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ABSTRACT: Cardiometabolic health is complex and characterized by an ensemble of correlated and/or co-occurring conditions
including obesity, dyslipidemia, hypertension, and diabetes mellitus. It is affected by social, lifestyle, and environmental factors,
which in-turn exhibit complex correlation patterns. To account for the complexity of (i) exposure profiles and (ii) health outcomes,
we propose to use a multitrait Bayesian variable selection approach and identify a sparse set of exposures jointly explanatory of the
complex cardiometabolic health status. Using data from a subset (N = 941 participants) of the nutrition, environment, and
cardiovascular health (NESCAV) study, we evaluated the link between measurements of the cumulative exposure to (N = 33)
pollutants derived from hair and cardiometabolic health as proxied by up to nine measured traits. Our multitrait analysis showed
increased statistical power, compared to single-trait analyses, to detect subtle contributions of exposures to a set of clinical
phenotypes, while providing parsimonious results with improved interpretability. We identified six exposures that were jointly
explanatory of cardiometabolic health as modeled by six complementary traits, of which, we identified strong associations between
hexachlorobenzene and trifluralin exposure and adverse cardiometabolic health, including traits of obesity, dyslipidemia, and
hypertension. This supports the use of this type of approach for the joint modeling, in an exposome context, of correlated exposures
in relation to complex and multifaceted outcomes.
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H INTRODUCTION Hair has emerged as an effective biomonitoring tool for the
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conventional matrices, such as blood and urine, where short half-
life of chemicals and their metabolites may lead to increased
variability and time-varying measurements, and its suitability for
exposure assessment has been previously discussed.” ® Hair-
derived measurements robustly capture the cumulative and
average long-term exposure history, offering a stable reflection of
individual-level exposures, with preparatory techniques effec-
tively removing interference from external chemicals and
extraction methods enhancing trace element recovery.” For
example, hair analysis has been used successfully to evaluate the
exposure to endocrine disrupting chemicals and metals.*”""
Given its low expenses for sampling and the ability to trace
comprehensive exposure history, the hair exposome has been
applied to evaluate the effects of environmental factors on
various areas of health, including reproductive health.'” The
development of advanced statistical methods is required to
appropriately analyze these hair-derived measurements and to
conduct studies from an exposome perspective.

Cardiovascular disease (CVD) is a group of disorders
affecting the heart and blood vessels representing a leading
cause of morbidity and mortality in most European
populations.'® The main behavioral risk factors of CVD are
unhealthy diet, physical inactivity, tobacco use, and misuse of
alcohol, which may affect cardiometabolic health and induce
obesity, hypertension, dyslipidemia, and diabetes mellitus. The
multifactorial etiology of CVD warrants a holistic approach to
consider the effect of multiple exposures on cardiometabolic
health as proxied by a multivariate set of clinical phenotypes.

Environmental pollutants have been linked with both clinical
risk factors for CVD development and the risk and severity of
CVD itself."™'> These pollutants, often originating from
industrial activities, vehicular emissions, and agricultural
practices, can infiltrate the air, water, and soil, thereby entering
the body through various routes and potentially affecting
cardiometabolic health due to their toxicity and endocrine-
disrupting potential. While there is substantial evidence linking
air pollutants and heavy metals to the development and
exacerbation of cardiovascular conditions,'®'” the role of
exposure to persistent organic pollutants (POPs) and pesticides
in the pathogenesis of CVD is less established."*™**

In this context, we propose to adopt an exposome approach to
assess the association between the environmental pollutants, as
measured by multiple pollutant levels in hair, and cardiometa-
bolic health. The nutrition, environment and cardiovascular
health (NESCAV) study is a population-based study initiated
with the aim of standardizing instruments to evaluate
cardiometabolic health and to identify the potential gaps in
the current inter-regional CVD prevention across the Greater
Region, located in the center of Europe.”’ Hair specimens from
the study participants were analyzed to generate a panel of 76
compounds. These included 33 POPs, pesticides, and their
metabolites, which provide a holistic view of environmental
pollutants the participants were subjected to and how these were
embodied. We investigate how, jointly, these exposure proxies
are associated with cardiometabolic health. Unlike previous
studies where cardiometabolic health had been modeled as a
single outcome, such as the presence of metabolic syn-
drome,”* we propose here to use a multivariate outcome
model whereby cardiometabolic health is characterized by
several traits related to obesity, dyslipidemia, hypertension, and
insulin resistance phenotypes that, together, capture the
complexity of cardiometabolic health. We use a Bayesian
variable selection (BVS) approach, accommodating multivariate
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outcomes, to identify sparse sets of exposures that jointly predict
an ensemble of phenotypes. The data set used in the present
study has been fully described elsewhere.”***~>!

