  or

correlated and the research question concerns joint or
overall mixture effects. Notably, BKMR emerged as
the most widely used method, appearing in over 200
studies since 2022 (Figure 1). 3) Post-hoc analysis,
which further characterizes mixture findings by
identifying influential components (27) and examining
whether associations vary through nonlinear ER
patterns (28) or interactions (29). These analyses
clarify individual contributions and overall mixture
complexity. Supplementary Material provides further
details.

RESULTS

In the current analysis, 97 studies were included,
comprising 19, 22, 39, and 17 from EHP, JHM, EI,
and EST, respectively. Fifty-five studies had a sample
size below 1,000, while only 11 studies had a sample
size exceeding 5,000. Sample sizes varied considerably
across studies, ranging from 76 to over 54.5 million
(median: 729; interquartile range [IQR]: 396-1,992).
Studies were categorized as examining external
exposures (e.g., O3, NO,, PM; s, and its components)
or internal exposures (e.g., per- and polyfluoroalkyl
substances (PFAS), persistent organic pollutants
(POPs), organochlorine  pesticides (OCPs), and
endocrine-disrupting chemicals (EDCs) measured in
blood or urine). All included studies employed mixed
exposure association methods, and the findings
indicate that these methods are predominantly applied
in internal exposure research, accounting for 86 of the
97 studies (88.7%), with generally similar proportions
observed across the four journals (Table 1).

Data-preparation and model-selection  practices
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FIGURE 1. Publications using BKMR, WQS, and QGC from 2013 to 2025.
Abbreviation: BKMR=Bayesian kernel machine regression; WQS=weighted quantile sum; QGC=quantile-based g-

computation.

varied substantially across studies. Among the 86
internal-exposure studies, 28 (32.6%) did not report a
clear detection-rate exclusion threshold, whereas 58
(67.4%) applied a threshold of at least 50% for
exposure inclusion. The number of exposures ranged
from 3 to 98 (median: 9; IQR: 6-15), and 25 studies
performed feature reduction, mainly with large initial
exposure sets (Supplementary Material, Supplementary
Tables S1-S4, available at hteps://weekly.chinacdc.
cn/).

In the main association analyses, most studies
(93/97, 95.9%) employed single-exposure—outcome
association analysis, among which 26 (26.8%) applied
false-discovery-rate correction to decrease false-positive
findings. Regarding methods for mixed-exposure
association analyses, BKMR was predominantly used,
featuring in 78 studies (80.4%), owing to its versatility
in capturing complex interactions and nonlinear
relationships among exposures. Contrastingly, WQS
and QGC were used in 35 (36.1%) and 30 (30.9%)
studies, respectively. Notably, multimodel analyses
were used in 41/97 studies (42.3%). The most
common combinations were BKMR plus QGC
(16/97, 16.5%) and BKMR plus WQS (15/97,
15.5%), followed by WQS plus QGC (5/97, 5.2%)
and the use of all three methods (5/97, 5.2%). In

stratified analyses, multimodel use was not restricted to
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studies with larger sample sizes or greater numbers of
pollutants, suggesting that multiple mixture methods
were often used as a robustness or triangulation
strategy (Table 1).

Patterns in the use of BKMR, WQS, and QGC were
further examined in relation to sample size and the
number of exposures (after feature reduction, if
applied). BKMR remained the dominant method in
studies with sample sizes below 2,000 and was also
commonly used in studies with sample sizes between
2,000 and 6,000 (Figure 2A). In contrast, among
studies with sample sizes exceeding 8,000, WQS and
QGC were more frequently applied, with WQS
becoming the most commonly used method in this
subgroup. Regarding the number of exposures, BKMR
was favored when fewer than five exposures were
included, whereas WQS and QGC were more
frequently applied when the number of exposures
exceeded 18. For studies involving 5-18 exposures, no
clear preference was observed, and the use of all three
methods was similarly distributed (Figure 2B).

Post-hoc analyses were common, including variable
(89.7%),
interaction assessment in 78 (80.4%), and nonlinearity
assessment in 87 (89.7%). These analyses were most
often conducted using the corresponding mixture
method, with BKMR frequently used for variable

importance assessment in 87 studies

Chinese Center for Disease Control and Prevention


Supplementary Material
Supplementary Table
Supplementary Table
Supplementary Table
https://weekly.chinacdc.cn/
https://weekly.chinacdc.cn/

China CDC Weekly

TABLE 1. Characteristics of included studies using mixed-exposure association approaches.

