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Background: The effect of chemical exposure on obesity has raised great concerns. Real-world
chemical exposure always imposes mixture impacts, however their exposure patterns and the
corresponding associations with obesity have not been fully evaluated.

Objectives: To discover obesity-related mixed chemical exposure patterns in the general U.S.
population.

Methods: Sparse Decompositional Regression (SDR), a model adapted from sparse
representation learning technique, was developed to identify exposure patterns of chemical
mixtures with exclusion (non-targeted model) and inclusion (targeted model) of health outcomes.
We assessed the relationships between the identified chemical mixture patterns and obesity-related
indexes. We also conducted a comprehensive evaluation of this SDR model by comparing to

the existing models, including generalized linear regression model (GLM), principal component
analysis (PCA), and Bayesian kernel machine regression (BKMR).

Results: Eight core exposure patterns were identified using the non-targeted SDR model.
Patterns of high levels of MEP, high levels of naphthalene metabolites (EOH-Nap), and a pattern
of high exposure levels of MCOP, MCNP, and MCPP were positively associated with obesity.
Patterns of high levels of BP3, and a pattern of higher mixed levels of MPB, PPB, and MEP

were found to have negative associations. Associations were strengthened using the targeted SDR
model. In the single chemical analysis by GLM, BP3, MBP, PPB, MCOP, and MCNP showed
significant associations with obesity or body indexes. The SDR model exceeded the performance
of PCA in pattern identification. Both SDR and BKMR identified a positive contribution of
EOH-Nap and MCOP, as well as a negative contribution of BP3 and PPB to obesity.

Conclusion: Our study identified five core exposure patterns of chemical mixtures significantly
associated with obesity using the newly developed SDR model. The SDR model could open a new
avenue for assessing health effects of environmental mixture contaminants.

Keywords
Sparse Decompositional Regression Model; Exposure mixtures; Exposure pattern; Obesity

1. Introduction

Obesity is a common public health concern that affects 13% of adults worldwide and
imposes a major disease burden (Afshin et al., 2017). Except for genetic background

and lifestyle changes (Lin et al., 2019; Ling and Ronn, 2019), the potential influence of
environmental chemicals has raised great interest (Thayer et al., 2012). Fully evaluating the
chemical exposure levels of obese people and identifying chemical mixture signals/patterns
associated with obesity are critical for its prevention. Previous studies have demonstrated
that certain chemicals disrupt endogenous hormonal homeostasis and are involved in the
programming of adipogenesis, which may lead to weight gain (Heindel et al., 2017).
Environmental phenols, parabens, polycyclic aromatic hydrocarbons (PAHSs), and phthalates
have potential endocrine disruption effects, and their associations with obesity have been
reported in previous studies (Liu et al., 2017; Scinicariello and Buser, 2014a; Stahlhut

et al., 2007). However, the classical methods to assess the health effect of chemicals
mainly focus on individual chemical or limited types of environmental contaminants. An

Ecotoxicol Environ Saf. Author manuscript; available in PMC 2023 March 14.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Zhang et al.

Page 3

environment-wide association study (EWAS) used data from NHANES to explore the
associations between a panel of exposures and obesity in adolescents (Haddad et al., 2022),
which successfully extended the scope of exposures without exploring the combined effect
among chemicals. In summary, the real-world complex chemical mixture exposure and their
synergistic health impact remain inadequately addressed. Such effects can result from the
similarity of exposure sources and metabolite pathways (Kim et al., 2017; Shaheen et al.,
2016). Although some advanced statistical approaches have been developed to explore the
health effects of mixed exposure (Lazarevic et al., 2019; Taylor et al., 2016), identifying
the core exposure patterns (fundamental chemical mixture signals/combination) from high-
dimensional exposure data and thereafter estimating the health effect of these patterns
haven’t received enough attention.

Sparse coding technique, a newly developed representation learning technique initially
applied in feature learning in the computer science domain, was adapted as Sparse
Decompositional Regression (SDR) model to identify exposure patterns of study population.
After learning sets of overcomplete features, SDR uses an L1 regularized optimization to
obtain and highlight sparse coefficients to represent the original raw data. The sparse coding
technique, with its capability of efficient and effective representation learning (Kavukcuoglu
etal., 2009; Lee et al., 2006; Rozell et al., 2008), allows the capture of underlying signals/
patterns from the raw data (Chang et al., 2018; Chang et al., 2021; Chang et al., 2015;

