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High- Resolution Exposomics and 
Metabolomics Reveals Specific 
Associations in Cholestatic Liver Diseases
Douglas I. Walker,1* Brian D. Juran,2* Angela C. Cheung,3 Erik M. Schlicht,2 Yongliang Liang,4 Megan Niedzwiecki,1  
Nicholas F. LaRusso,2 Gregory J. Gores,2 Dean P. Jones,4 Gary W. Miller,5 and Konstantinos N. Lazaridis 2

Progress in development of prognostic and therapeutic options for the rare cholestatic liver diseases, primary sclerosing 
cholangitis (PSC) and primary biliary cholangitis (PBC), is hampered by limited knowledge of their pathogeneses. In 
particular, the potential role of hepatotoxic and/or metabolism- altering environmental chemicals in the pathogenesis of 
these diseases remains relatively unstudied. Moreover, the extent to which metabolic pathways are altered due to ongo-
ing cholestasis and subsequent liver damage or possibly influenced by hepatotoxic chemicals is poorly understood. In 
this study, we applied a comprehensive exposomics- metabolomics approach to uncover potential pathogenic contribu-
tors to PSC and PBC. We used untargeted high- resolution mass spectrometry to characterize a wide range of exog-
enous chemicals and endogenous metabolites in plasma and tested them for association with disease. Exposome- wide 
association studies (EWAS) identified environmental chemicals, including pesticides, additives and persistent pollut-
ants, that were associated with PSC and/or PBC, suggesting potential roles for these compounds in disease patho-
genesis. Metabolome- wide association studies (MWAS) found disease- associated alterations to amino acid, eicosanoid, 
lipid, co- factor, nucleotide, mitochondrial and microbial metabolic pathways, many of which were shared between PSC 
and PBC. Notably, this analysis implicates a potential role of the 5- lipoxygenase pathway in the pathogenesis of these 
diseases. Finally, EWAS × MWAS network analysis uncovered linkages between environmental agents and disrupted 
metabolic pathways that provide insight into potential mechanisms for PSC and PBC. Conclusion: This study estab-
lishes combined exposomics- metabolomics as a generalizable approach to identify potentially pathogenic environmental 
agents and enumerate metabolic alterations that may impact PSC and PBC, providing a foundation for diagnostic and 
therapeutic strategies. (Hepatology Communications 2022;6:965-979).

Advances in exposome research are emerging 
to complement genetics for understanding 
how environmental factors affect disease 

onset and progression. With knowledge of such fac-
tors, development of diagnostic tools and remediation 
therapies could launch capabilities for exposome med-
icine to prevent, manage, or cure disease. Because the 

liver is a primary organ for metabolic homeostasis and 
xenobiotic metabolism, we designed a study to apply 
state- of- the- art exposomics and metabolomics meth-
ods to test the transformative potential of exposomics 
in liver disease.

We focused on two rare cholestatic liver diseases, 
primary sclerosing cholangitis (PSC) and primary 

Abbreviations: EWAS, exposome- wide association study; FDR, false discovery rate; GC, gas chromatography; HILIC, hydrophilic interaction liquid 
chromatography; HRMS, high- resolution mass spectrometry; IBD, inflammatory bowel disease; LC, liquid chromatography; MWAS, metabolome- 
wide association study; OR, odds ratio; PBC, primary biliary cholangitis; PCA, principal component analysis; PSC, primary sclerosing cholangitis; 
RPC, reverse phase chromatography; UDCA, ursodeoxycholic acid.
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biliary cholangitis (PBC), which affect the large and 
small to medium- sized bile ducts of the liver, respec-
tively.(1,2) PSC and PBC share a characteristic accumu-
lation of toxic bile acids, which drive an inflammatory 
and tissue remodeling cascade that impairs hepatic 
function and often progresses to end- stage liver dis-
ease.(3) The pathogeneses of PSC and PBC are com-
plex, involve hereditary and environmental factors, 
and are poorly understood. Both diseases are associ-
ated with comorbid autoimmunity, and approximately 
70% of patients with PSC have concurrent inflamma-
tory bowel disease (IBD).(1) Genome- wide association 
studies have advanced our understanding of mecha-
nisms underlying PSC and PBC pathogenesis, high-
lighting the involvement of the immune system in 
disease development.(4) Although genome- wide asso-
ciation studies provide important insight into factors 
contributing to development of these diseases, they do 
not fully account for the observed risk, nor are they 
able to identify features of disease pathogenesis driven 
by persistent cholestasis.