Characteristics Overall El EHP EST JHM
(n=97) (n=39) (n=19) (n=17) (n=22)
Sample size, median (IQR) 729 1,136 943 396 810
(396, 1,992) (377.0, 2,959.5) (590, 1,192) (326, 479) (457.2,2,380.2)

Sample size (%)

<200 10 (10.3) 5(12.8) 1(5.3) 2(11.8) 2(9.1)

201-500 28 (28.9) 9(23.1) 3(15.8) 11 (64.7) 5(22.7)

501-1,000 17 (17.5) 5(12.8) 6 (31.6) 0 (0.0) 6 (27.3)

1,001- 2,000 18 (18.6) 7(17.9) 6 (31.6) 3(17.6) 2(9.1)

2,001- 5,000 13(13.4) 6 (15.4) 2(10.5) 0(0.0) 5(22.7)

>5,000 11(11.3) 7(17.9) 1(5.3) 1(5.9) 2(9.1)
Study type (%)

Internal 86 (88.7) 34 (87.2) 17 (89.5) 16 (94.1) 19 (86.4)

External 11 (11.3) 5(12.8) 2(10.5) 1(5.9) 3(13.6)
No. of exposures, median (IQR) 9 (6,15) 9 (6,13) 8 (6,15) 14 (10,17) 7(6,12)
No. of exposures (%)

<5 15 (15.5) 6 (15.4) 4(21.1) 2(11.8) 3(13.6)

6-10 45 (46.4) 20 (51.3) 8 (42.1) 4 (23.5) 13 (59.1)

11-15 14 (14.4) 6 (15.4) 3(15.8) 3(17.6) 2(9.1)

16-20 14 (14.4) 3(7.7) 3(15.8) 4 (23.5) 4(18.2)

>20 9(9.3) 4(10.3) 1(5.3) 4 (23.5) 0 (0.0)
Feature reduction (%)

Not performed 72 (74.2) 35(89.7) 17 (89.5) 4 (23.5) 16 (72.7)

Performed 25 (25.8) 4(10.3) 2(10.5) 13 (76.5) 6 (27.3)
Single exposure analysis (%)

Not performed 4(4.1) 1(2.6) 0 (0.0) 2(11.8) 1(4.5)

Performed 93 (95.9) 38 (97.4) 19 (100.0) 15 (88.2) 21 (95.5)
FDR (%)

Not performed 71(73.2) 29 (74.4) 14 (73.7) 12 (70.6) 16 (72.7)

Performed 26 (26.8) 10 (25.6) 5(26.3) 5(29.4) 6 (27.3)
BKMR (%)

Not performed 19 (19.6) 10 (25.6) 3(15.8) 3(17.6) 3(13.6)

Performed 78 (80.4) 29 (74.4) 16 (84.2) 14 (82.4) 19 (86.4)
WQS (%)

Not performed 62 (63.9) 23 (59.0) 15 (78.9) 9 (52.9) 15 (68.2)

Performed 35(36.1) 16 (41.0) 4(21.1) 8 (47.1) 7 (31.8)
QGC (%)

Not performed 67 (69.1) 23 (59.0) 15 (78.9) 14 (82.4) 15 (68.2)

Performed 30 (30.9) 16 (41.0) 4(21.1) 3(17.6) 7(31.8)
BKMR & WQS (%)

Not performed 82 (84.5) 32 (82.1) 18 (94.7) 13 (76.5) 19 (86.4)

Performed 15 (15.5) 7(17.9) 1(5.3) 4 (23.5) 3(13.6)
BKMR & QGC (%)

Not performed 81 (83.5) 33 (84.6) 15 (78.9) 15 (88.2) 18 (81.8)

Performed 16 (16.5) 6 (15.4) 4(21.1) 2(11.8) 4(18.2)
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Continued
Characteristics Overall El EHP EST JHM
(n=97) (n=39) (n=19) (n=17) (n=22)

WQS & QGC (%)

Not performed 92 (94.8) 36 (92.3) 19 (100.0) 17 (100.0) 20 (90.9)

Performed 5(5.2) 3(7.7) 0 (0.0) 0 (0.0) 2(9.1)
WQS & QGC & BKMR (%)

Not performed 92 (94.8) 36 (92.3) 19 (100.0) 16 (94.1) 21 (95.5)

Performed 5(5.2) 3(7.7) 0 (0.0) 1(5.9) 1(4.5)
Variable Importance (%)

Not performed 10 (10.3) 6 (15.4) 1(5.3) 0(0.0) 3(13.6)

Performed 87 (89.7) 33 (84.6) 18 (94.7) 17 (100.0) 19 (86.4)
Interaction (%)

Not performed 19 (19.6) 7(17.9) 3(15.8) 4 (23.5) 5(22.7)

Performed 78 (80.4) 32 (82.1) 16 (84.2) 13 (76.5) 17 (77.3)
Nonlinear (%)

Not performed 10 (10.3) 7(17.9) 3(15.8) 0(0.0) 0(0.0)

Performed 87 (89.7) 32 (82.1) 16 (84.2) 17 (100.0) 22 (100.0)