Liu et al., 2022; Mao et al., 2022). In this study, obesity-related core exposure patterns
composed of potential obesity-related chemicals, including phenols, parabens, PAHs, and
phthalates (Hatch et al., 2008; Liu et al., 2017; Scinicariello and Buser, 2014a; Wu et al.,
2019), were discovered by SDR model in a U.S. national representative population data from
National Health and Nutrition Examination Survey (NHANES) 2005-2012. In addition,

the SDR model allows the incorporation of targeted health outcomes (e.g., obesity) during
representation learning, which helps enforce the relevance of derived core exposure patterns
with health outcomes. We also employed evaluation of SDR model through comparing

to the most commonly used model (generalized linear regression model (GLM)), another
pattern identification model (principal components analysis (PCA)), and Bayesian kernel
machine regression (BKMR) to determine the performance of SDR model. Furthermore,
the association of chemical exposure patterns with obesity was evaluated. SDR model will
provide a new avenue for the efficient and effective discovery and assessment of the impact
of chemical exposure patterns on health.

2. Methods

2.1. Study population

All of the study population was from NHANES, a cross-sectional study conducted every
two years to assess the nutrition and health status of a representative U.S. population (Zipf
et al., 2013). Subsamples of the participants were measured with different combinations

of environmental chemicals. To extend the scope of exposure chemicals, we used data
from NHANES 2005-2012 and all the participants provided informed consent. The survey
protocol was approved by the National Center for Health Statistics Research Ethics Review
Board. Information such as demographic characteristics, dietary intake, body examination,
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and biospecimen measurement was recorded comprehensively. The detailed patient selection
strategy was illustrated in Fig. S1. In total, 40790 participants took part in NHANES
2005-2012. Due to the study design, a representative subsample was available of the
targeted chemicals (n = 10769 left). We excluded those with missing values of the

chemical concentration or anthropometric data (including body weight, height, and waist
circumference) (n = 1307 excluded). Those who were less than 20 years old, pregnant,
previously diagnosed with cancer or malignancy, or underweight (BMI<18.5) were excluded
(n = 3985 excluded). Participants with missing data on covariates were also excluded from
the final analysis (n = 664 excluded). The final sample size was 4813 participants.

2.2. Measurement of chemicals in urine

Spot urine samples were collected at mobile examination centers. The concentrations

of environmental phenols, parabens, phthalates metabolites, and PAHs metabolites were
analyzed using previously reported methods (CDC, 2018b). Chemicals with less than
90% detected were excluded from our analysis to reduce the evaluation bias derived
from simple substitution of the values under the lower limit of detection (LOD)

(Lubin et al., 2004). Specifically, triclosan, butyl paraben, ethyl paraben, mono-n-methyl
phthalate, mono-isononyl phthalate, and mono-(2-ethyl)-hexyl phthalate, with detection
frequencies ranging from 22.3% to 77.0% were excluded (Table S2). We further added
up the molar concentration of metabolites from the same parent compound. More
details are provided in the Supplementary Material. Finally, fifteen chemicals were
retained in the analysis (including PAH: naphthalene metabolites (XOH-Nap), fluorine
metabolites (XOH-Flu), phenanthrene metabolites (XOH-Phe), 1-hydroxypyrene (1-OH-
Pyr); phenol: benzophenone-3 (BP3) and bisphenol A (BPA); paraben: methyl paraben
(MPB) and propyl paraben (PPB), phthalate: mono(carboxynonyl) phthalate (MCNP),
mono(carboxyoctyl) phthalate (MCOP), diethylhexyl phthalate metabolites (XDEHP),
dibutyl phthalate metabolites (XDBP), mono-(3-carboxypropyl) phthalate (MCPP), mono-
ethyl phthalate (MEP), and mono-benzyl phthalate (MBzP)).

2.3. Outcomes and co-variation assessment

Anthropometric indexes were measured at the mobile examination centers. Participants with
a BMI of 30 kg/m? or higher were general obese according to WHO reference (WHO,
2017). Abdominal obesity was classified by absolute waist circumference (=102 cm in men
and =88 cm in women).

Information on demography, nutrition intake, habits, and medical status was collected by
direct interview. We considered age, sex, race, educational level, family income to poverty
ratio (PIR), smoking status, and total caloric intake status per day as potential covariates as
previously described (Zhang et al., 2019). In addition, creatinine concentration was natural
logarithm transformed and considered a covariate to account for urinary dilution (Barr et al.,
2005).