B MATERIALS AND METHODS

Study Population. The NESCAV study is an inter-regional
population-based study across the Greater Region (Grand-
Duchy of Luxembourg, Wallonia in Belgium and Lorraine in
France) conducted between 2007 and 2013, focusing on the
influence of social factors, lifestyle behaviors, and environmental
exposures on cardiometabolic health.”> A total of 3,006
participants aged 18—69 years were recruited with informed
consent. A cross-sectional survey of the demographic, social,
behavioral, and environmental factors was performed via in-
person interviews, self-administered questionnaires, and clinical
examinations, including the sampling of blood and hair. Of
these, 1,428 participants were considered for the present study
after excluding participants with insufficient amounts of hair
sampled or missing/invalid clinical measurements and partic-
ipants from Lorraine in France since only 75 had a sufficient
amount of hair.

To assess cardiometabolic health, the present study
considered the clinical measurements of phenotypic traits that
define the four main cardiovascular domains: (i) obesity [body
mass index (BMI) and waist circumference (WC)], (ii)
dyslipidemia [serum levels of triglycerides (TG), total
cholesterol (TC), high-density lipoprotein cholesterol (HDL-
C), and low-density lipoprotein cholesterol (LDL-C)], (iii)
hypertension [systolic blood pressure (SBP) and diastolic blood
pressure (DBP)], and (iv) diabetes mellitus [fasting plasma
glucose levels (FPG)]. The methods of the clinical survey have
been previously described in detail.*®

Age, gender, and educational attainment were recorded for
each participant. Educational attainment was measured by the
highest level of qualification attained in three categories: low
(below high school), intermediate (high school), and high
(above high school). Lifestyle behaviors including dietary habits,
smoking status, physical activity, and alcohol consumption were
assessed via questionnaire. The method of the semi-quantitative
food frequency questionnaire has been described previously.*”
The results from this questionnaire generated five numeric
variables: (i) energy (kcal/day), (ii) proteins (g/day), (iii) fats
(g/day), (iv) carbohydrates (g/day), and (v) fibers (g/day).
These were summarized using principal component analysis
(PCA), and we retained as many components as needed to
explain more than 95% of the variance of the five original
variables. The smoking status was categorized as never, former,
and current smoker. Physical activity was categorized as active,
moderately active, and inactive according to the International
Physical Activity Questionnaire (IPAQ) scoring criteria.”’
Alcohol consumption was coded in three categories: low (<0.1
g/day), moderate (0.1—10 g/day), and high (>10 g/day).

The embodiment of environmental pollution was assessed by
measuring a panel of exogenous chemicals and their metabolites
from hair specimens collected from the scalp in the posterior
vertex region of the head. This panel included 13 POPs, which
consisted of three polychlorinated biphenyls (PCBs), one
polybrominated diphenyl ether, and nine organochlorine
pesticides. Additionally, 20 nonpersistent pesticides were
measured, including 9 organophosphorus pesticides, 4 pyreth-
roids, 2 phenylpyrazoles, 2 carbamates, 1 carboxamide, 1
dinitroaniline, and 1 oxadiazole. Based on the average growth
rate of hair, every centimeter of the sample represents one
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month of cumulative exposure.’” Thus, the concentration (pg/
mg) of each compound measured in hair samples was used as a
proxy for the cumulative exposure from four months before the
assessment for a given individual. All hair samples were analyzed
at the Human Biomonitoring Research Unit of Luxembourg
Institute of Health. The methods for hair sampling, chemical
analysis, including quality control, have been previously
detailed.>>3%31%3

Statistical Analysis. All analyses were performed in R,
version 3.6.3. The hair-derived measurements of 33 chemical
compounds (POPs, pesticides, and their metabolites) were
considered in the study. A total of 941 participants were
included in the analyses after excluding participants with missing
chemical measurements (N = 439) and those missing >50% of
the dietary intake information (N = 48). All compounds were
detected in >10% of the samples, with the proportion of samples
presenting concentrations above the limit of detection (LOD)
presented in Table S2. Concentrations below the LOD were
imputed by sampling a truncated Gaussian distribution between
zero and the LOD for each compound. Missing measurements
(arising from technical issues during hair analysis, <50% per
compound) and missing questionnaire information were
imputed using the random forest algorithm implemented in
the R package missForest.”* The chemical measurements were
then transformed to the log,, scale.