Abbreviation: No.=number; EHP=Environmental Health Perspectives; EST=Environmental Science & Technology; JHM=Journal of
Hazardous Materials; EI=Environment International; FDR=false discovery rate; BKMR=Bayesian Kernel Machine Regression;
WQS=Weighted Quantile Sum; QGC=quantile-based g-computation.
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FIGURE 2. Motives for choosing BKMR, WQS, and QGC in relation to (A) sample size and (B) number of exposures.
Abbreviation: BKMR=Bayesian kernel machine regression; WQS=weighted quantile sum; QGC=quantile-based g-
computation.

importance, interaction, and nonlinearity assessments, DISCUSSION

whereas restricted cubic splines were mainly used for

single-exposure nonlinearity analyses (Supplementary Large-scale environmental health data and advances

Material, Supplementary Table $1-S3). Notably, one in mixture methods have created new opportunities for
bl . bl

exposome research (34); however, the lack of mixture-
specific reporting guidance limits transparency and
reproducibility (35). Based on studies published in
leading journals, current analytical practices were
organized into three stages, namely data preparation,

study used the Relative Excess Risk due to Interaction
to enhance the practical interpretability of interaction
effects (30), and three studies used QGC to investigate

nonlinear associations (37/-33).
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association analysis, and post-hoc evaluation, and used
this  structure to develop practical reporting
recommendations.

Principal Findings and Methodological

Implications

Most (86/97, 88.7%) included studies focused on
internal exposure biomarkers, reflecting both their
biological relevance and the analytical challenges posed
by correlated biomarker data. These studies require
careful preprocessing as detection-rate thresholds,
LOD handling (36), and feature reduction may
influence results when missingness or exposure
dimensionality is high (37). Contrastingly, external-
exposure studies often involved very large populations
but fewer exposures, increasing computational
burdens. These differences highlight the need to tailor
preprocessing and model-selection strategies to study
design, exposure dimension, and data structure.

Method selection should be guided by the research
question and data structure. WQS, QGC, and BKMR
are designed for mixture analyses, but they differ in
assumptions, interpretability, and computational
burden: WQS is efficient and interpretable, QGC
allows mixed effect directions, and BKMR flexibly
models nonlinear and interactive relationships but is
computationally (6,19,24-25).  Single-
pollutant models may identify priority pollutants, but
mixture methods should play a central role rather than
being used only as supplementary analyses (38—40).
Multimodel analyses may strengthen interpretations
when findings are consistent; discrepant results should
be reported transparently and interpreted according to
each method's assumptions and target estimand
(41-44).

Post-hoc analyses were frequently used to interpret
mixture findings, including variable importance
(89.7%), (80.4%), and nonlinearity
(89.7%) assessments. Therefore, recent mixture studies
have increasingly aimed not only to estimate overall
mixture effects but also to identify influential
components and characterize complex risk patterns,
including  potential nonlinear and interactive

relationships (45).

intensive

interaction

Reporting Gaps and the Need for STROBE

Extension
As exposome research is largely observational,
analytical decisions should be reported transparently to

evaluate validity and reproducibility (46-47). Several

Chinese Center for Disease Control and Prevention

recurring reporting gaps were identified: incomplete
documentation of detection-rate thresholds and other
preprocessing  decisions; limited justification for
mixture-method selection; and insufficient reporting of
key model specifications such as BKMR parameters,
WQS bootstrap settings, and QGC assumptions.
These  gaps  hinder  assessment of  model
appropriateness, reproducibility, and interpretation of
discrepant findings (48). Similarly, a considerable
number of studies relied on restricted cubic splines to
assess nonlinearity, which is designed to model the
nonlinear relationship of a single continuous variable
(49-50). When analyzing multiple
pollutants, this approach may still misrepresent the
true overall ER relationship.

Although STROBE provides essential guidance for
observational studies (51), it does not address mixture-
specific reporting needs, including exposure screening,
LOD handling, feature reduction, method selection,
model settings, multimodel interpretation, and post-
hoc analyses. We therefore developed a reporting
checklist distinguishing core and method-specific items
for BKMR, WQS, QGC, and other approaches to
improve reporting transparency and facilitate peer
review (Supplementary Table S5, available at
https://weekly.chinacde.cn/).

Several limitations should be noted. First, because
the analysis focused on studies published in several
leading journals, the findings reflect analytical and
reporting practices within these influential journals
rather than the entire exposome literature. Second, the
extraction was based on published reports; therefore,
incompletely reported practices may have been
underestimated.  Finally, this was a descriptive
methodological review; individual-level data were not
re-analyzed, nor were simulations conducted to
determine which practices produced the most valid
estimates.

Environmental

correlated

mixture studies have made
substantial methodological progress; however, greater
standardization and transparency are still needed. The
empirical review of studies published in several leading
journals summarizes current analytical practices and
provides practical reporting recommendations for
researchers conducting mixture analyses. Because no
single method can address all mixture-related
questions, the method selection should be guided by
the research objective, data structure, and target
estimand. Researchers should justify mixture-method
selection,  report  preprocessing, and  model-
specification decisions; interpret multimodel findings
transparently; and use reporting guidance such as the
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checklist proposed here to improve reproducibility,
interpretability, and peer review efficiency.
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SUPPLEMENTARY MATERIALS

METHODS

Literature Search and Data Extraction

PubMed was searched for original studies published between July 2021 and July 2025 in the four selected
journals. The search combined mixture-method terms with journal restrictions. For example, the search syntax for
Environmental Science & Technology was:

((bkmr OR qgc OR wqs) AND ("Environmental Science & Technology'[Journal]) AND ("2021/7"[Date -
Publication] : "2025/7"[Date - Publication))).

