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ARTICLE INFO ABSTRACT

Handling Editor: Olga Kalantzi Environmental toxicants (ETs) are associated with adverse health outcomes. Here we hypothesized that expo-
sures to ETs are linked with obesity and insulin resistance partly through a dysbiotic gut microbiota and changes

Keywords: in the serum levels of secondary bile acids (BAs). Serum BAs, per- and polyfluoroalkyl substances (PFAS) and

PFAS

additional twenty-seven ETs were measured by mass spectrometry in 264 Danes (121 men and 143 women, aged
56.6 + 7.3 years, BMI 29.7 + 6.0 kg/m?) using a combination of targeted and suspect screening approaches.
Bacterial species were identified based on whole-genome shotgun sequencing (WGS) of DNA extracted from stool
samples. Personalized genome-scale metabolic models (GEMs) of gut microbial communities were developed to
elucidate regulation of BA pathways. Subsequently, we compared findings from the human study with metabolic
implications of exposure to perfluorooctanoic acid (PFOA) in PPARa-humanized mice. Serum levels of twelve ETs
were associated with obesity and insulin resistance. High chemical exposure was associated with increased
abundance of several bacterial species (spp.) of genus (Anaerotruncus, Alistipes, Bacteroides, Bifidobacterium,
Clostridium, Dorea, Eubacterium, Escherichia, Prevotella, Ruminococcus, Roseburia, Subdoligranulum, and Veillonella),
particularly in men. Conversely, females in the higher exposure group, showed a decrease abundance of

Gut microbiome
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Prevotella copri. High concentrations of ETs were correlated with increased levels of secondary BAs including
lithocholic acid (LCA), and decreased levels of ursodeoxycholic acid (UDCA). In silico causal inference analyses
suggested that microbiome-derived secondary BAs may act as mediators between ETs and obesity or insulin
resistance. Furthermore, these findings were substantiated by the outcome of the murine exposure study. Our
combined epidemiological and mechanistic studies suggest that multiple ETs may play a role in the etiology of
obesity and insulin resistance. These effects may arise from disruptions in the microbial biosynthesis of secondary

BAs.

1. Introduction

Human epidemiological studies show that large number of envi-
ronmental toxicants (ETs) such as bisphenols, phthalates, pesticides,
persistent organic pollutants (POPs), heavy metals and per- and poly-
fluoroalkyl substances (PFAS) are detected in humans and they have
endocrine-disrupting effects, including adverse metabolic impacts
(Oresic et al., 2020). Indeed, ETs are associated with a variety of adverse
health outcomes including reproductive and developmental defects,
immune and metabolic dysfunction, as well as cardiometabolic disease,
as shown in both human studies as well as using in vivo and in vitro
toxicological models (Ammitzbgll et al., 2019; Armstrong and Guo,
2019; Cardenas et al., 2017; Christensen et al., 2019; Geng et al., 2019;
Hyotylainen et al., 2024; Louisse et al., 2023; McGlinchey et al., 2019;
Oresic et al., 2020; Qi et al., 2020; Sinioja et al., 2022). In addition to
direct effects of ET exposure, several ETs have shown to have an impact
on gut microbiota (Jin et al., 2017). One of the major routes of exposures
is via contaminated food and water, making the gastrointestinal track
the first contact point of exposure. ETs can modify the gut microbiota,
and consequently, impact the microbiota produced metabolites and host
metabolism.

One ET group of particular interest are PFAS, a group of synthetically
produced chemicals that are classified as endocrine-disrupting chem-
icals. They are widely used in products such as nonstick cookware,
water-repellent clothing, stain resistant fabrics and carpets, some cos-
metics, some firefighting foams, and products that resist grease, water
and oil. Due to their widespread use, these compounds can be detected
in nearly entire human population, PFAS being one of the most abun-
dant ETs detected in humans. The general population is exposed to PFAS
mainly through diet and drinking water, and these persistent com-
pounds gradually accumulate in the liver (half-life of 2-5 years) (Behr
et al., 2020b). PFAS exposure has been associated with a variety of
health effects (Fenton et al., 2021). Particularly, PFAS have been sug-
gested to contribute to the pathogenesis of metabolic dysfunction-
associated steatotic liver disease (MASLD) in a sex-dependent manner
(Deierlein et al., 2017; Rantakokko et al., 2015; Sen et al., 2022). PFAS
are known to be enriched in the liver (Nielsen et al., 2024), where they
can also interfere with the glucose and lipid metabolism (Deierlein et al.,
2017). Structurally, PFAS have high similarity to fatty acids (FAs) and
they have been shown to disrupt hepatic lipid metabolism by interacting
with multiple nuclear receptors, including peroxisome proliferator-
activated receptors (PPARs) (Behr et al., 2020a; Hyotylainen et al.,
2024). They also interfere with the biosynthesis of the bile acids (BAs),
their enterohepatic circulation, and gut microbial modification of BAs
(Hyotylainen et al., 2024; Salihovic et al., 2019; Sen et al., 2021; Zhao
et al., 2015).