2.4. Sparse decompositional regression (SDR) model

To explore the higher-level dependencies as well as the underlying regularities in the
raw chemical exposure data, we combined the concept of sparse feature learning and feed-
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forward regression into a unified framework, namely Sparse Decompositional Regression
(SDR), to realize efficient and effective mining of combinatorial patterns related to the
mixture of chemical exposures, as well as their association with health outcomes. Given

X =[X,,...,Xy] € R"*"as a set of samples (N) with a combination of chemical exposure
levels (i.e., raw chemical exposure profile with m chemicals; e.g., m=15 in NHANES
dataset) and L as the health outcome (e.g., BMI), the formulation of SDR model is defined
as follows (Fig. 1B).

miny . pzwe | X=DZ |z + | Z-Go(WX) I + AL Z |, + | AZ-L |7
s.t.||d|i=1,Vi=1,... h;(*)target — only item

A detailed description of the items in the formulation can be found in Fig. 1B and
Supplementary Material. To avoid or reduce potential false predictions where chemical
concentrations are varied in exposure levels, feature transformation and scaling were
conducted in data preprocessing. The concentration of the chemicals was right-skewed, and
a Intransformation was used to improve the normality. Afterward, minmax normalization
was applied for feature scaling, and X, the raw chemical exposure profile was a transformed
and scaled dataset. The first constraint:|| X — DZ ||Z, penalizes the reconstruction error of
raw chemical exposure with mixture chemical exposure patterns (D) and the corresponding
sparse feature matrix (Z), which helps minimize the loss of information; the second
constraint:|| Z — Go(WX) ||;, penalizes the approximation error of sparse feature matrix

(2) with the auto-encoder, which helps improve the accuracy of sparse feature matrix
approximation for new participants; the third constraint: || Z ||, penalizes the sparsity of

the sparse feature matrix, which helps ensure the utilization/activation of dominant mixture
chemical patterns during the learning process, and only sparse patterns were used for data
reconstruction; and the last term (target-only): || AZ — L ||; penalizes the approximation
error of outcome (L) with sparse feature matrix (Z), which helps refine the learning

process toward improved outcome association. A step-wised joint minimization of the above
equation leads to a highly efficient and effective solution for mixture chemical exposure
pattern discovery (Fig. 1B and Supplementary Material).

To optimize the number (h) of mixture chemical exposure patterns while stabilizing the
reconstruction of the raw chemical exposure profile (X) based on mixture chemical exposure
patterns (D), we first bootstrapped the SDR model 100 times with samples randomly
selected per iteration. Consequently, it led to the discovery of 100 sets of chemical

exposure patterns, [D,, ..., D,y], and the corresponding sparse feature matrix[Z,, ..., Zu],
where D, = [d), ...,d;] and Z, = [Z, ..., Zy]. Then, we utilized the consensus clustering
strategy with all preidentified chemical exposure patterns ([Dy,...,D1g0]) to obtain the

core chemical exposure patterns (abbreviated as core patterns) as D = [d,, ..., d,|, where

k is the number of clusters optimized by consensus clustering approach (helping reduce
redundant exposure patterns, detailed information on consensus clustering is provided in
Supplementary Material), and d, is core chemical exposure pattern /defined as the median
chemical exposure patterns within cluster i. In the present study, the chemicals with higher
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relative abundance in each core pattern were used to represent the corresponding core
pattern. Last, we fixed the dictionary as the core patterns (D), and updated <Z, G, W>
(non-targeted) or <Z, G, W, A> (targeted) through our SDR model. The SDR parameters,
including the number of core chemical exposure patterns (k), dictionary size (4, referring
to the mixture chemical exposure pattern number in each bootstrap, as shown in Fig. 1A),
and sparsity (referring to the number of mixture chemical exposure patterns to be used for
raw chemical exposure profile reconstruction) of this study were optimized with a stepwise
strategy (see Supplementary Material for details).

Pairwise Pearson correlation was utilized to measure the similarity between core patterns
learned from non-targeted and targeted SDR models, and for each pairwise comparison, the
patterns were considered consistent when Pearson’s correlation (r) > 0.9 and p < 0.05. The
importance of individual chemicals in each core pattern was evaluated by a perturbation
strategy to identify the driving components in the associations between core patterns and
health as described in Supplementary Material.

Finally, we assessed the association of core mixture chemical exposure patterns (D) with
health outcomes through regression analysis with adjustment for other confounding factors
(Fig. 1B and C).

2.5. Statistical analysis

Comparisons of continuous and categorical variables between groups were conducted by
t-test and chi-square tests, respectively. Concentrations of chemicals were In-transformed
to improve the skewness. Pearson correlation analysis was carried out to estimate the
relationship between chemicals.