Descriptive Analysis. Descriptive analysis was performed to
identify the sets of health outcomes and blocks of correlated
exposures to be modeled jointly. Within the (N = 9) measured
cardiometabolic traits, we sought for those that correlated and/
or co-occurred through a network of pairwise partial correlations
(conditional independence network) using a stability-enhanced
graphical LASSO modeling approach,™ where we optimize a
score measuring the overall stability of the model to jointly
calibrate two hyperparamters: (i) the penalty parameter A
controlling the amount of shrinkage and (ii) the threshold in
selection proportion 7 above which the corresponding edge is
considered stable.”® To quantify model stability, the edges were
partitioned into three categories (stably selected, stably
excluded, or unstably selected) based on their selection counts
calculated over the graphical LASSO models fitted on 100
subsamples of S0% of the data (for a given pair of A and 7). By
considering the selection counts as independent observations,
the stability score was derived based on the likelihood of
observing this classification under the hypothesis of instability
(where all edges share the same probability of being selected,
hence yielding a uniform distribution of the selection
proportion). To identify blocks of correlated exposures to be
considered jointly as predictors, we combined dietary intake
information and chemical measurements and estimated a
multiblock conditional independence network. This relied on
the same approach, but the two hyperparameters were calibrated
by using a block-specific stability score to account for the block
correlation structure of exposures. We introduced error control
in the network calibration and set an upper bound for the
expected number of falsely selected edges, or Per-Family Error
Rate, to 10 and 20 for the outcome and exposure networks,
respectively.

Communities within the inferred exposure network were
detected using the Louvain method, an algorithm that groups
densely connected nodes together based on the optimization of
the modularity metric with equal weights assigned to edges.”’

As an exploratory approach, a series of linear regression
models (33 X 9 models) was run relating each trait against hair-
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derived measurements of each exposure. Models were adjusted
for age, gender, educational attainment, smoking status, and
dietary intake PCA scores. Statistical significance was assessed
based on a Bonferroni-corrected significance level controlling
the family wise error rate below 0.05 (per-test significance level
of <0.05/33).

Bayesian Variable Selection. GUESS is a computationally
optimized BVS algorithm combining an evolutionary stochastic
search Monte Carlo Markov Chain (MCMC) algorithm with
parallel tempering, accommodating multiple continuous
phenotypes by modeling the covariance structure among
response variables.”*”” The algorithm is available in the R
package R2GUESS v2.0.°”* With the hair-derived measure-
ments as predictors, GUESS was run to select variables jointly
explanatory of (i) each trait separately and (ii) selected
complementary traits, identified in the conditional independ-
ence network, serving as a multivariate outcome. All models
were adjusted for age, gender, educational attainment, smoking
status, and dietary intake PCA scores. Sparsity was imposed by
setting the a priori expected model size (number of true
associations) and its standard deviation to E = § and S = 4, and
the truncation parameter was set to F = 7. The prior model size
was 99% likely to range from 0 to 14 with a maximum model size
of T = 33 (Table S3). GUESS was run for 30,000 sweeps with
10,000 sweeps as burn-in, with three chains that run in parallel.
The validity of these parameters was evaluated by inspecting the
traces of the model to ensure that convergence had been
achieved. The average computational times for the single- and
multitrait analyses were 8 and 20 h when performed on a HPC
cluster computer with 1Gb of RAM using the Imperial College
Research Computing Service (DOI: 10.14469/hpc/2232). An
overview of the main preprocessing steps and analyses
conducted is presented in Supplementary Figure S1.