Current and emerging therapeutic strategies are 
focused primarily on altering the bile acid pool, and 
two such treatments, ursodeoxycholic acid (UDCA) 
and obeticholic acid, have shown to be beneficial 
in PBC, although many patients fail treatment.(5) 
Neither of these therapies has demonstrated effi-
cacy in PSC; however, many patients with PSC take 
UDCA off- label because it improves liver function 
tests. Lack of effective therapies partially stems from 
the rarity of these diseases and low fidelity of current 
markers of disease severity. There have been recent 

improvements in disease prognostication tools such as 
the PREsTo score for PSC,(6) and the GLOBE(7) and 
UK- PBC scores(8) for PBC. However, there remains a 
significant need for novel biomarkers and therapies to 
improve outcomes of these patients.

We apply a clinical exposomics- metabolomics 
framework using high- resolution mass spectrometry 
(HRMS) capable of detecting >100,000 compounds 
in biological samples. The method uses gas chroma-
tography (GC) HRMS for detection of semivolatile 
compounds, and environmental chemicals and liquid 
chromatography (LC) HRMS to measure endogenous 
metabolites. We performed separate exposome- wide 
association studies (EWAS) and metabolome- wide 
association studies (MWAS) of PSC and PBC. These 
analyses identified disease- associated chemicals and 
pathways that were integrated using an exposome- 
metabolome correlation matrix to identify exposure– 
response network relationships in these diseases. 
The results demonstrate the potential utility of our 
approach to discover novel aspects of disease patho-
genesis, justifying larger future studies.

Experimental Procedures
stuDy Design anD paRtiCipant 
seleCtion

Patients and controls were selected from the PSC 
Scientific Community Resource, which integrates 
the PSC Resource of Genetic Risk, Environment 
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and Synergy Studies (PROGRESS)(9) and the Mayo 
Clinic PBC Genetic Epidemiology Registry(10) and 
actively collects biospecimens and clinical data for use 
in cholestatic disease research. Patients were diagnosed 
according to the American Association for the Study 
of Liver Diseases practice guidelines for PSC(11) or 
PBC.(12)

Plasma samples selected for analysis included 40 
individuals each of the following groups: (1) PSC 
with IBD, (2) PSC without IBD, (3) PSC controls, 
(4) PBC, and (5) PBC controls. Patients meeting pre-
determined eligibility criteria were randomly selected 
for inclusion to eliminate selection bias and then were 
individually matched to a control based on sex and 
age (closest available). For PBC, the eligibility cri-
teria included sample collection before liver trans-
plantation, antimitochondrial antibody positivity by 
prospective test, female sex, and negativity for overlap 
with autoimmune hepatitis and hepatobiliary cancer. 
For PSC, criteria included sample collection before 
liver transplantation and/or colectomy and negativ-
ity for overlap with autoimmune hepatitis, small duct 
disease, and hepatobiliary cancer. Patient selection for 
PSC was driven by the available population of IBD- 
negative patients with PSC, as this was the smaller 
group, and then individually matched to both a patient 
with PSC and IBD as well as a healthy control. All 
participants provided written informed consent. The 
study was approved by the Mayo Clinic Institutional 
Review Board (protocol 17- 001851) and conforms to 
standards laid out in the Declaration of Helsinki.

HigH- Resolution eXposomiCs
Environmental chemicals were analyzed using a 

high- resolution exposomics framework that included 
GC interfaced to an ultrahigh- resolution mass spec-
trometer. Plasma samples were prepared in batches 
of 20 study samples and four quality assurance/
quality control samples using a modified version of 
the extraction method described by Lu et al.(13) and 
detailed in the Supporting Methods. Plasma extracts 
were then analyzed in duplicate using a Thermo 
Scientific 1310 gas chromatograph connected to a Q 
Exactive GC Orbitrap GC tandem mass spectrometry 
ultrahigh- resolution mass spectrometer and Triplus 
RSH autosampler, as described in the Supporting 
Methods. The ultrahigh- resolution mass spectrometer 
was operated in full- scan mode over mass- to- charge 

(m/z) range of 85- 850 and 60,000 resolution. Features 
were extracted using XCMS(14); duplicates were 
averaged; and those detected with intensities greater 
than two- fold the levels in a method blank were 
retained for analysis, which included 56,246 m/z fea-
tures. To remove redundant m/z features, we applied 
the data- driven clustering algorithm available in 
RamClustR,(15) which groups feature intensities based 
on correlation and retention- time grouping, and pro-
vides a weight- averaged intensity for each group of 
features corresponding to an individual compound. 
The combination of feature filtering and ion cluster-
ing identified 10,121 unique compounds that were 
used for untargeted EWAS.