The same syntax was applied to Environmental Health Perspectives, Environment International, and Journal of
Hazardous Materials by replacing the journal name.

The design characteristics (year of publication, outcome, type of exposure, covariates, and sample size) and the
statistical methodologies (including data management, association, interaction, non-linear analysis, and variable
importance) were extracted. Each study was treated as the unit of analysis. For studies that used multiple mixture
methods, each method was recorded separately using binary indicators for Bayesian Kernel Machine Regression
(BKMR), Weighted Quantile Sum (WQS), and quantile-based g-computation. Multimodel use was defined as the
use of at least two of the three main mixture methods.

The extracted results were further double-checked, and any identified discrepancies were resolved through
discussion until a consensus was reached. Categorical variables are presented as frequencies and percentages.
Continuous variables are presented as medians and interquartile ranges (IQRs). Statistical analyses were performed
using R (version 4.5.0; R Foundation for Statistical Computing, Vienna, Austria).

Analytical Framework in Current Literature

Data Preparation: In this study, data preprocessing referred to analytical steps conducted before fitting mixture
models, including exposure screening based on detection rate, handling of values below the limit of detection
(LOD), transformation or standardization of exposure variables, correlation assessment, and feature reduction (7-2).
Of note, although both the exclusion of exposures with low detection rates and feature reduction result in a reduced
set of exposure variables, they serve distinct purposes. The former is used to identify which exposures are qualified
for analysis, as those with very low detection rates may not be analytically reliable; the latter aims to reduce
dimensionality among the qualified exposures owing to the limited samples or computation burdens.

Association Analysis: This constitutes the core of the analytical process. Based on the review, most studies
employed multiple methods to examine the associations between exposures and health outcomes. The most
common approach is single-exposure association analysis, sometimes referred to as exposome-wide association
studies (3), which assesses the relationship between each exposure and the outcome under the assumption of
independence among exposures. It is then advisable to conduct a correlation analysis among the exposures to
evaluate whether this independence assumption holds. When strong correlations are found, multi-exposure analysis
methods, including WQS regression, QGC, and BKMR are recommended. In fact, the application of WQS, QGC,
and BKMR increased significantly after they were developed. Notably, BKMR emerged as the most widely used
method, appearing in over 200 studies since 2022 (Figure 1).

In summary, WQS estimates a weighted index of exposure and tests its association with the outcome, offering
interpretability but assuming directional homogeneity; that is, all exposures act in the same direction. QGC, a more
flexible extension of WQS, relaxes this assumption and allows for mixed directional effects, although it is
fundamentally a generalized linear model and computationally efficient. BKMR uses a kernel function to capture
complex effects within the mixture in a Bayesian framework, offering high flexibility and the ability to estimate the
overall mixture effect and individual exposure—response (ER) functions. However, BKMR is computationally
intensive, particularly with a large sample size.

Further Analyses: This stage involves more in-depth post-hoc examinations to elucidate complex relationships
within the mixture. The first step is to identify the most important components within the mixture, which is
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achieved by calculating the variable importance (2,4,5). Researchers often examine potential interactions among
exposures by assessing both the direction and magnitude of these interactive effects on health outcomes.
Furthermore, this phase frequently incorporates investigations into non-linear ER relationships, which may reveal
threshold effects or other complex patterns that are not captured by linear models. Collectively, these analyses
provide a more comprehensive understanding of the overall effects of the mixture and the roles of its components.

1) Variable Importance: WQS, QGC and BKMR can be used to evaluate the importance of exposure. In both
WQS and QGC, the relative importance of each exposure was assessed using weights assigned to individual
components. In BKMR, variable importance is evaluated using posterior inclusion probability (PIP). A notable
advantage of BKMR is its ability to support hierarchical or grouped variables. This allows exposures to be
categorized into predefined groups prior to analysis, enabling the simultaneous estimation of both group- and
within-group exposure-specific importance.

2) Non-linear Effect: The most common approach for investigating the potential non-linear ER curve for single-
exposure analyses is to apply restricted cubic splines (RCS). The key parameter of RCS is the number of knots, with
default values typically ranging from three to five, depending on the sample size and R packages used (6). It is
recommended to explicitly specify the number and location of knots in the analysis and conduct sensitivity analyses
using different knots to verify that the non-linear ER shapes remain robust.