BAs have major roles not only in digestion and absorption of fats and
fat-soluble vitamins in the small intestine, but also in regulation of lipid
and glucose metabolism (Yu et al., 2023). BAs are synthesized in the
liver from cholesterol to produce cholic acid (CA) and chenodeoxycholic
acid (CDCA). BAs are conjugated with (mainly) glycine or taurine and
released into the bile. When released to gastrointestinal tract, primary
BAs undergo biotransformation (deconjugation of the glycine or taurine,
dehydroxylation, dehydrogenation, and epimerization) by the intestinal
microbes to form secondary BAs (Guzior and Quinn, 2021; Lamichhane
et al., 2022; Petersen et al., 2021; Wahlstrom et al., 2016). PFAS can

interfere with the biosynthesis of BAs by suppressing the expression of 7-
alpha-hydroxylase (CYP7A1) which catalyzes the first and rate-limiting
step in the formation of BAs from cholesterol (Beggs et al., 2016; Behr
et al., 2020b). In turn, decreased CYP7A1l might increase re-uptake of
BAs by triggering negative feedback loops via the farnesoid X receptor
(FXR), subsequently decreasing the de novo synthesis of primary BAs
from cholesterol (Pandak and Kakiyama, 2019). Recently, European
Food Safety Authority (EFSA) published a scientific opinion suggesting
that the total serum cholesterol levels are positively associated with the
levels of two major PFAS, perfluorooctane sulfonate (PFOS) and per-
fluorooctanoic acid (PFOA) (Andersen et al., 2021). PFOS and PFOA
might share common membrane transporters and enterohepatic circu-
latory pathways with BAs (Behr et al., 2020b; Hyotylainen et al., 2024;
Salihovic et al., 2020).

The impacts of chemical exposure on gut microbiome and BA path-
ways in humans are still sparsely explored (Chiu et al., 2020; Claus et al.,
2016). The host-microbiota metabolic homeostasis can be modified by
exposure to ETs, as shown in the murine studies (Lai et al., 2018; Zhang
et al., 2020). For example, exposure to dioxins has shown to disrupt the
gut microbiome and induced liver toxicity in mice by increasing total
BAs and short-chain fatty acids (SCFAs), whilst decreasing FXR signaling
in liver (Wang et al., 2019; Zhang et al., 2017).

Here we hypothesized that exposure to ETs is associated with altered
BA metabolism, gut microbiome dysbiosis, insulin resistance and
obesity. We investigated the impact of exposure to ETs, with specific
focus on PFAS and other organofluorines, in the MetaHIT (Meta-
genomics of the Human Intestinal Tract) cohort. The MetaHIT cohort
studies have shown that dysbiosis of the gut microbiome is associated
with obesity and insulin resistance (Le Chatelier et al., 2013; Pedersen
et al., 2016; Petersen et al., 2021) and that serum levels of specific C-6-
hydroxylated bile acids are associated inversely with measures of
adiposity (Petersen et al., 2021). These C-6-hydroxylated BAs were
linked with the gut microbial community composed of Clostridia species
(spp.) (Petersen et al., 2021).

We analyzed ETs using both target and suspect screening methods
and BAs in fasting serum samples from 264 Danish adults from the
MetaHIT cohort and integrated these data with gut microbiota data
derived from whole-genome shotgun (WGS) sequencing of DNA
extracted from purified stool samples. The main emphasis was on PFAS
and other organofluorine compounds due to their high detection fre-
quency and their suspected effects both in human gut microbiota and
host metabolism.

2. Materials and methods
2.1. Study subjects

ETs and BAs were measured in fasting serum samples obtained from
264 nondiabetic Danes, 143 women and 121 men. The study partici-
pants were recruited from the Danish Inter99 study (Le Chatelier et al.,
2013; Pedersen et al., 2016; Petersen et al., 2021) (Table 1). None of the
volunteers have undergone bariatric surgery or had taken antibiotics
two months prior to their inclusion in the study. The median age of the
study population was 56.6 + 7.3 years, mean Body Mass Index (BMI)
was 29.7 + 6.0 kg/m?, and mean HOMA-IR was 2.0 + 1.4. Thirty-four
study participants were taking statins at the time of study. Obesity in
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Table 1
Demographic and clinical characteristics of the study subjects. Blood for ana-
lyses of biochemical values were taken in the morning in the fasting state. Values
are presented as (mean + standard deviation, SD). ‘n’ denotes number of
subjects.

Clinical features Subjects (n) Values (mean =+ SD)

Age (years) 264 56.6 + 7.25
Sex
males 121
females 143
BMI (kg/m?) 29.68 + 5.98
High (>29.7 kg/m?) 168 33.57 £ 3.58
Low 96 22.86 £ 1.71
HOMA-IR 2.0 +1.42
High (>2.5) 78 3.70 + 1.39
Low 184 1.27 £ 0.57
Waist circumference (cm) 100.02 + 16.29
HDL (plasma, mmol/L) 1.54 £ 0.53
LDL (plasma, mmol/L) 3.35 + 0.84
Obesity
Obese 155
Non-Obese 109
Current smoker
Yes 39
No 225
Previous smoker
Yes 117
No 147
Medication (statins and/or biguanides)
Yes 36
No 228

this study was defined as BMI > 27 kg/m?% Details of clinical and
biochemical phenotyping have been previously reported (Le Chatelier
et al., 2013; Pedersen et al., 2016; Petersen et al., 2021).

2.2. Ethics statement — Clinical study

The MetaHIT study was approved by the local Ethical Committees of
the Capital Region of Denmark (HC-2008-017) and was in accordance
with the principals of the Declaration of Helsinki. All individuals gave
written informed consent before participation in the study.

2.3. Ethics statement — Murine study

All animal studies were approved by the Institutional Animal Care
and Use Committee at Boston University and performed in an American
Association for the Accreditation of Laboratory Animal Care accredited
facility (Animal Welfare Assurance Number: A3316-01).