HigH- Resolution 
metaBolomiCs

Untargeted, high- resolution metabolomic profil-
ing of plasma was completed in batches of 40 study 
samples using established methods that leverage 
use of hydrophilic interaction liquid chromatogra-
phy (HILIC) and reverse phase chromatography 
(RPC) with Fourier transform HRMS as previously 
described(16) and detailed in the Supporting Methods. 
The HRMS was operated in full scan mode at 120,000 
resolution and mass- to- charge ratio (m/z) range 85- 
1,275. Raw data files were extracted and aligned using 
apLCMS(17) with modifications by xMSanalyzer.(18) 
Uniquely detected peaks consisted of m/z, retention 
time and ion abundance, referred to as metabolite fea-
tures. Before data analysis, metabolite features were 
batch- corrected using ComBat(19) and averaged, fol-
lowed by filtering to remove those with coefficient 
of variation ≥100% and more than 50% nondetected 
intensities for study subject samples.

statistiCal analysis

eWas
PSC and PBC associations were identified using 

logistic regression in a parallel approach that included 
untargeted analysis considering all detected com-
pounds and targeted analysis of environmental chem-
icals with known confirmed identities. For untargeted 
EWAS, the log2- transformed averaged intensity for 
each compound detected using GC- HRMS was nor-
malized by the interquartile range and used to test for 
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association with PSC or PBC. The statistical model 
included adjustments for age and sex for PSC, and 
age only for PBC, as all participants were female. 
To account for multiple comparisons, we applied a 
false discovery rate (FDR) threshold of 20%.(20) For 
targeted EWAS, we limited analysis to a set of 544 
environmental chemicals previously confirmed on the 
same GC- HRMS or LC- HRMS platforms using 
authentic standards. As the sample size was small, we 
considered P  < 0.05 to be significant in the targeted 
analyses.

mWas
Disease- associated metabolites were identified 

using LC- HRMS results and logistical regression 
with adjustments as described for EWAS, con-
sidering HILIC and RPC data sets separately.(21) 
Metabolites meeting the FDR threshold of 20% were 
selected for additional characterization and pathway 
enrichment analysis. Metabolite annotations were 
assigned using the HumanMFN metabolic model 
and evidence scoring provided in Mummichog.(22) 
These annotations provide low confidence matches 
to metabolites by predicting chemical formulas and 
do not inform on compound structures. Combining 
low- confidence annotations with functional activity 
patterns within the untargeted data improves the 
ability to uncover insight into metabolite response 
profiles to disease and other outcomes.(23,24) 
Thus, we combined annotation of features with 
pathway- based functional enrichment analysis using 
Mummichog to characterize metabolic activity pat-
terns associated with each exposure.(22) Enriched 
metabolic pathways were determined using a 
Mummichog scoring threshold of 0.05.

evaluation of iBD status and uDCa 
treatment

To evaluate how IBD status influences PSC 
metabolite associations, we performed principal 
components analysis (PCA) of untargeted results 
from EWAS and MWAS meeting the FDR thresh-
old. A similar approach was used to test how UDCA 
uses influenced pathways associated with PSC. For 
all data sets, PCA was completed using mixOm-
ics(25) and PC1/PC2 scores were evaluated using an 

unpaired t test. Scores with P  <  0.05 were consid-
ered significant.

integrated eWas × mWas
We used network analysis to test for correla-

tion between environmental chemicals identified 
in EWAS and enriched pathways, represented by 
PC1 calculated separately for each enriched path-
way using disease- associated, annotated metabo-
lites. Network analysis was completed separately 
for patients with PSC and PBC by first calculat-
ing the pairwise Pearson correlation, and edges with 
|r|  ≥  0.3 and P  <  0.05 were retained for network 
analysis. The igraph package in R was then used to 
generate a multidata integrative network, and com-
munity detection was performed using the multilevel 
community detection method,(26) and visualized in 
Cytoscape.(27)