3) Interaction Effect: An interaction effect occurs when the effect of one exposure on the outcome varies across
different levels of another independent variable. In other words, the association between an exposure and an
outcome is modified by a third variable—the modifier or effect modifier. Specifically, interaction effects can be
categorized into multiplicative and additive interactions. Multiplicative interactions are commonly evaluated by
including a product term in a regression model. Alternatively, stratified (subgroup) analysis can be performed to
assess whether the exposure effect differs significantly across subgroups. Additive interactions, on the other hand,
exist when the combined effect of two exposures deviates from the sum of their individual effects, and it is assessed
using metrics such as the Relative Excess Risk due to Interaction. Additive interaction is especially important in
public health and epidemiological research, as it helps determine whether combined interventions targeting multiple
risk factors may produce greater benefits than those targeting each factor individually (7).

Mixture Association Analysis Methods:
WQS regression: The WQS formula is:

m

g(p) = Bo+ B 2 w;q; +ZISO

=1
WQS = 2 Wy,
j=1

where m exposure components are transformed into quartiles (g, = 0,1,2,3), w;, denotes component weights, w; is the
average weight after bootstrap sampling, f, is the intercept, B, represents the regression coefficient for the WQS
(interpretable as the outcome change per quartile increase in the overall mixture exposure), z is the covariate matrix,
and ¢ contains covariate coefficients. The link function g(-) accommodates various generalized linear model (GLM)
specifications. The WQS model mitigates overfitting and multicollinearity by aggregating mixture effects, but it has
several limitations: the restriction of unidirectional effects, need for predefined effect directionality, and inability to
evaluate nonlinearity or interactions among the mixture components.

QGC: To address these limitations, researchers developed the QGC, a method that allows mixture components
to have both negative and positive directions. Like WQS regression, QGC combines multiple exposures into a single
index; however, it does not assume directional homogeneity, offering greater flexibility in real-world scenarios where
exposures may have opposing effects on the outcome. Furthermore, QGC supports the modeling of non-linear ER
relationships and interaction effects among mixture components, enhancing its ability to capture complex
toxicological dynamics. Computationally, QGC is highly efficient and requires relatively limited resources, making
it particularly advantageous for large-scale studies where traditional methods would impose a substantial
computational burden.

In the QGC framework, the coefficient ¢ represents the g-computation estimator derived from a marginal
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structural model. It quantifies the change in the outcome associated with a simultaneous one-quantile increase in all
exposures. The analytical procedure involves three key steps: 1) transformation of exposures into quantiles, 2)
specification of a GLM for the outcome as a function of the exposure quantiles, and 3) estimation of the mixture
effect and optional component weights. For statistical robustness, both QGC and WQS typically employ
bootstrapping to estimate standard errors and confidence intervals. However, unlike WQS, which requires data
splitting and repeated bootstrapping for weight estimation, QGC estimates the joint effect directly in a single GLM
model, thereby significantly reducing the computational burden.

BKMR: BKMR is a Bayesian method that models complex exposure—response relationships using kernel-based
techniques. The BKMR model is given below:

Y= /J(Zi)"'xiTﬁ"'Ei
where Y, denotes the health outcome, z; = (2, . . ., zins) " represents a vector of M exposure variables, and x; is the
matrix of potential covariates (assuming a linear relationship between covariates and outcomes). The term f denotes
the regression coefficients, and 4(-) is the high-dimensional ER function to be estimated, which may incorporate
nonlinearities or interactions among the exposure variables. The core assumption is that individuals with similar
exposure characteristics may share similar ER functions /4(-). To ensure robust model fitting, a substantial number of
Markov chain Monte Carlo iterations is required (for example, iter >10,000).

Notably, BKMR is a flexible, semiparametric method to understand: 1) the overall mixture effect: The change in
the outcome when all exposures are fixed at a certain percentile (e.g., 25th percentile) compared to when all of the
factors are fixed at their medians; 2) the univariate effect: the change in the outcome associated with increasing a
single exposure from a low (e.g., 25th) to a high (e.g., 75th) percentile, while all other exposures are held constant at
a fixed level (e.g., their medians) and covariates held constant; 3) bivariate ER: the pairwise dose—response
relationship for each exposure on the outcome at varying levels of a second exposure, when remaining exposures are
fixed at their medians.

Relation to Existing Literature

Several studies have reviewed statistical methods for assessing the health effects of environmental mixtures, often
focusing on specific classes of chemicals. For instance, Pan eral. and Gibson et al. summarized methods for
investigating persistent organic pollutants (POPs) (/,5), while Lazarevic et al. focused on endocrine-disrupting
chemicals (2), and Billionnet ez a/. examined air pollution (8). All the reviews reported the most prevalent exposure
components and health outcomes within their respective domains. Additionally, Pan ez 4/. identified 23 distinct
methods for estimating the overall effect of POP mixtures, highlighting that BKMR and its combination with WQS
were the most frequently used approaches. The study by Gibson ez al. compared supervised methods (e.g. WQS and
BKMR) to unsupervised methods (clustering, principal component analysis, and exploratory-factor analysis).
Meanwhile, Lazarevic eral. and Billionnet ez al. detailed the strengths and limitations of available approaches,
particularly in feature reduction and association analyses, and provided guidance on their software implementation.
For researchers seeking detailed instructions on method applications using R software, a recent comprehensive
review offers step-by-step workflows and R codes (9).