2.4. Murine exposure study

The exposure study protocol using a humanized PPARa (hPPAR«)
mouse model was reported previously (Schlezinger et al., 2021; Schle-
zinger et al.,, 2020). A summary is provided in the Supplementary
Information.

2.5. Analysis of environmental toxicants and bile acids in serum

Serum levels of ETs and BAs were assessed by ultra-performance
liquid chromatography coupled to a quadrupole time-of flight mass
spectrometry (UHPLC-QTOFMS), using a sample preparation procedure
as previously described (Sen et al., 2022). The determination of ETs
included target analysis of specific compounds and suspect screening
approach based on Norman network database (https://www.norman
-network.com/nds/SLE/). Method details are provided in the Supple-
mentary Information.
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2.6. Gut microbiome profiling

Anonymized raw metagenomic sequencing data of 264 subjects
participated in this study was retrieved from European Nucleotide
Achieve (ENA) (https://www.ebi.ac.uk/ena/browser/view/
PRJEB4336)(Le Chatelier et al., 2013; Pedersen et al., 2016; Petersen
et al., 2021). Host genome-contaminated reads and low-quality reads
were removed from the sequencing data using KneadData v0.4. Taxo-
nomic profiles were determined using MetaPhlAn2 (Segata et al., 2012;
Truong et al., 2015) using default parameters. A detailed protocol for
stool sampling, DNA purification, library preparation, WGS, and quality
control of sequencing reads have been previously reported (Le Chatelier
et al., 2013; Pedersen et al., 2016; Petersen et al., 2021). The raw data
were processed, and taxonomic profiling and compositional analysis
were performed.

2.6.1. Characterization of gut bacterial genetics

Prior to classification of bacterial structural variations (SVs) into
deletion SVs (dSVs) and variable SVs (vSVs), a bioinformatics pipeline
using an iterative coverage-based read assignment (ICRA) was carried
out to accurately reassign ambiguous reads to the most likely reference
bacterial genomes (Wang et al., 2021; Zeevi et al., 2019). The reference
bacterial genomes provided in the proGenomes database (http
://progenomesl.embl.de/) were then concatenated and segmented
into 1-kbp bins, which was used for detection of highly variable seg-
ments. SGV-Finder pipeline was implemented to profile genomic bins
that were either present in < 25 % of the studied individuals (called
vSVs), or present in 25-75 % of the studied subjects, in which the
absence or presence were kept (called dSVs) (Zeevi et al., 2019).
Genomic bins presenting in > 75 % of the cohort were not considered in
the analysis.

2.7. Statistical analysis

R statistical programming language (v.3.6.0) (R Development Core
Team, 2018) was used for data analysis. The ‘Heatmap.2, ‘boxplot’,
"beanplot’, ‘gplot’, and ‘ggplot2’ libraries / packages were used for data
visualization. Prior to analyses, ETs, BAs, and relative taxonomic
abundances of the microbes were log, transformed with a plus one
pseudocount.

2.7.1. Univariate analysis

Mann-Whitney U test was used to assess differences in the concen-
tration of the ETs. The p-values were adjusted for multiple testing at
False Discovery Rate, FDR (p < 0.05). The effect-size using mean dif-
ferences was determined by Cohen’s d using ‘effsize’ (v0.8.1) package in
R.

2.7.2. Bivariate correlation analysis

Likewise, ‘RcmdrMisc’ package was used to estimate Spearman’s
correlation between the total ETs. The p-values were adjusted for mul-
tiple testing at (FDR, p < 0.05). Results were plotted using heatmap.2
function of ‘gplots’ package (v.3.0.4).

2.7.3. Factor analysis

ETs, BAs and microbial abundance datasets were centered to zero
mean and unit variance (autoscaled). The relative contribution of a
clinical/demographic factor towards the total variance in these datasets
were estimated by fitting a linear regression model, where the ETs or
BAs or microbial abundance were regressed to a clinical/demographic
factor of interest, and median marginal coefficient of determination :8)
were estimated. Factor analysis was performed using the ‘Scater’ pack-
age deployed in R. The results were further confirmed by Permutational
Multivariate Analysis of Variance (PREMANOVA) (t = 999) using Bray-
Curtis dissimilarity index.
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2.7.4. Model-based clustering

Thirty-five ETs were classified into three distinct environmental
toxicant clusters (ETCs) using the ‘mclust’ R package (v.5.4.6). Mclust is a
model-based ‘unsupervised’ clustering method which explore and
analyze complex data sets by grouping similar observations into clusters
based on their statistical properties. The clustering process in Mclust
involves fitting various Gaussian mixture models to the data, and sub-
sequently choosing the model that most accurately matches the data.
The method uses a maximum likelihood approach to estimate the model
parameters, including the number of clusters, the mean and covariance
matrix of each cluster, and the mixing proportions that determine the
probability of each observation belonging to each cluster. It can auto-
matically determine the optimal number of clusters in the data. Herein,
the model performances were evaluated by the Bayesian Information
Criterion (BIC). The models with the highest BICs were chosen. Mean
cluster profile of each ETC was divided into quartiles (Q1-Q4); where
Q1, Q2-3, Q4 denote low, intermediate, and high chemical exposure
levels, respectively.

2.7.5. Gradient-boosted decision trees (GBDT) and feature attribution
analysis (SHAP)

To understand the association of the ETs with the BMI, HOMA-IR and
obesity, we developed Gradient-boosted decision trees (GBDT) models.
These models were adjusted for the confounding effects of sex and age at
visit of the subjects, as determined by the factor analysis. A detail on
GBDT and SHAP analysis are described in the Supplementary
Information.