Postprocessing of the GUESS Output. R2GUESS outputs a
list of all visited models. The log-conditional posterior of a given
model measures the quality of the fit of the model to the data and
is scale-free. It is affected by the model complexity, and to ensure
comparability across models, the posterior Model Posterior
Probability (MPP) can be calculated instead based on the
number of times a given model has been visited across all visited
models. MPP is a proxy for individual model importance among
all visited models throughout the MCMC run. The per-feature
marginal contribution to the set of visited models is measured by
the Marginal Posterior Probability of Inclusion (MPPI), which is
a per-feature (model importance) weighted frequency of
inclusion across all models visited. The MPPI can be interpreted
as the posterior strength of association of a given predictor and
the outcome(s). These outputs are previously described in
detail.***' To identify statistically significant features jointly
contributing to outcome prediction, we defined a threshold in
MPPI, which controlled the empirical false discovery rate
(FDR) to be below 0.05 through a permutation procedure, as
previously proposed.*’

As originally defined,*” Bayes Factor (BF) is the ratio of
marginal probabilities of two different models and evaluates
which of these two models is mostly supported by the data, and
this could be interpreted as the Bayesian equivalent of a
likelihood ratio test comparing two competing models in a
frequentist framework. The BF comparing a model with and
without a variable of interest then measures the contribution of
that specific variable in the prediction of the outcome(s), and it
can here be expressed as a function of the MPPI for that
variable.”” The ratio of Bayes factor (RBF), for a given predictor
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and a given (set of) outcome(s), is then defined as the ratio of
the BF measuring the importance of that variable and the BF for
any variable found significantly associated with the outcome at a
set empirical FDR level. The latter is calculated as the BF for a
variable with the MPPI set to the MPPI threshold at a specified
FDR level. The RBF, therefore, measures how the importance of
a given variable is compared to that of any variable that would be
called significant at a set FDR level, and it has been previously
shown to enable the comparison of relative feature importance
across different models.* In practice, features with RBF > 1 are
to be interpreted as informative and as significantly contributing
to the model performances.

Finally, the posterior distribution of the regression coefficients
(effect size) for each selected variables in the top Best Models
Visited (BMV) was estimated by simulating regression
coefficient matrices (Ny X N = 2 X 2), the steps of which are
previously outlined.™’

Sensitivity and Attenuation Analysis. To assess the
sensitivity to the way cardiometabolic health is measured (i.e.,
which physiological parameters to include in the multitrait
analysis), we ran our multitrait analyses using different
combinations of traits as outcomes.

To evaluate the role of potential confounders in our analyses,
we performed a series of sensitivity analyses by running our BVS
without adjustment and sequentially adjusting for (i) age, sex,
(i) educational attainment and smoking status, and (iii) dietary
factors as summarized by the PCA scores of the three first PC
scores (corresponding to our main model). We investigated the
effect that the adjustment had on the per-feature MPPL

B RESULTS AND DISCUSSION

Descriptive Analysis. The characteristics of the (N = 941)
participants included in the study are summarized in Table 1.
The ratio of females to males was high (69%), especially in
Belgium with 75.3% being female. Differential patterns of
educational attainment was observed between the two centers,
with a higher proportion of those with low educational
attainment in Luxembourg compared to participants from
Belgium. The distribution of never, former, and current smokers
was similar across the two centers, with never smokers being the
most prevalent among all participants (53.8%).

The prevalence of cardiometabolic conditions in the studied
regions are among the highest in Europe, which warranted the
need for the present study.”® Summary statistics of the nine
measured cardiometabolic traits overall and by the center are
summarized (Table S4), showing similar prevalence in both
centers except for obesity, which was more prevalent in
participants from Luxembourg. In the full study population,
comorbidity was observed among the four cardiometabolic
conditions (obesity, dyslipidemia, hypertension, and diabetes
mellitus), with 86 participants having a combination of obesity,
hypertension, and dyslipidemia (Figure 1A). This highlighted
the need to consider multiple clinical phenotypes to grasp the
complexity of cardiometabolic health. The pairwise correlation
between BMI and WC and between LDL-C and TC was very
high, with a Spearman’s correlation coefficient (p) of 0.89 and
0.90, respectively (Figure 1B). The pairwise correlation between
SBP and DBP and between WC and FPG was moderately high
(p 0.76 and p = 0.51, respectively). The conditional
independence network across all the measured cardiometabolic
traits was calibrated via stability (Figure S2), and we identified
six traits (BMI, WC, TG, HDL-C, SBP, and DBP) that were
central to the network with each trait connected to at least two
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Table 1. Overview of Population Characteristics Stratified by
the Assessment Center”

total Belgium Luxembourg
N =941 N =481 N = 460
age (years), mean (SD) 44.8 (13.5) 44.6 (13.9) 44.9 (13.1)