In contrast, the present study specially focused on the application of three specially proposed methods for
analyzing mixed-exposure associations and adopted a broader exposome perspective, incorporating both internal and
external chemical exposures in terms of study scope. The present study also differed in terms of research objectives
and methodological emphasis, thus contributing different insights to the field. The analytical process was
summarized into three distinct stages: data preparation, association analysis, and post-hoc analysis. Importantly, the
present study emphasizes that both the selection of analytical methods and the detailed reporting of these methods
(alongside related findings) are critical to rigorous research. To address these unmet demands, this study developed a
structured analytical framework and a practical checklist aimed at improving both the efficiency of peer review and
the overall quality of publications in this field. The proposed three-stage framework should be interpreted as a
synthesis and organization of existing analytical practices observed in the reviewed studies, rather than as a novel
statistical method. Its purpose is to provide a practical structure for researchers to plan, conduct, and report
environmental mixture analyses more transparently and consistently.
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SUPPLEMENTARY TABLE S1. Current analytical practices in environmental mixture studies a reporting of detection-rate
threshold in internal exposure studies.

Detection-rate threshold (%) Overall (n=86) El (n=34) EHP (n=17) EST (n=16) JHM (n=19)
Not reported 28 (32.6) 10 (29.4) 4(23.5) 8 (50.0) 6 (31.6)
0.5-0.7 25 (29.1) 17 (50.0) 3(17.6) 2(12.5) 3(15.8)
0.7-0.8 14 (16.3) 4(11.8) 3(17.6) 2(12.5) 5 (26.3)
0.8-0.9 7 (8.1) 0(0.0) 4(23.5) 1(6.2) 2(10.5)
>0.9 12 (14.0) 3(8.8) 3(17.6) 3(18.8) 3(15.8)

SUPPLEMENTARY TABLE S2. Comparison of methods used for analyzing interaction effects in mixed-exposure studies.

Method Overall El EHP EST JHM
(n=78) (n=32) (n=16) (n=13) (n=17)

BKMR (%)

Not performed 27 (34.6) 17 (53.1) 2 (12.5) 3(23.1) 5(29.4)
Performed 51 (65.4) 15 (46.9) 14 (87.5) 10 (76.9) 12 (70.6)

Interaction term (%)

Not performed 43 (55.1) 13 (40.6) 13 (81.2) 9 (69.2) 8 (47.1)

Performed 35 (44.9) 19 (59.4) 3(18.8) 4(30.8) 9 (52.9)

SUPPLEMENTARY TABLE S3. Comparison of methods used for nonlinear associations in mixed-exposure studies.

Method Overall El EHP EST JHM
(n=87) (n=32) (n=16) (n=17) (n=22)
BKMR (%)
Not performed 18 (20.7) 9 (28.1) 1(6.2) 4(23.5) 4(18.2)
Performed 69 (79.3) 23 (71.9) 15 (93.8) 13 (76.5) 18 (81.8)
RCS (%)
Not performed 57 (65.5) 19 (59.4) 11 (68.8) 14 (82.4) 13 (59.1)
Performed 30 (34.5) 13 (40.6) 5(31.2) 3(17.6) 9 (40.9)

Abbreviations: EHP=Environmental Health Perspectives; EST=Environmental Science & Technology; JHM=Journal of Hazardous Materials;
El=Environment International; BKMR=Bayesian Kernel Machine Regression; WQS=Weighted Quantile Sum; QGC=quantile-based g-
computation; RCS=Restricted Cubic Spline.

SUPPLEMENTARY TABLE S4. Comparison of feature reduction methods used in different initial numbers of exposure.

Initial number of exposures

Feature Reduction (%)

<10 (n=49) >10 (n=48)
Not performed 48 (98.0) 24 (50.0)
Performed 1(2.0) 24 (50.0)

Analytical Framework and Reporting Checklist for Environmental Mixture Health
Effects Studies

Primary Objective (Required): (For example:) To systematically evaluate the complex relationships between
multiple environmental exposures (mixtures) and a health outcome.

Secondary Objectives (Optional): 1) To identify the most important risky exposure(s), 2) explore the potential
non-linear associations, and 3) explore the potential interaction effects.

Three-stage Analytical Framework: 1) Data Preparation: Data preprocessing steps conducted before model fitting,
including exposure screening, handling values below the LOD, transformation or standardization, correlation
assessment, and confirmation of the final analytical dataset. 2) Association Analysis: The core analytical phase,
including single-exposure models, assessment of exposure correlations, and formal mixture models selected
according to the research question and data structure. 3) Further Analyses: Post-hoc and sensitivity analyses used to
interpret mixture findings, including identification of important components, assessment of nonlinearity or
interaction, and robustness checks when appropriate.