As a further evaluation, we also compared our newly developed SDR model with GLM,
PCA, and BKMR.

2.5.1. Generalized linear regression model—Generalized linear regression model
was employed to assess the association between single chemical exposure and obesity-
related outcomes (i.e., logistic regression for general obesity and abdominal obesity,
multivariable linear regression for BMI and waist circumference). The participants were
divided into tertile groups based on chemical concentration, and the association between
individual chemicals and obesity was assessed by comparing the second and third tertiles

to the first tertile of a chemical’s concentration. All multivariable analyses were adjusted

for gender, ethnicity, educational levels, age, family income-to-poverty ratio, smoking status,
energy intake levels, and In-transformed creatinine.

2.5.2. Principal components analysis (PCA)—PCA is a dimension reduction
method in which uncorrelated principal components (PCs) are created as the linear
combination of the highly correlated components Wold et al., 1987). The first few PCs,

with a major contribution to the variance, were used in the regression analysis. Varimax
rotation was used to make a smaller number of chemicals of high factor loadings and the rest
of low factor loadings. Principal components with eigenvalues larger than one were retained
in the following analysis.

Ecotoxicol Environ Saf. Author manuscript; available in PMC 2023 March 14.
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2.5.3. Bayesian kernel machine regression (BKMR) model—BKMR model can
fit the high-dimensional nonlinear and nonadditive exposure reaction function and obtain
health effects of mixed exposures on outcomes by comparing all of the chemicals fixed at a
certain percentile with all of them at median levels (Bobb et al., 2018, 2015). The posterior
inclusion probabilities (PIPs), which represent the probability that a particular chemical was
included in the model, were calculated with 50,000 iterations. Fixing all the other chemicals
at median levels, the dose-response curve of chemicals with outcome was estimated.

Sensitivity analysis was conducted with further adjusting for physical activity. Since
standard Global Physical Activity Questionnaire (GPAQ) was not available in all the
NHANES 2005-2012 cycles, we defined physical active as doing any vigorous or moderate
activities for at least 10 min in the past 30 days (NHANES 2005-2006) or in a typical week
(NHANES 2007-2012).

Due to the complex sampling design of NHANES, the sample weights are usually applied

in analysis using NHANES data (CDC, 2018a; Haddad et al., 2022; Patel et al., 2010).
However, weighted estimation could introduce over-adjustment bias when variables used

for calculating weights are already adjusted as covariates in regression analysis. Therefore,
the unweighted estimation was used in all the models throughout this study (Blount et al.,
2006; Gelman, 2007; Graubard and Korn, 1999). A Pvalue of 0.05 was set as the significant
criterion. SDR was conducted in Matlab (version R2018b), and all the other analyses were
performed with R (3.5.1). BKMR was provided by the open-source R package “bkmr”
(version 0.2.0).

3. Results

3.1

Population characteristics

This study consisted of 4813 participants, 37.8% of whom were classified as generally obese
and 55.8% were classified as having abdominal obesity (Table S1). The average age was
significantly higher in the obesity group and females were overrepresented. We also found
the distributions of race, educational levels, family income to poverty ratio, and smoking
status were significantly different between groups (Table S1).

3.2. Urinary chemical concentrations

Twenty-three out of 29 chemicals were detected in = 90% of study participants (Table

S2). The molar concentrations of chemicals derived from the same parent compound were
summed (Table S3), resulting in 15 exposure biomarkers for downstream analysis. The
concentrations of all 15 exposure biomarkers showed right-skewed distributions (Table S3).
Urinary concentrations of BP3, MPB, metabolites of DEP (MEP), and the metabolites

of naphthalene (XOH-Nap) were proportionally most abundant in phenols, parabens,
phthalates, and PAHS, respectively. The Pearson correlation of these chemicals showed
significant positive pairwise correlations (r ranging from 0.02 to 0.90) (Fig. S2). Chemicals
with similar structures exhibited higher correlations, particularly for metabolites of PAHs
and parabens.