Gender, N (%)

Male 292 (31.0%) 119 (24.7%) 173 (37.6%)
Female 649 (69.0%) 362 (75.3%) 287 (62.4%)
Educational attainment, N (%)

low 364 (38.7%) 120 (24.9%) 244 (53.0%)
intermediate 213 (22.6%) 120 (24.9%) 93 (20.2%)
high 358 (38.0%) 241 (50.1%) 117 (25.4%)

missing, N (%)
Smoking status, N (%)

never smoker

6 (0.6%) 0 (0.0%) 6 (1.3%)
520 (55.3%)
221 (23.5%)

200 (21.3%)

257 (53.4%)
105 (21.8%)
119 (24.7%)

263 (57.2%)
116 (25.2%)
81 (17.6%)

former smoker

current smoker

energy (kcal/day), mean 2266.5 2214.1 2320.7
(SD) (763.3) (702.4) (818.9)
missing, N (%) 7 (0.7%) 6 (1.2%) 1 (0.2%)
proteins (g/day), mean (SD)  88.6 (30.7) 869 (27.2)  90.3 (33.9)
missing, N (%) 6 (0.6%) 3 (0.6%) 3 (0.7%)
fats (g/day), mean (SD) 96.6 (37.7)  92.4(332)  100.8 (41.5)
missing, N (%) 9 (1.0%) 7 (1.5%) 2 (0.4%)
caébo};ydrates (g/day), mean 239.4 (89.0) 235.7 (82.3) 2432 (95.5)
SD
missing, N (%) 8 (0.9%) 6 (1.2%) 2 (0.4%)
fibres (g/day), mean (SD)  24.0 (8.9) 23.6 (7.8) 244 (9.8)
missing, N (%) 8 (0.9%) 6 (1.2%) 2 (0.4%)

Physical activity, N (%)

196 (20.8%)
288 (30.6%)
367 (39.0%)
90 (9.6%)

121 (25.2%)
157 (32.6%)
129 (26.8%)
74 (15.4%)

75 (16.3%)
131 (28.5%)
238 (51.7%)
16 (3.5%)

inactive

moderately active

active

missing, N (%)

Alcohol consumption, N (%)

low 175 (18.6%) 93 (19.3%) 82 (17.8%)
moderate 499 (53.0%) 233 (48.4%) 266 (57.8%)
high 260 (27.6%) 153 (31.8%) 107 (23.3%)
missing, N (%) 7 (0.7%) 2 (0.4%) 5 (1.1%)

“The proportion of missing values are shown for variables with
missing values. SD = standard deviation.

other traits (Figure 1C). By construction, the correlation
between these six variables cannot be fully explained by the
correlation with the other variables. We therefore hypothesize
that these represent a set of complementary phenotypes
capturing the complexity of cardiometabolic health, and we
model them jointly in our multitrait analysis.

Exposure information (dietary intake and chemical measure-
ments) is summarized in Figure 2. A block-structure was
observed in the pairwise correlation between the dietary intake
variables, with the strongest correlation observed between
energy and fat intake (p = 0.88). Moderate correlations were
observed between chemicals of the same family or between the
parent compound and its metabolites, such as 3-phenoxybenzoic
acid (3-PBA) and trans-3-(2,2-dichlorovinyl)-2,2-dimethylcy-
clopropane carboxylic acid (CL,CA) (p = 0.59), and fipronil and
fipronil sulfone (p = 0.56) (Figure 2A). As previously reported,
measurements derived from hair are not subject to the highly
variable concentrations usually observed in fluids (blood and
urine) and are therefore more accurate to capture chronic
exposures, here spanning several months.””’
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Figure 1. Descriptive summary of cardiometabolic health in the 941 study participants. Venn diagram representing comorbidity of the main
cardiovascular outcomes (A); heatmap representing pairwise Spearman’s correlation coefficient between (N = 9) measured cardiometabolic traits (B)
and the corresponding conditional independence network estimated using stability-enhanced graphical LASSO (C). Abbreviations: body mass index
(BMI); waist circumference (WC); triglyceride (TG); total cholesterol (TC); high-density lipoprotein cholesterol (HDLC); low-density lipoprotein
cholesterol (LDLC); systolic blood pressure (SBP); diastolic blood pressure (DBP); and fasting plasma glucose (FPG).