S4 CCDC Weekly / Vol. 8/ No. 35 Chinese Center for Disease Control and Prevention



China CDC Weekly

Analytical Procedure Checklist: In the checklist below, core items apply broadly to environmental mixture

analyses, whereas method-specific items apply to particular approaches such as BKMR, WQS, or QGC.

SUPPLEMENTARY TABLE S5. Analytical framework and reporting checklist for environmental mixture health effects
studies.

Task . . . . R
No. description Key considerations Reporting recommendation Applicability

Stage 1: Data Preparation

Determine and justify the minimum
detection-frequency threshold used to

Exclusion O.f include exposures in the mixture. Very low Report the threshold, number of exposures Core item: broadly
exposures with . : . . . .
1.1 . detection frequencies (e.g., <50%) generally before and after exclusion, and rationale for the applicable to all mixture
low detection L e
frequencies limit interpretability; thresholds of 70% or selected threshold. analyses.
q 80% are commonly used but should be
justified according to the study context.
. Describe how values below the limit of
Handling of

detection and other missing values are
handled. Common approaches include
substitution using LOD/2 or T ON//2,

values below the
1.2 limit of detection

Specify the approach used for values below the Core item: broadly
LOD and missing data, and consider sensitivity applicable to all mixture

.(L(.)D) and mUltiplelimputation, o model-basad analyses using alternative approaches. analyses.
missing values
methods.
Assess exposure distributions and apply
. transformation if needed, such as log Report whether raw or transformed exposure Core item: broadly
Variable ) ) . . .
. transformation or square-root variables were used, and describe the applicable to all mixture
transformation . . .
transformation, to reduce skewness or transformation applied to each exposure. analyses.
improve model fit.
Scale or standardize exposure variables
when required by the selected method or
o needed for comparability across pollutants. Report whether exposures were standardized, Core item, with method-
Standardization . . . . :
14 . WQS and QGC typically use quantile-based scaled, or converted to quantiles, and describe dependent scaling
or scaling o .
exposure scores, whereas BKMR and the specific procedure used. requirements.
regression-based models often require
careful scaling or standardization.
Consider feature reduction or exposure
selection when the number of exposures is Conditional item: mainly
Feature . o ; . - .
. large, when collinearity is substantial, or If feature reduction or exposure selection is relevant for high-
reduction or L . ) . . . .
1.5 when the scientific question requires a performed, report the rationale, method, and  dimensional mixtures or
exposure . . . .
selection focused mixture. This step may not be number of exposures retained. highly correlated
necessary for a small number of exposure sets.
prespecified exposures.
Final analytical Prepare the dataset used for formal Report the final sample size, the final number of  Core item: broadly
1.6 dataset analyses after preprocessing decisions have exposures included in the mixture analysis, and applicable to all mixture
confirmation been applied. any exclusions from the analytical sample. analyses.

Stage 2: Association Analysis

Fit separate regression models for individual

exposures when relevant for comparison,

Single-exposure screening, or interpretation. These models

analysis should be interpreted cautiously because
they do not directly estimate the joint effect

of correlated exposures.

Assess correlations or other dependence

structures among exposures before mixture

Contextual item: useful
Report model specification, covariate adjustment,  for comparison or
raw p-values, and, if multiple testing correction is preliminary assessment,
used, g-values and the significance threshold. but not a mixture
method.

Correlation . L Report the correlation metric used and present Core item: broadly
. modeling. Spearman correlation is . . .
2.2 analysis among s the exposure-correlation structure (for example, applicable to all mixture
commonly used when distributions are . . .
exposures . . using a heatmap or correlation matrix). analyses.
skewed or monotonic but not necessarily
linear.
Select a mixture method according to the Report the mixture method, software or R Core mixture |t.e.m.
. L . method-specific
research question, exposure structure, package, version if available, and key method-

Multi-exposure
mixture analysis

parameters should be
reported for BKMR,
WQS, QGC, or other
approaches.

sample size, and method assumptions.  specific parameters, such as MCMC iterations for
Common approaches include BKMR, WQS, BKMR, bootstrap samples and directionality for
and QGC. WQS, and quantile construction for QGC.
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Continued
Task
" description

Stage 3: Further Analyses

Use method-specific metrics to identify exposures
Identification  that contribute most to the mixture association,
3.1 of important such as weights in WQS, posterior inclusion
components  probabilities in BKMR, and positive or negative
partial effects in QGC.
Assess potential interactions among mixture
Assessment  components when supported by the research
3.2 of interaction question, sample size, and selected method. For
effects  example, BKMR can be used to explore interaction
patterns between exposures.
Examine non-linear associations for the overall
Assessment mixture or individual exposures when the selected
3.3 of non-linear method allows such interpretation, such as BKMR
relationships  exposure—response functions or spline-based
models.