Ecotoxicol Environ Saf. Author manuscript; available in PMC 2023 March 14.
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3.3. Core pattern identification and its association with obesity

With preoptimized parameters of the SDR model (Fig. S3 and S4) and a predetermined
number of core patterns, the core patterns were then discovered via the non-targeted SDR
model followed by consensus clustering, where no health outcome was involved in the
model construction. Specifically, 1600 individual patterns were obtained after bootstrapping
100 times in non-targeted SDR model with dictionary size and sparsity set to 16 and 4,
respectively. Then, 8 clusters corresponding to 8 different core patterns were identified
using consensus clustering based on all 1600 patterns. The composition and distribution of
each chemical in the 8 core-pattern-related clusters are shown in Fig. S5. Afterwards, the
expression level of each chemical in the core pattern is defined as the median expression
level of the chemical in the corresponding cluster. Last, the SDR model is fine-tuned with
fixed core patterns preobtained from previous steps. In addition, correlation analysis of the
expression of these eight patterns (Fig. S6) revealed low and moderate correlations between
patterns (0.01 <|r|<0.51, p <0.05).

The association of each pattern with body index-related outcomes was estimated by
adjusting for covariates, and five patterns were significantly associated with obesity and
body indexes. Core pattern 1 (high expression of ZOH-Nap), core pattern 4 (high expression
of MEP), and core pattern 7 (high expression of MCNP, MCOP, and MCPP) were positively
associated with obesity and body indexes (p <0.05). Core pattern 2 (high expression

of BP3) and core pattern 5 (high expression of MPB, PPB, and MEP) were negatively
associated with obesity and body indexes (p <0.05) (Table 1).

To further improve the association between core patterns and health outcomes, we
incorporate health outcomes (i.e., general obesity, BMI, abdominal obesity, and waist
circumference) in pattern discovery using the targeted SDR model. The majority of core
patterns in the non-targeted and targeted models were significantly correlated (Pearson
correlation > 0.9 and p value<0.05) (Fig. 2), which means that the exposure data itself
makes the greatest contribution to core pattern identification. Interestingly, we observed
differences between the two models in association with health outcomes (Fig. 2, Fig. S7,
Table S4, and Table S5). Most of the associations between core patterns and outcomes
were strengthened. For example, five core patterns were found to be associated with general
obesity in the non-targeted SDR model, while the associations of four of the core patterns
were strengthened (larger OR in positive association and smaller OR in negative association)
in targeted SDR model, and one additional association was found in the targeted SDR
model. The explanation of these findings is due to that the targeted model was forced to
identify core patterns more associated with outcomes.

3.4. Individual chemical importance score in core patterns

To identify the most influential chemicals in each core pattern, the percentage of the change
in the regression coefficient (Ap) and importance scores (/S) were analyzed. In general,

the chemicals with high relative abundance in pattern composition were those with a high
percentage of the change in regression coefficient and importance scores (Fig. S8-S11).
For example, the core pattern with high levels of MEP (Core pattern 4) was found to

be positively associated with obesity, and MEP was assigned a high importance score,
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indicating that MEP was the largest contributor to health outcomes in this exposure pattern
(Fig. S8-S11). However, another core pattern characterized by high levels of MPB, PPB,
and MEP (Core pattern 5) was negatively associated with obesity, and MPB and PPB,

but not MEP, was assigned a large importance score, indicating that MPB and PPB made
the largest contribution to the negative association while MEP made no or a neglectable
contribution (Fig. S8-S11). The importance score was also refined in the targeted SDR
model. The targeted SDR model of abdominal obesity didn’t identify the core pattern with
high levels ZOH-Nap (Core pattern 1). However, 2OH-Nap was assigned a relatively high
importance score (/5=0.261) in the core pattern characterized by high levels of MEP (Core
pattern 4) (Fig. S9).

Evaluation of SDR model by comparing to classic models

We also applied GLM, PCA, and BKMR to explore the association between the

fifteen chemicals and obesity-related outcomes. GLM is the most classic model used in
environmental epidemiology studies and mainly focuses on individual chemical effects.
Similar to the SDR model, PCA and BKMR enable the assessment of the association of
mixed exposure on health outcomes.

In multivariate logistic and linear regression analysis, the chemicals were grouped based on
tertiles, and BP3, MBP, PPB, and MCOP showed significant associations (after adjusting for
all the covariates) with obesity and body indexes in the highest group (Table S6-S7). Also,
MCNP revealed a positive association with body indexes.

Using PCA, we identified four important principal components that explained 71.6% of
the variance. We conducted logistic and linear regression to evaluate the association of
PCs and obesity and body indexes, respectively. We found that PC 4, mainly composed
of MPB, PPB, and BP3, was significantly associated with both obesity and body indexes;
PC 3, mainly composed of MCOP, MCPP, and MCNP, was significantly associated with
abdominal obesity and body indexes (Table 2).