To further investigate these correlation patterns, we estimated
a conditional independence network using a multiblock (dietary
intake and chemical measurements) stability-based calibration
(Figure S3). The resulting network (Figure 2B) shows that the
chemicals from the same family were often connected and
belonged to the same community. Energy, fat, carbohydrate, and
protein intake were directly or indirectly connected with
dimethyl phosphate (DMP), p-nitrophenol (PNP), hexachlor-
obenzene (HCB), and beta-hexachlorocyclohexane (beta-
HCH), with all chemicals grouped in the same community.

PCA was performed on the chemical measurements from hair,
revealing complex and diverse exposure profiles across the
population (Figure S4). The projection of exposure measure-
ments indicated separation between participants from Belgium
and Luxembourg, indicating potential environmental differences
attributed to varying sources of pollutants. Linear regression
models were used to examine the marginal association between
each pollutant exposure and social or behavioral factors (Figure
SS). In particular, we identified differential exposure to 13 and 9
pollutants in relation to age (Figure SSA) and gender (Figure
S5B). We also found that individuals with low educational
attainment had higher levels of HCB, parathion, and 3-PBA, and
lower levels of chlorpyrifos, gamma-HCH, and diazinon,
compared to those with high educational attainment (Figure
SSC). Measured levels of C1,CA and fipronil were found to be
higher in smokers compared to nonsmokers (Figure SSD), and
we identified differential levels of DMP, PNP, and HCB in
relation to dietary patterns (Figure SSE).

These results support our adjustment in subsequent analyses
for age, gender, educational attainment, smoking status, and
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diet, as summarized by the three first components of the PCA
(jointly explaining >95% of the variance of the five dietary
variables, see Table SS).

Phenotype-Exposure Associations. Univariate analyses
regressing the (N = 9) traits against the (N = 33) exposures
separately (Table S6) showed association between levels of
HCB in hair and BMI, WC, and HDL-C. Additionally, the levels
of beta-HCH were associated with BMI and WC. Cypermethrin
levels showed association with SBP and DBP, and three other
exposures (parathion, fipronil, and diflufenican) were associated
with DBP. Dieldrin levels were found to be associated with TC.
Our results did not identify any exposures associated with FPG,
TG, or LDL-C.

The single-trait analyses using GUESS identified an outcome-
specific sparse set of exposures jointly predicting each
phenotype except for TG (Figure 3). Hair levels of PCP,
PNP, 3Me4NP, and trifluralin were found to be jointly
associated with BMI and WC. We found that dieldrin and, to
a lesser extent, PCB-153 added additional information related to
WC. SBP and DBP were jointly explained by PCB-153, beta
HCH, PNP, fipronil, and trifluralin. Exposures with weaker
associations (RBF < 1) with SBP (3Me4NP and dieldrin) and
with DBP (p,p’-DDE) were additionally selected in the top
BMV for each outcome (Table S7). HDL-C was jointly
explained by beta-HCH, HCB, PNP, trifluralin, and, to a lesser
extent dieldrin. Overall, our BVS approach has been able to
identify a sparse set of complementary exposures jointly
explaining each phenotype, separately. While the combination
of predictors selected were specific to each trait, we found that
PNP and trifluralin were associated with most of the outcomes
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Figure 2. Descriptive summary of exposures in the 941 study participants. Heatmap representing pairwise Spearman’s correlation coefficient between
dietary intake information and chemical measurements (A) and the corresponding conditional independence network and communities estimated
using stability-enhanced graphical LASSO and the Louvain method, respectively (B).

both showing the highest RBF across single-trait models (Table
S7).

The six complementary traits (BMI, WC, TG, HDL-C, SBP,
and DBP) that were central to the conditional independence
network were set as outcomes for our main multitrait analysis.
The model was run for 30,000 iterations, and the first 10,000
were discarded to account for burn-in. Trace plots showed good
convergence of the algorithm and overlap of the different chains,
indicating good exchange of information across chains (Figure
S6). Based on RBF estimates (Table S7), we found that a total of
30 exposures contributed to the explanation of the multivariate
outcome. By comparing the models visited in GUESS based on
their posterior probability, a parsimonious set of six exposures
(PNP, HCB, fipronil, trifluralin, beta-HCH, and PCB-153) were
selected in the most supported model with an MPP of 0.16
(Figure 3).The RBF of these selected variables was higher than
those of the same exposures in the single-trait analyses.
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The multitrait analysis allowed detection of strong associa-
tions with combinations of preclinical or subclinical phenotypes
that would have been missed by the single-trait analyses. For
example, across the single-trait models, HCB was detected as a
significant predictor of only HDL-C. However, the multitrait
analysis revealed its strong association with the combination of
the six traits, with a similar strength of association (RBF) to
exposures (PNP and trifluralin) consistently associated with
each trait. Although not in the BMV, several exposures (p,p’-
DDE, 3Me4NP, and dieldrin) were more strongly associated
with the multivariate phenotype than with any of the individual
traits.