2.7.6. Linear discriminant analysis

Linear discriminant analysis Effect Size (LEfSe) (Segata et al., 2011)
was performed to determine whether the features (BAs and microbes)
were differentially regulated between two classes/groups (obese vs. non-
obese, and high vs. low HOMA-IR in both males and females). Linear
discriminant analysis (LDA) scores or effect size of a feature that passed
the statistical significance (Mann-Whitney U test, p-values adjusted for
FDR < 0.05) was selected.

2.7.7. Estimation of alpha- and beta-diversity of the gut microbiome

Alpha-diversity (Shannon-Weiner index), richness and evenness
(pielou) of the gut microbiome in the exposure groups (high Q1-Q4 low)
within the ETCs were estimated by using ‘vegan’ package in R. A
decrease in the alpha-diversity was determined by (Kruskal-Wallis one-
way analysis of variance, p adjusted for FDR < 0.05). Beta-diversity the
gut microbiome among the exposure groups (Q1 and Q4) in the ETCs
were estimated by principal coordinate analysis (PCoA) using Bray-
Curtis dissimilarity index.

2.7.8. Deconfounding and mediation analysis

Deconfounding analysis was performed using ‘metadeconfoundR’ R
package (v0.2.8) (Fromentin et al., 2022). Mediation analysis was per-
formed using ‘mediation’ R package (v4.5.0) in R. Details of the analyses
are described in the Supplementary Information.

2.8. Genome-scale community modeling of gut microbiota

We used genome-scale metabolic modeling (GSMM) applying As-
sembly of Gut Organisms through Reconstruction and Analysis
(AGORA) (Heinken et al., 2023; Magnusdottir et al., 2017) to model BA
biotransformation exhibited by the gut microbiome when exposed to
ETs. Recently, GSMM has been applied to elucidate the role of gut
microbiota in BA biotransformation in humans (Heinken et al., 2019).
To reduce the complexity of GSMM (community modeling), we included
genome-scale metabolic models (GEMs) of thirty-one out of sixty-seven
abundant gut microbial species, including several strains detected in the
metagenomic dataset that were linked with at least one ETC and had BA
biosynthetic pathways. All the microbial-GEMs were retrieved from the
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‘AGORA_BA’ compendium (v1.03) (Heinken et al., 2019; Magnusdottir
et al., 2017) — Virtual Metabolic Human Database (VMH) (Noronha
et al., 2019), and assessed for further analysis. Details of GSMM and the
development of personalized community models are given in Supple-
mentary Information.

3. Results

3.1. Serum concentrations of ETs associate with obesity and insulin
resistance

ETs were measured in fasting serum samples in 264 individuals who
participated in the MetaHIT study (Pedersen et al., 2016; Petersen et al.,
2021) (Table 1). A total of thirty-five unique chemical compounds
including eight PFAS (target analyses) and twenty-seven additional ETs
(based on suspect screening fluorine containing organic substances)
were determined (Fig. S1, Table S1). Serum concentration of total PFAS
were 15 % higher (Cohen’s d = 0.42 at 95 % confidence interval [CI:
0.17—0.60]; Mann-Whitney U test at p = 0.0004) in males as
compared to females (Fig. 1A, Table S2). Factor analysis showed that
various clinical and demographic factors were associated with ETs.
Specifically, chemical exposure (ETs) was positively associated with age
and sex of the subjects (percentage of explained variance, EV > 1 %)
(Fig. 1B), whilst the use of medication had a minor or no effect on the
ETs. In addition, results of deconfounding analysis showed that associ-
ation between ETs and outcomes were confounded by age of the in-
dividuals, and age was positively correlated with several ETs (Fig. S2).

In order to study the associations between ETs and metabolic mea-
sures such as body mass index (BMI), homeostatic model assessment for
insulin resistance (HOMA-IR), and obesity (dichotomized at mean BMI
=29.7 kg/mz), we developed gradient-boosted decision tree (GBDT)(Ke
et al., 2017) models adjusted for the confounding effects of age and sex
(Materials and methods). SHapley Additive exPlanations (SHAP)
(Lundberg et al., 2018) values derived from these models suggested that
serum concentration of several ETs (dPAs n = 0, PFHxS, dPFLSA n = 5,
PFAAb n = 7, BPA sulphate, PFDA, dPFAMs, n = 2 FTOHs n = 2,
PFOS_branched, etc.) were positively associated with BMI (Fig. 1C). In
addition, some of these ETs were positively associated with HOMA-IR
and obesity (Fig. 1D, Fig. S3). Serum concentrations of dPAs n =
0 and FTOHs n = 2 were higher (log of linear discriminant analysis, LDA
score > +2.5) in obese females with high HOMA-IR (>2.5) as compared
to non-obese females (Fig. 1E). Collectively, serum concentration of
twelve ETs were associated with BMI, HOMA-IR and obesity (Fig. 1F,
Fig. S4).

3.2. Fasting serum concentrations of clusters of ETs associate directly with
fasting serum levels of secondary BAs

Serum concentrations of ETs exhibited strong correlations among
themselves (Fig. S1). A finite Gaussian mixture modeling, an ‘unsuper-
vised’ learning method that does not rely on any predefined categories
to group the observations, was used to classify ETs. Thirty-five ETs were
divided into three distinct environmental toxicant clusters (ETC1-3).