According to the BKMR models, the joint effects of mixed chemical exposure on general
obesity, BMI, abdominal obesity, and waist circumference showed negative trends (Fig.
S12). The probabilities of inclusion (PIPs) derived from BKMR models are summarized
in Table S8. The PIP is a ranking measurement to see to what extent the data favors the
inclusion of a variable in the regression. PPB, BP3, MCOP, 1-OH-Pyr, and ZOH-Nap
contributed the most to the association of joint chemicals exposure with obesity. We

also estimated the exposure-response functions of each chemical with outcomes (Fig. 3).
We observed that *OH-Nap and MCOP had positive exposure-response associations with
outcomes when all the other chemicals were fixed at their median levels, while BP3, PPB,
and 1-OH-Pyr showed negative associations.

Table 3 summarizes the results obtained using the different models. Consistent with the
Pearson correlation results (Supplementary material Fig. S2), both PCA and SDR are
capable of capturing underlying patterns from the data. The SDR model not only provides
consistent and robust discoveries but also identifies associations that are beyond the scope of
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PCA (Table 3), which leads to improved predictive power toward health outcomes (i.e., AUC
and RSME, Fig. S13, p <0.001).

3.6. Sensitivity analysis with further adjusting for physical activity

After further adjusting for physical activity, the results of non-targeted and targeted SDR
models remained stable (Table S9 and S10). For the comparison between two pattern
identification models (SDR and PCA, results of PCA are shown in Table S11), SDR also
showed improved predictive power toward health outcomes (i.e., AUC and RSME, Fig. S14,
p <0.001).

4. Discussion

We identified eight representative core exposure patterns in the general U.S. population by
non-targeted SDR model. The exposure patterns of high expression of XOH-Nap, MEP,

and a high coexpression pattern of MCNP, MCOP, and MCPP were positively associated
with obesity, while the patterns of high expression of BP3 and coexpression of MPB, PPB,
and MEP were negatively associated with obesity and body indexes. In the targeted SDR
model, their associations were strengthened. We also explored three commonly used models,
including the generalized linear regression model, PCA, and BKMR. The associations of
BP3, MPB, PPB, MCOP, MCNP, and ZOH-Nap with obesity were consistent in both SDR
model and classic models, while the association of MEP with obesity was specifically
identified by SDR model only.

Humans are exposed to various kinds of environmental chemicals; however, the
identification of chemical exposure patterns and their association with human health

remains largely unexplored and requires urgent investigation in terms of both technology
development and deployment. Existing models used in multiagent studies mainly focus

on the discovery of the most relevant chemicals and their combinatorial effects on health
outcomes (Lazarevic et al., 2019; Stafoggia et al., 2017), ignoring potential contributions

of coexposure patterns in the general population. Principal component analysis (PCA) is

a classic model attempting to identify and estimate the effect of chemical patterns on
outcomes (Wold et al., 1987). By reducing the dimension of chemical exposure space

based on the first few principal components computed from chemical exposure data while
preserving the majority of the chemical data variation, PCA leads to the most variation-
preserving exposure patterns that are not necessarily interpretable or related to the outcomes.
In this study, we applied the SDR model for identifying multivariate core exposure patterns
by mining intrinsic patterns from raw data (hon-target model) and enabling the outcome
incorporation during pattern discovery (targeted model). As shown in Fig. S3 and S4, the
number of core patterns is largely independent of parameter settings, which is due to the
capability and robustness of SDR in discovering the underlying characteristics of the data.
Our study suggests that the general population of NHANES 2005-2012 was exposed to
eight core exposure patterns. In non-targeted and targeted SDR models, the core exposure
patterns have similar profiles, which indicates that the exposure data itself makes the greatest
contribution to core pattern identification. By penalizing the approximation error of outcome
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(L) with sparse feature matrix (Z), the core patterns identified in targeted model are refined
toward improved outcome association.

Different from dimension-reduction in PCA, SDR falls into the category of sparse
representation learning, which learns sets of overcomplete features to reconstruct the
original data (Mairal et al., 2008; Rubinstein et al., 2010). In detail, the SDR model first
increases the dimensionality of the chemical exposure space to improve the representation
power through sparse coding and to discover underlying exposure patterns, which
contributes to the sparse reconstruction of the original exposure space without linear
restrictions of relationships among chemical components. Next, consensus clustering on the
underlying exposure patterns, learned with bootstrapping strategy, leads to the discovery of
robust core patterns minimizing redundancy and the risk of missing core exposure patterns
due to the random nature of sampling. In PCA, the exposure status of all the participants
could be represented by the combination of the same patterns, and each pattern was a
combination of all the chemicals. In SDR, we assume the exposure status of the study
population is represented by sparse exposure patterns and each individual is a combination
of a limited number of patterns. Under this condition, the patterns identified in SDR