The MPP of the top BMV (as well as the cumulative MPP of
the top five BMV) was higher in the multitrait analysis than in
the single-trait analyses, suggesting that the multitrait model
allows for a better explanation of the variance of the (albeit more
complex) outcome. The correlation structures between
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Figure 3. Comparison of results from the GUESS BVS approaches, adjusted for age, sex, educational attainment, smoking, and diet. The MPP of the
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confounding factors.

chemical measurements, as observed in the exposure conditional
independence network (Figure 2B), suggest that the best
supported model excludes highly correlated predictors and only
selects complementary exposures that best explain the multi-
variate outcome. Some exposures that were consistently
detected in the single-trait analyses but missing from the
multitrait analysis (e.g., dieldrin) are in close proximity with
exposures included in the top BMV from the multitrait analysis
(e.g, trifluralin).

Therefore, the multitrait, multiexposure associations provided
by the top BMV in our approach enhance the interpretation of
the results and the identification of exposures strongly associated
with complex cardiometabolic outcomes. However, sparsity is
not always equivalent to interpretability, and when prior
information is available, data could be pruned to focus on
features affecting a specific pathway of interest. Sparsity induced
from our BVS approach on this selected set of (N = 33) pollutant
measurements from hair has the potential to highlight the
determinants driving the dysregulation of the pathway at a more
granular level.

Considering all (N = 9), clinical phenotypes in our multitrait
analysis resulted in a top BMV including four exposures (Table
S7) and yielded a lower MPP 0.09. This indicates that the
inclusion of less correlated traits to be jointly modeled as the
multivariate outcome hampers the performance of the BVS
approach in selecting a set of predictors, ie., less supported
models and weaker effects detected. Further sensitivity analyses
(i) excluding TG from the multitrait outcome resulted in
3Me4NP additionally being selected in the top BMYV, slightly
increasing the MPP to 0.17, and (ii) including FPG in the
outcome resulted in PCB-153 being excluded from the top
BMV, which yielded an MPP of 0.18. While our approach
appears as an eflicient way to perform variable selection for
complex (multivariate) outcomes, the effect of the correlation
structure across outcomes is strongly affecting the performances
of the model. As such, the prior selection of outcomes of interest
should be carefully considered, and either prior knowledge®* or
data exploration should drive this process. The identification of
the optimal way to select the outcomes of interest should be
further investigated by using simulated and real data sets. This

5389

would be key to establish our approach as a tool for exposome
research in complex health outcomes.

The unadjusted model selected nine exposures as jointly
predictive of cardiometabolic health. These included PCB-153,
beta-HCH, gamma-HCH, HCB, DEP, permethrin, 3-PBA,
diflufenican, and oxadiazon. Upon adjustment of age, sex,
educational attainment, and smoking status, three exposures
(PNP, fipronil, and trifluralin) were additionally selected, while
six exposures (gamma-HCH, DEP, 3-PBA, difludenican, and
oxadiazon) were no longer selected, suggesting that their effect
could be explained by these adjustment factors. Out of the eight
exposures selected before adjustment for dietary intake, six
exposures (PCB-153, beta-HCH, HCB, PNP, fipronil, and
trifluralin) were also selected in the fully adjusted model. The
fact that 3Me4NP and permethrin were not selected after
adjustment may indicate that these captured diet-related
exposures. Although included in the fully adjusted model, the
MPPI of PCB-153 dropped from 0.96 to 0.78 upon adjustment
for dietary information. This suggests that some of its effect on
the multitrait outcome could be explained by diet.