ETC1 mainly comprised of PFAS, whilst ETC2 and ETC3 mainly
included sulphonated and fluorinated compounds, respectively
(Fig. S5). Mean cluster profiles of ETC were regressed on serum BA
concentrations adjusted for the confounding effects of age and sex, and
SHAP values were estimated. ETC1 and 3 showed strong positive asso-
ciation with lithocholic acid (LCA) (Fig. 2A, 2C), and to a lesser extent
with hyocholic acid (HCA). All three ETCs positively associated with 6-
and 7-ketolithocholic acids (Fig. 2A-C). ETC2 and 3 were positively
associated with glycochenodeoxycholate-3-sulfate (Glyco-CDCA-3-O
sulphate/GCDCA-S), and ETC3 with tauro-a-muricholic acid (TaMCA).
In contrast, ETC1-3 showed strong inverse associations with ursodeox-
ycholic acid (UDCA), CDCA, deoxycholic acid (DCA) and/or their con-
jugates (Fig. 2A-C). These results suggest that high chemical exposure
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Fig. 1. Environmental toxicants that are associated with obesity and insulin resistance. (A) A boxplot showing log, intensities of total PFAS in females (n =
143) and males (n = 121) (Mann-Whitney U test, p < 0.05 adjusted for FDR). Subjects are denoted by dots. (B) A density plot showing sample-wide distribution of
(percentage of explained variances, EV) of various clinical and demographic factors associated with serum concentrations of environmental toxicants (ETs). (C, D)
The directional mean |SHAP| values of ETs associated with BMI and HOMA-IR, estimated by the gradient-boosted decision tree (GBDT)-regression models adjusted
for the confounding effects of age and sex of the subjects. The model performances are given as a mean R-squared (coefficient of determination). ‘+-ve’ and ‘-ve’ SHAP
values are illustrated by light red and blue colors respectively. (E) Heatmap showing the differences in the intensities of ETs, represented by log (LDA scores / effect
size) in the obese (Obs) vs. non-obese (nObs) (dichotomized at 27 kg/mz), and high vs. low (HOMA-IR, dichotomized at 2.5) females and males. ‘+ve’ and ‘-ve’ LDA
scores are denoted by red and blue colors respectively. LDA scores that pass the statistical significance (Wilcoxon signed-rank test, p < 0.05) are shown. (F) Venn
diagram showing ETs that are directly associated with the obesity, HOMA-IR and BMI. (For interpretation of the references to colour in this figure legend, the reader

is referred to the web version of this article.)

might elevate serum levels of LCAs, 7-ketolithocholic acid (an inter-
mediate in the conversion of CDCA to UDCA) and HCA, whilst lowering
the levels of UDCA and CDCA (Fig. 2A-C).

The serum level of LCA was significantly higher (with a log LDA >
+2.5) in obese males with high HOMA-IR compared to their non-obese
male counterparts while no such differences were observed in females
(Fig. 2D). In addition, all males had higher levels of LCA, HCA, and GCA
in their serum than females (with statistical significance based on Mann-
Whitney U test, p-values adjusted for FDR < 0.05), Fig. 2E). Interest-
ingly, the obese females with or without high HOMA-IR had elevated
levels of UDCA, GUDCA and DCA, whilst reduced serum levels of 7-keto-
lithocholic acid (Fig. 2D).

3.3. Dysbiosis of gut microbiota associates with exposure to ETs

As expected, compositional analysis of gut microbiota showed that
Bacteroidetes and Firmicutes were the two most dominant microbial
phyla (Fig. 3A-C, Fig. S7). High chemical exposure (Q4, n = 66) to ETC3
compounds showed a disproportionately higher abundance of Firmi-
cutes over Bacteroidetes phyla (Fig. 3C).

In addition, markedly lower values (Kruskal-Wallis test, p < 0.05) of
alpha-diversity (Shannon-Weiner Index), richness and evenness (pielou)
of gut microbiota were observed in the high Q4 ET exposure group
(Fig. 3D-E). Beta-diversity (Bray-Curtis dissimilarity index) of high vs.
low exposure ET groups did not show a distinct separation. However, the

results of principal coordinate analysis (PCoA) showed that within the
ETC3 cluster, there was an observed differentiation between the
microbiomes of at least twenty individuals in the high exposure group
(Q4) as compared to the low exposure group (Q1), as illustrated in
(Fig. 3F) (highlighted with green dots). No such changes were observed
in the ETC1 or ETC2 clusters.

3.4. Gut bacteria associate with ETs in a sexually dimorphic manner

Our study demonstrates that exposure to ETs can disrupt the balance
of gut microbiota, potentially leading to increased risk of obesity and
insulin resistance (Fig. 3). To investigate the non-linear relationship
between ETs and gut bacteria, we developed GBDT models separately
for males and females, and estimated the directional SHAP values
(Materials and methods). Interestingly, certain bacterial species
showed sex-specific associations (non-zero SHAP values) with ETs.