Evaluate the robustness of key findings using
analyses such as alternative covariate adjustment
sets, alternative LOD or missing-data handling
methods, different exposure-selection thresholds,
or alternative mixture methods.

Key considerations Reporting recommendation Applicability

Report whether component Method-specific item: WQS
importance was evaluated, which weights, BKMR PIPs, QGC
metric was used, and how the metricpositive/negative partial effects, or
was interpreted. analogous metrics.

Report whether interactions were  Method-specific or optional item:
examined, how they were assessed, particularly relevant for BKMR or
and whether the analysis was models with explicit interaction
prespecified or exploratory. terms.

Report whether nonlinearity was  Method-specific or optional item:
examined, the method used, and  particularly relevant for BKMR
how non-linear patterns were response functions, splines, or
interpreted. other non-linear models.

Sensitivity
4 and
robustness
checks

Report the sensitivity analyses
performed and whether the main
conclusions were materially
changed.

Core item: broadly applicable
when sensitivity analyses are
feasible.

Abbreviations: BKMR=Bayesian Kernel Machine Regression; WQS=Weighted Quantile Sum; QGC=quantile-based g-computation.

Instructions for Use

Sequential Execution: It is recommended to sequentially proceed through Stages 1, 2, and 3.

Method Selection: The choice of specific methods should be justified based on the data characteristics, research
question, target estimand, and assumptions of the selected mixture method.

Items in Stage 3 should be applied according to the research question, sample size, model capability, and
interpretability, rather than treated as mandatory analyses for every study.

Documentation: Use the "Reporting Recommendation” and "Applicability” columns to report key decisions,
methods, assumptions, and parameters. This is critical for ensuring reproducibility and transparency.

NA Option: If a step is not applicable to your study (e.g., Feature Reduction for Step 1.5), mark it as "N/A" and
provide a brief reason.

REFERENCES

1.  Pan§, Li Z, Rubbo B et al. Applications of mixture methods in epidemiological studies investigating the health impact of persistent organic pollutants
exposures: a scoping review. ] Expo Sci Environ Epidemiol 2025;35:522 - 534. https://doi.org/10.1038/s41370-024-00717-3.

2. Lazarevic N, Barnett AG, Sly PD, Knibbs LD. Statistical Methodology in Studies of Prenatal Exposure to Mixtures of Endocrine-Disrupting Chemicals:
A Review of Existing Approaches and New Alternatives. Environ Health Perspect 2019;127:26001. https://doi.org/10.1016/j.envint.2022.107280.

3. Chung MK, House JS, Akhtari FS et al. Decoding the exposome: data science methodologies and implications in exposome-wide association studies
(ExWASs). Exposome 2024;4:0sa¢001. https://doi.org/10.1093/exposome/osac001.

4. Gibson EA, Goldsmith J, Kioumourtzoglou M. Complex Mixtures, Complex Analyses: an Emphasis on Interpretable Results. Curr Environ Health Rep
2019;6:53 - 61. https://doi.org/10.1007/s40572-019-00229-5.

5. Gibson EA, Nunez Y, Abuawad A et al. An overview of methods to address distinct research questions on environmental mixtures: an application to
persistent organic pollutants and leukocyte telomere length. Environ Health 2019;18:76. https://doi.org/10.1186/5s12940-019-0515-1.

6. XuH, Chen C, Lu ZX, Nie Z. rcssci: An R Package for Visualization of Restricted Cubic Spline. Med Research 2025;00:1 - 6. https://doi.org/10.1002/
mdr2.70015.

7. Knol MJ, VanderWeele TJ. Recommendations for presenting analyses of effect modification and interaction. Int ] Epidemiol 2012;41:514 - 520. https://
doi.org/10.1093/ije/dyr218.

8.  Billionnet C, Sherrill D, Annesi-Maesano 1. Estimating the health effects of exposure to multi-pollutant mixture. Ann Epidemiol 2012;22:126 - 141.
https://doi.org/10.1016/j.annepidem.2011.11.004.

9.  Zhu G, Wen Y, Cao K et al. A review of common statistical methods for dealing with multiple pollutant mixtures and multiple exposures. Front Public

Health 2024;12:1377685. https://doi.org/10.3389/fpubh.2024.1377685.

S6 CCDC Weekly / Vol. 8/ No. 35 Chinese Center for Disease Control and Prevention



	 
	METHODS
	Literature Review
	Analytical Framework in Current Literature

	RESULTS
	DISCUSSION
	Principal Findings and Methodological Implications
	Reporting Gaps and the Need for STROBE Extension

	Conflicts of interest
	SUPPLEMENTARY MATERIALS
	METHODS
	Literature Search and Data Extraction
	Analytical Framework in Current Literature
	Mixture Association Analysis Methods:
	Relation to Existing Literature

	Analytical Framework and Reporting Checklist for Environmental Mixture Health Effects Studies
	Instructions for Use
	REFERENCES
	REFERENCES