are more precise in representing the exposure status of each individual. Consistent with

the Pearson correlation results (Fig. S2), both PCA and SDR are capable of capturing
underlying patterns from the data. However, through extensive experimental evaluation,

the SDR model exceeds the performance of PCA in the identification of core exposure
patterns by improving specificity, especially among chemicals of highly correlated exposure
levels. PCA only provided limited combinations of chemicals (the number of PCs < the
number of chemicals) and tended to group chemicals from the same class together, which
potentially resulted in weakened/distorted associations. For example, in our study, the PAH
metabolites were grouped in PC1, which consequently weakened the previously reported
association of ZOH-Nap with obesity (Bushnik et al., 2019; Scinicariello and Buser, 2014b;
Zhang et al., 2019), but the significant contribution of ZOH-Nap to the positive association
between core pattern 1 and obesity was observed using the SDR model and BKMR.
Similarly, the association between MEP and obesity in PC2 was also weakened in PCA

but identified using the SDR model. The positive association of MEP with obesity has been
reported (Hatch et al., 2008; Stahlhut et al., 2007). As a result, compared with the patterns
derived from PCA, the core patterns learned from SDR demonstrated significantly improved
predictive power toward health outcomes (i.e., AUC and RSME, Fig. S11, p < 0.001).

The SDR model provides a mechanism to evaluate the importance of individual chemicals
in the association of core exposure patterns and outcomes. Chemicals with high importance
scores were considered the driver components in the associations between core patterns and
health. In general, the chemicals with a high importance score are those with high relative
abundance within each core pattern composition, but the importance score is much more
precise in evaluating their contributions. In our study, the core pattern highly expressed

of MBP, PPB, and MEP was found to be negatively associated with obesity, and MEP

was the third most highly expressed chemical in the core pattern. However, the importance
score of MEP is much smaller than MBP and PPB, which indicates MEP had no or a
neglectable contribution to the negative association. The BKMR model also performed well
in evaluating the importance of chemicals and their dose-response association with health.
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In this study, the positive contribution of ZOH-Nap and MCOP, as well as the negative
contribution of BP3 and PPB on obesity were identified in both SDR and BKMR models.

Different approaches are best suited to answer different questions, and they all have
limitations. Specifically, GLM ignores the fact that chemicals are exposed simultaneously
and the joint effect is not simply equal to the sum of all the effects (Kim, 2019).
Consequently, GLM could not evaluate the joint effect of chemical mixtures, and results
obtained with GLM suffer from distortion introduced by chemical collinearity (Marill,
2004). The PCA model is limited by linear function assumptions to identify linear subspace
feature extractors, which doesn’t necessarily represent the real exposure status (Chin and
Suter, 2007). BKMR estimates the whole effect of chemical mixtures on health outcomes
with each chemical increased by one unit, where the whole effect of chemical mixtures
with both high and low exposed chemicals could not be estimated (Bobb et al., 2015).

The major limitation of SDR originates from its design/focus on the combinatorial impact
evaluation of multiple chemical exposures; as a result, it leaves the detailed interaction
information among these chemicals from the mixed patterns unassessed. In addition, the
limitations of this study include (1) the chemicals explored in this study are limited, and

the concept of exposome could be deployed to better understand the origin of diseases and
extend the scope of exposures from environmental chemicals to all the nongenetic factors,
including synthetic chemicals, dietary factors, physiology status, physical activity, and the
corresponding biological responses (Haddad et al., 2019; Vermeulen et al., 2020; Wild,
2005, 2012); (2) we excluded chemicals with detection frequency less than 90% and simply
substituted the values under LOD, which could leave out important chemicals; (3) other
covariates, such as medicine usage and surgery, are important factors associated with obesity
but were not included as the covariates since they are not available in all the NHANES
2005-2012 cycles, which could be considered in future studies with improved cohort; (4) the
cross-sectional study design couldn’ t assess the causal relationship between chemicals and
exposure. To overcome these limitations, prospective cohort studies with extended exposure
are warranted to explore the non-genetic origin of obesity.