In females, abundance of Alistipes onderdonkii, Alistipes shahii,
Ruminococcaceae bacterium D16, Ruminococcus albus, Ruminococcus fla-
vefaciens, Bacteroides thetaiotaomicron, Bacteroides dorei, Bacteroides
ovatus, Veillonella spp., Lachnospiraceae bacterium 5_1_63FAA, and Bar-
nesiella intestinihominis were positively associated with ETC1 (mainly
PFAS), while in males, abundance of Bacteroides dorei, Bacteroides vul-
gatus, Bacteroides ovatus, Bacteroides faeces, Bacteroides xylanisolvens,
Veillonella parvula, Ruminococcus lactaris, Escherichia spp., Eubacterium
eligens, Eubacterium ramulus, Coprococcus comes, Bifidobacterium
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Fig. 2. Environmental toxicant clusters that are linked to serum bile acids. (A-C) The directional mean |[SHAP| values of bile acids (BAs) associated with
environmental toxicant clusters ETC (1,2,3) respectively, estimated by GBDT-regression models adjusted for the confounding effects of sex and smoking habits of the
subjects. The model performances are given as a mean R-squared. ‘+ve’ and ‘-ve’ SHAP values are illustrated by red and blue colors respectively. (D) Heatmap
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this figure legend, the reader is referred to the web version of this article.)

adolescentis, Bifidobacterium longum, Desulfovibrio desulfuricans, Escher-
ichia spp., Lachnospiraceae bacterium_ {31} 46FAA, and Alistipes senegal-
ensis was positively associated with ETC1 (Fig. 4).

Furthermore, we found that specific gut bacterial species were
positively associated with ETC2 and 3. For instance, abundance of Eu-
bacterium hallii, Bifidobacterium longum, Desulfovibrio desulfuricans,
Oxalobacter formigenes, Veillonella atypica, Ruminococcus torques, Strep-
tococcus parasanguinis, Parabacteroides distasonis, Lachnospiraceae bac-
terium 7 1_58FAA, Holdemania filiformis and Bacteroidales bacterium ph8
was positively associated with ETC2 in females. Abundance of Anaero-
truncus spp., Ruminococcus obeum, Peptostreptococcaceae spp., Odor-
ibacter splanchnicus, Pseudoflavonifractor capillosus, Alistipes onderdonkii,
Eubacterium rectale, Clostridium leptum, Prevotella copri, Subdoligranulum
variabile, Bilophila spp., Olsenella spp., Bacteroides faecis, Bacteroides
cellulosilyticus, Dorea formicigenerans, and Roseburia inulinivorans was
positively associated with ETC2 in males (Fig. 4).

Some bacteria such as Erysipelotrichaceae bacterium 21_3, Rumino-
coccaceae bacterium D16, Eubacterium siraeum, Subdoligranulum spp.,
Ruminococcus torques, Parabacteroides distasonis and Barnesiella intestini-
hominis was positively associated with ETC3 in females, whilst Anaero-
truncus spp., Dorea longicatena, Ruminococcus obeum, Bacteroides dorei,
Bacteroides stercoris, Bacteroides caccae, Bacteroides ovatus, Eubacterium

ventriosu and Coprobacter fastidiosus was positively associated with ETC3
in males (Fig. 4).

In addition, abundance of Ruminococcus obeum, Clostridium leptum,
Prevotella copri, Bacteroides fragilis, Eubacterium hallii (ETC2), Dorea
formicigenerans, Streptococcus salivarius, Bacteroides ovatus, and Cop-
robacter fastidiosus showed inverse associations with ETCs in females.
Conversely, Ruminococcus sp_5_1_39BFAA, Coprococcus catus, Dorea for-
micigenerans, Bacteroides cellulosilyticus, Lachnospiraceae bacter-
ium_1_1_57FAA, Haemophilus parainfluenzae, Faecalibacterium prausnitzii,
Parasutterella excrementihominis, Clostridium bolteae, Parabacteroides
merdae, Roseburia hominis, Streptococcus salivarius, Alistipes senegalensis,
Barnesiella intestinihominis, Oscillibacter spp. Bacteroidales bacterium ph8
and Roseburia inulinivorans showed inverse associations with ETCs in
males (Fig. 4).

Notably, several structural variants (SVs) of Coprococcus strains
were inversely associated with perfluorodecanoic acid (PFDA). SVs of
Dorea formicigenerans were positively associated with dPFAM whereas
SVs of Eubacterium siraeum were inversely associated with dPFAM. In
addition, SVs of Roseburia intestinalis and Ruminococcus spp. were
inversely associated with dPFAmCACEs (Fig. S8).
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Fig. 3. Differences in the composition and diversity of gut microbiome across various exposure groups. (A-C) shows percentage of relative abundances of
microbial phyla in the high (quartiles, Q4), intermediate (Q2-Q3) and low (Q1) exposure groups stratified for ETC (1,2,3) respectively. (D-E) Boxplots showing alpha-
diversity (Shannon-Weiner index), and evenness of the gut microbiome along the exposure groups in ETC3. Dot depicts a-diversity estimated for a sample/subject. A
change in the a-diversity was determined by Kruskal-Wallis one-way analysis of variance. (F) A score plot showing beta-diversity (principal coordinate analysis,
PCoA using Bray-Curtis dissimilarity) of the gut microbiome in the high vs. low exposure groups in ETC3. Dot depicts a sample/subject.

3.5. Microbiome-derived secondary bile acids serve as intermediaries
between exposures to PFAS and metabolic measures

To investigate the potential causal relationships between ETs (spe-
cifically PFAS), gut microbiome-synthesized secondary BAs, and meta-
bolic measures such as obesity, BMI, or HOMA-IR, we performed
mediation analysis (Materials and methods). We observed that asso-
ciation between PFAS and the metabolic measures was mediated (p <
0.05) by secondary BAs. Thereby, secondary BAs likely acted as in-
termediaries linking PFAS and metabolic measures, with PFDA, PFOA,
PFHxS, and PFOS being the prominent contributors (Fig. S9).