The effect size of each of the predictors selected in the top
BMYV was estimated from the fully adjusted model (Figure 4B).
To estimate and quantify the predictive performance of the
resulting model, data splitting (into training and testing sets) is
warranted, and this could be implemented by refitting a
regression model with the selected variables and estimated
regression coefficients. Increased exposure to HCB and
trifluralin was associated with an adverse cardiometabolic health
profile, as evidenced by positive associations with obesity
(higher BMI and WC) and dyslipidemia (higher TG). This is
supported by previous evidence from a systematic review,*
which demonstrated positive associations between HCB and
systemic arterial hypertension, peripheral arterial disease, and
cardiovascular mortality, as well as between occupational
exposure to trifluralin and risk of acute myocardial infarction.
Experimental studies on rat models have also outlined an
association between HCB exposure and CVD.**

The evidence concerning the association between increased
exposures to HCB and trifluralin and HDL-C and blood
pressure displayed varying degrees of clarity. Elevated exposure
to HCB was associated with dyslipidemia, characterized by
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lower HDL-C levels, while trifluralin exposure appeared to have exposures to trifluralin were associated with hypertension
a protective effect (higher HDL-C levels). Moreover, increased (higher SBP and DBP), whereas a reverse association was
5390 https://doi.org/10.1021/acs.est.3c08739
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observed between HCB exposure and blood pressure. Our
analysis also revealed inverse associations among exposure to
PCB-153, PNP, fipronil, and beta-HCH and cardiometabolic
health. Specifically, increased exposure to these compounds was
linked with lower BMI, WC, and TG levels and blood pressure.
Similarly, increased exposure to PNP, fipronil, and beta-HCH
was associated with reduced levels of HDL-C. These inverse
associations were also detected in our preliminary analyses
relying on unviariate regression models and are to be interpreted
very carefully. Our descriptive analyses highlighted that
exposure to these compounds were associated with sociodemo-
graphic and dietary factors. Furthermore, our conditional
independence networks indicated some correlation between
exposures and dietary factors, and we observed some
attenuation of the posterior strength of association between
some exposures and cardiometabolic health outcomes after
adjusting for the diet.

Altogether, these findings suggests that hair-derived measure-
ments may capture potential residual confounding, wherein
differential lifestyle behaviors influence exposure to compounds,
consequently impacting health outcomes. For example,
exposure to HCB, a highly fat-soluble pesticide which
accumulates particularly in dairy products and animal meat,*
may be influenced by choices in (fatty) food intake. Thus, the
association between HCB exposure and cardiometabolic health
conditions identified in our study may be attributed to the effect
of the pesticide HCB itself or unmeasured confounding by diet,
both reflected in hair-derived measurements. Conversely, the
inverse associations observed could be explained by increased
pollutant exposure resulting from healthier lifestyle (e.g., healthy
diet rich in fruit and vegetables), which may manifest as an
overall improvement in cardiometabolic health. However, the
formal assessment of these hypotheses was limited by data
availability in the present study. To ensure external validity in
other contexts (e.g., other countries), it is crucial to distinguish
the effect of detailed dietary patterns from the effect of the
environmental pollutants themselves. This warrants further
investigations into the sources of exposure to pollutants
measured from hair in more deeply characterized studies to
disambiguate the associations between hair-derived measure-
ments and cardiometabolic health outcomes. Addressing this
distinction holds the potential utility of hair-derived measure-
ments in complementing self-reported data when investigating
specific external exposures, including diet, that contribute to
cardiovascular risk profiles.

In conclusion, hair-derived measurements provide a valuable
tool for characterizing embodiment of complex exposures and
monitoring various risk factors of cardiometabolic health, at an
individual level. We proposed a multitrait BVS approach to
model the complexity of exposure profiles and cardiometabolic
health by considering sets of complementary exposures and
traits. By combining our BVS model with conditional
independence networks, we identified a subset of six densely
correlated traits (BMI, WC, TG, HDL-C, SBP, and DBP), and
selected sets of exposures jointly predicting cardiometabolic
health, as defined by these traits. Our approach was
complemented by sets of single-trait analyses, which enabled
the identification of exposures that were uniquely associated
with specific traits as well as exposures that were consistently
associated across all traits. The phenotype—exposure associa-
tions identified from the multitrait analysis exhibited overall
stronger associations than those detected from single-trait
analyses. Overall, this is suggestive of an increased statistical
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power yielded by the joint modeling of the correlated outcomes
of interest. The use of multivariate outcome models, such as the
one we proposed, enables us to capture the complexity of
(aspects of) individual cardiometabolic health while providing
sparse results with preserved interpretability.
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