In summary, we identified five exposure patterns/signals associated with obesity including
the positive association of ZOH-Nap, MEP, and the combination of MCNP, MCOP, and
MCPP, as well as the negative association of BP3, and the combination of MPB, PPB,

and MEP. Our newly developed SDR model undoubtedly offers an improved capability and
novel solution, specifically in mixture chemical pattern discovery as well as the evaluation
of their combinatorial impact on health outcomes. With a comprehensive evaluation of other
models, we identified the contribution of ZOH-Nap, MCOP, BP3, MPB, and PPB to the
associations with obesity. Considering the limitation of the cross-sectional study design,
prospective cohort studies are required to explore the risk of obesity after chemical pattern
exposure. Nevertheless, we believe that SDR model could open a new avenue for assessing
health effects of environmental mixture contaminants.
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Fig. 1.

The main structure of the SDR model and its application in our study. A, Application

of the SDR model to NHANES study data to identify core exposure patterns associated
with obesity and other body index-related outcomes. Each participant had their exposure
status (chemical profile). The SDR model was employed to identify exposure patterns (the
chemical mixture signals), and limited exposure patterns were combined to reconstruct the
original exposure profile of each participant. After bootstrapping 100 times, we obtained
100 sets of exposure patterns. Consensus clustering was used to reduce the redundancy of
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exposure patterns to get the core patterns, and thereafter, the sparse combination of core
patterns was used to reconstruct the original exposure status. The association of core patterns
with outcomes was further evaluated. B, The mathematical formulation and optimization
scheme of the SDR model in non-targeted and targeted modes; A detailed description of
each item can be found in the Methods. C, The computational pipeline of the SDR model.
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Fig. 2.

Asgsociation of core exposure patterns with general obesity using the non-targeted (pink
color) and targeted (blue color) SDR models. The numbers in each panel represent the

odds ratio (OR) for general obesity. All regressions were adjusted for sex, race, educational
levels, age, family income—to-poverty ratio, smoking status, energy intake levels, and urinary
creatinine. OR are only indicated for significant associations (p <0.05).

Ecotoxicol Environ Saf. Author manuscript; available in PMC 2023 March 14.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Zhang et al.

A YOH Nap || TOH Flu YOH-Phe 1-OH-Pyr
14
BP3 BPA MPB PPB
1.
0 — et | | By S
s MCNP MCOP TDEHP TDBP
1.
0 ee—— /
MCPP MEP MBzP el
1.
04 S —— _/ e
20246 2024 20 2 4
C [ zou Nap TOH_Flu TOH-Phe 1-OH-Pyr
0.31
00{ o
-0.3
BP3 BPA MPB PPB
0.31
0.0 TN — ] SN \
-0.34
5 MCNP MCOP TDEHP TDBP
0.31
0.0] ot || |l RN R |
~0.34
MCPP MEP MBzP 20246
0.3-
0.0-
-0.3
20246 20246 20246
Fig. 3.

Page 20
B YOH_Nap YOH_Flu YOH-Phe 1-OH-Pyr
5.
0 - \/ /_- -—/ \
-5
BP3 BPA MPB PPB
54
I, | N
-5
= MCNP MCOP LDEHP LDBP
5.
0 em— /—
-5
MCPP MEP MBzP 20240
5.
0] ——— —
-5
20246 20246 20246
z
D [ =ou ~Nap YOH Flu YOH-Phe 1-OH-Pyr
5.
04 \
—54
_10.
BP3 BPA MPB PPB
54
01 —\ — T \_
—54
_10.
S MCNP MCOP TDEHP TDBP
5.
0 /
_5.
_10.
MCPP MEP MBzP 202456
54
0.
-5
_10.
20246 202316 202146

Univariate exposure-response function (95% CI) between selected chemical concentrations
and obesity-related outcomes (A: general obesity, B: BMI, C: abdominal obesity, D: waist
circumference) while fixing the concentrations of other chemicals at median values (N =
4813), NHANES 2005-2012. Models were adjusted for sex, race, educational levels, age,
family income-to-poverty ratio, smoking status, energy intake levels, and urinary creatinine.
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Table 3

Comparison of SDR with classic methods in the assessment of the association between chemical mixture
exposure and obesity.

Methods Chemicals/Chemical mixtures associated with obesity and body indexes

SDR TOH-Nap?, MEP*, (MCNP, MCOP, and MCPP)?, BP3!, (MPB, PPB, and
MEP) |

GLM BP3!, MPB/, PPB{, and MCOPf

PCA (MCNP, MCOP, and MCPP)*, (BP3, MPB, PPB)!

BKMR TOH-Nap®, MCOP1, 1-OH-Pyr{, BP3!, PPB{

Note: Tindicates the positive association with outcomes and ¢ indicates the negative associations.
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