Additionally, our findings indicate that UDCA might function as a
mediator between PFOS and metabolic measures in both males and fe-
males. Conversely, in males, LCA appears to mediate the relationship
between PFOA or PFOS and metabolic measures, while in females,
UDCA showed a mediation effect between Br-PFOS and metabolic
measures (Fig. S9).

3.6. Microbiome-derived synthesis of BAs may be altered by ETs

To estimate a potential regulation of ETs on microbiome-derived BA
synthesis, we developed personalized microbiota models for all 264
study participants. Our current understanding suggests that certain gut
bacteria can metabolize BAs, as indicated by (Heinken et al., 2019).
Therefore, to develop a microbiota community model, we included
genome-scale metabolic models (GEMs) of thirty-one abundant bacterial
species (forty-four strains) which have predicted BA metabolizing
genes/enzymes and pathway(s) (Heinken et al., 2019; Magnusdottir
et al., 2017; Noronha et al., 2019). These bacteria were associated with
at least one ETC (Fig. 4). The abundance of metagenomic species was
used to contextualize the microbiota community model for each

individual (Fig. 4, Fig. 5A, Fig. S10).

The microbiota model and the metagenomic abundances of the gut
bacteria enabled us to estimate the mean relative abundances of BA
reactions. As expected, bile salt hydrolases (BSH) reactions showed
higher relative abundances (%) as compared to the other reaction classes
(Fig. 5B). The relative abundance of BA reactions was altered by high
chemical exposure. Interestingly, these concomitant changes were
evident in the reactions facilitated by 3-, 7-, 12-, alpha/beta hydrox-
ysteroid dehydrogenases (Fig. 5B-E). Overall, the relative abundance of
alpha/beta hydroxysteroid dehydrogenases was higher (Mann-Whitney U
test, p-values adjusted for FDR < 0.05) in the high chemical exposure
groups (Fig. 5B-F). However, the relative abundance of 7-alpha/beta
hydroxysteroid dehydrogenase was markedly lower in the high (vs. low)
chemical exposure groups associated with ETC2 and 3 (Fig. 5D). 7-
alpha/beta hydroxysteroid dehydrogenase catalyzes the conversion of
CDCA to UDCA, and a lower reaction potential might, in turn, decrease
the formation of UDCA whilst increase the intermediate ketolithocholic
acid as discussed above (Fig. 2, Fig. 5F).

In addition, Spearman’s correlation analysis showed that the abun-
dance of several bacterial species of genus Alistipes, Bacteroidetes, Clos-
tridium and Ruminococcus, respectively, was positively associated with 7-
alpha/beta hydroxysteroid dehydrogenases, whilst abundance of Eubacte-
rium and Paraprevotella spp., was inversely associated. In addition,
abundance of Dorea longicatena and Roseburia intestinalis were positively
associated with BSH (Fig. 5A).

3.7. Evidence of alterations in the hepatic LCA to UDCA ratio of
humanized PPARa mice following PFOA exposure

Next, we analyzed BA data from a previously conducted exposure
study using a humanized PPARa (hPPARa) mouse model (Schlezinger
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Fig. 4. Gut microbial species that are associated with ETCs in females and males. Heatmap showing the directional mean |SHAP| values of microbial abun-
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et al., 2021; Schlezinger et al., 2020). We thereby sought to explore if
changes in the LCA to UDCA ratios were intrinsically linked to chemical
exposure. Male and female hPPAR«a mice were exposed to vehicle (VH,
0.5 % sucrose) or PFOA at a concentration of 8 uM of PFOA (3.5 mg/L) in
drinking water ad libitum for 6-7 weeks and fed a Western type of diet,
resulting in average plasma levels of ca. 48 pg/mL of PFOA (Schlezinger
et al.,, 2021). In energy percentage, the diet contained 51.8 % carbo-
hydrate, 33.5 % fat, and 14.7 % protein. The relatively high serum PFOA
levels in mice, corresponding to those found in highly exposed humans,
were chosen to account for the substantially shorter half-life of PFOA in
mice compared with humans (Schlezinger et al., 2021).

Hepatic BAs were measured in two groups, PFOA (n = 8 mice; 5
female mice) and vehicle (VH) (n = 8 mice; 4 female mice) exposure,
respectively. The ratios of LCA/UDCA were significantly elevated in
both female and male mice groups treated with PFOA vs. VH (Fig. 6).
Thus, the outcome of studies in the animal model supports our findings
from the human cohort that chemical exposure, particularly exposure to
PFAS, may elevate LCA to UDCA ratio, which is likely linked to obesity
and insulin resistance.

4. Discussion

We examined the relationships between serum concentration of ETs,
composition of gut microbiota, serum BAs, measures of insulin resis-
tance and obesity in Danish adults. In addition to traditional PFAS (e.g.,
PFOS, PFOA, PFHxS) we could detect other organofluorine compounds,
the latter by using suspect screening approach. While the identification
of the latter could not be verified with authentic standards as these are
not available, we did observe significant correlation with them and the
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Fig. 6. Hepatic LCA/UDCA ratio in hPPAR«x mice associated with chemical
exposure. Difference (Kruskal — Wallis test, statistical significance at nominal
p-value < 0.05) in the UDCA/LCA ratios of PFOA (n = 8; 5 females and 3 males)
vs. vehicle (VH; n = 8; 4 females and 4 males) administered mice groups.

target PFAS, both supporting their identification as well as suggesting
similar exposure sources. Our results suggest that exposure to ETs is
associated with gut dysbiosis and altered fasting BA pool, which, in turn,
is linked to obesity and insulin resistance.
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So far, only a few human studies have investigated a potential rela-
tionship between ETs and the gut microbiome composition and function,
and even fewer studies have explored interplays between serum con-
centration of ETs, gut microbiome, serum metabolites and metabolic
health. These studies have associated elevated PFAS exposures with
distinct bacterial taxa (Gardner et al., 2021; Thompson et al., 2022).
Importantly, our results indicate that higher chemical exposure is
associated with a higher Firmicutes to Bacteroides ratio (F/B). A high F/
B ratio has previously been linked with gut dysbiosis and obesity (Ley
et al., 2006; Stojanov et al., 2020). We also identified several bacterial
spp. of genus Roseburia, Subdoligranulum, Dorea, Ruminococcus, Eubac-
terium, Veillonella and Clostridium to be associated with high chemical
exposure. This is in agreement with a study that reported an increase in
abundance of Dorea longicatena with exposure to PFOS (Thompson et al.,
2022). Higher abundance of some of the mentioned gut bacteria are
considered biomarkers of obesity and/or insulin resistance (Chakra-
borti, 2015; Ley et al., 2006; Schneeberger et al., 2015).

We have previously reported that Prevotella copri and Bacteroides
vulgatus are associated with obesity, insulin resistance, and biosynthesis
of specific metabolites such as branched-chain amino acids, tryptophan,
and lipopolysaccharides (Pedersen et al., 2016) that may be implicated
in metabolic disorders. Here, we found that high chemical exposure was
correlated with higher abundance of these bacteria in males, while
Prevotella copri showed inverse association with chemical exposure in
females. Overall, males had higher abundance of Prevotella copri than
females. Several other studies have suggested a link between Prevotella
diversity and human health, with both positive and negative associa-
tions reported, potentially due to the complex interaction various Pre-
votella copri strains and differences in habitual diet (Tett et al., 2021).
Specifically, fiber-rich diets associated with Prevotella copri showed
beneficial health impacts while Prevotella copri strains associated with an
omnivore diet were linked with increased glucose intolerance and type 2
diabetes (De Filippis et al., 2019). As several of ETs are bioaccumulated
in animal-based fat products, a relative high ET content of predomi-
nantly fatty animal-based food might be an additional driver of the
adverse health impact of this widespread food habit in the western
world.

We found that exposure to ETs was associated with elevated circu-
lating levels of microbiome-derived LCA and decreased serum levels of
UDCA, further suggesting that ETs might induce dysbiosis in the gut
microbiome affecting the conversion of secondary BAs. The serum BA
pool is regulated via the hepatic FXR that has a central role in regulation
of BA synthesis and secretion as well as in the regulation of lipid and
glucose homeostasis in the liver (Gao et al., 2022; Gonzalez et al., 2016).
Remarkably, LCA and UDCA have opposite impact on FXR, with LCA
being an agonist while UDCA an antagonist. Indeed, mediation analysis
suggested that the secondary BAs might act as potential mediators of
insulin resistance. In the present study, obese males with poor insulin
sensitivity had higher serum concentrations of LCA and PFAS as
compared to their non-obese male counterparts as well as to females,
suggesting that especially highly PFAS-exposed males are more sus-
ceptible to metabolic dysregulation. However, the mediation analysis of
the effect of PFAS on the HOMA-IR and gut-derived BAs was stronger in
females than in males, suggesting that this could be one of the factors in
sex-specific differences in the impact of exposure. The finding aligns
with previous studies, showing a sexually dimorphic pattern of ET ex-
posures in metabolic disorders (Schlezinger et al., 2020; Sen et al.,
2022).

Recently, murine studies showed that UDCA may alleviate metabolic
dysfunction and could have a potential role in the prevention or treat-
ment of obesity (Zhang et al., 2019). In addition, UDCA has been sug-
gested as a treatment for MASLD (Kosmalski et al., 2023). Interestingly,
the LCA/UDCA ratio was increased in our PPARa-humanized murine
model exposed to PFOA. Moreover, personalized community modeling
of the gut microbiota identified a downregulation of the 7-alpha-
hydroxysteroid dehydrogenase pathway in the high chemical exposure
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groups that is involved in the biotransformation of CDCA to UDCA.
Several bacterial spp. of genus Bacteroidetes, Clostridium, Ruminococcus
and Eubacterium were positively associated with this pathway. In this
context it is of interest that higher abundance of Ruminococcus and
Bacteroidetes have been associated with obesity and other metabolic
diseases (Gentile et al., 2022). Therefore, LCA/UDCA ratio may be one
of the determinants of insulin sensitivity in the high ET exposure groups.
A high level of serum LCA may cause hepatotoxicity (Zhao et al., 2017),
and it has also been linked with increased susceptibility of metabolic
diseases such as MASLD, type 2 diabetes and the metabolic syndrome
(Grzych et al., 2021; Masoodi et al., 2021). Future long-term mecha-
nistic studies of the implications on development of dys-metabolic states
following PFAS induced altered LCA/UDCA ratio are needed.

In summary, our study on Danish adults reveals a significant link
between exposure to endocrine disruptors (ETs), gut microbiome
imbalance, and alterations in serum bile acids. This disturbance is
associated with obesity and insulin resistance. We found sex-specific
variations in bacterial abundances and identified a potential role of
microbiome-derived secondary BAs as mediators of insulin resistance.
These findings emphasize the impact of ETs, such as PFAS, on metabolic
health in a sexually dimorphic manner. Further research is needed to
explore mechanistic implications and long-term effects.
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