Results
stuDy population

A total of 200 participants were included in the 
study, equally representing five participant groups. As 
IBD is a common comorbidity in PSC, this included 
40 patients with PSC with concurrent IBD (PSC- 
IBD) and 40 patients with PSC without concurrent 
IBD (PSC- nIBD) who were age- matched and sex- 
matched to each other as well as to a group of 40 
controls. The PBC arm included 40 patients with 
PBC who were age- matched and sex- matched to a 
separate group of controls due to demographic differ-
ences between PBC and PSC. Notably, we restricted 
the PBC arm of the study to include only females, as 
greater than 90% of patients with PBC are women. 
Patient characteristics are summarized in Table 1 
(PBC) and Table 2 (PSC).

eWas
Detection of environmental chemicals associated 

with PSC or PBC was conducted using untargeted 
and targeted approaches to facilitate inclusion of both 
unidentified and identity- confirmed chemicals. We 
leveraged GC- HRMS to detect a much larger range 
of chemicals originating from environmental sources 
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than LC- HRMS, including many chemicals previ-
ously identified as having potential hepatotoxic and 
steroidogenic effects.

Untargeted EWAS of PSC identified 54 disease- 
associated compounds using an FDR threshold of 20% 
(Fig. 1A). Regression results and spectra for chemi-
cals associated with PSC are provided in Supporting 
Tables S1 and S2. Notably, no compounds showed an 

association with PBC at the 20% FDR threshold in 
the untargeted EWAS (Fig. 1B). Intensity distribu-
tions for the top six PSC- associated compounds with 
increased levels in patients with PSC relative to con-
trols are shown in Fig. 1C. Annotation of the PSC- 
associated compounds in the untargeted EWAS using 
the NIST 2017 library showed C- 256 (retention 
time = 4.3 minutes, odds ratio [OR] = 4.3, P = 2.3−05) 

taBle 1. DemogRapHiCs oF patients WitH pBC anD matCHeD ContRols

PBC Control P Value

n 40 40 — 

Age, median (IQR) 59.6 (48.0- 64.5) 59.6 (48.4- 64.4) 0.9599*

Sex, n (%) >0.9999†

Female 40 (100) 40 (100)

Male 0 (0) 0 (0)

AMA positive, n (%) 40 (100) 0 (0) >0.9999†

Age at diagnosis (years), median (IQR) 50.0 (40.0- 55.0) na

Disease duration (years), median (IQR) 6.0 (3.0- 12.0) na

UDCA treatment, n (%)

Yes 35 (87.5) na

No 4 (10.0) na

Unknown 1 (2.5) na

*Mann- Whitney Test.
†Fischer’s exact test.
Abbreviations: AMA, anti- mitochondrial antibody; IQR, interquartile range; na, not applicable.

taBle 2. DemogRapHiCs oF patients WitH psC anD matCHeD ContRols

PSC (With IBD) PSC (No IBD) Control P Value

n 40 40 40

Age, median (IQR) 52.0 (43.1- 61.5) 55.5 (43.5- 64.6) 52.0 (42.9- 61.5) 0.8195*

Sex, n (%) >0.9999†

Female 23 (57.5) 23 (57.5) 23 (57.5)

Male 17 (42.5) 17 (42.5) 17 (42.5)

Age at diagnosis (years), median (IQR) 47.0 (31.3- 53.8) 48.5 (33.5- 57.8) na 0.5445‡

Disease duration (years), median (IQR) 5.5 (2.0- 8.0) 4.0 (2.0- 9.0) na 0.9100‡

IBD, n (%) — 

Ulcerative colitis 30 (75.0) 0 (0) na

Crohn’s disease 4 (10.0) 0 (0) na

Indeterminate IBD 6 (15.0) 0 (0) na

UDCA treatment, n (%) 0.8759†

Yes 17 (42.5) 19 (47.5) na

No 14 (35.0) 12 (30.0) na

Unknown 9 (22.5) 9 (22.5) na

*Kruskal- Wallis test.
†Chi- square test.
‡Mann- Whitney test.
Abbreviations: IQR, interquartile range; na, not applicable.
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was a high confidence match to the carbamate pes-
ticide terbucarb (Fig. 1D), with a match score of 
840/1,000.

For targeted EWAS analysis, we limited evalua-
tion of disease associations to environmental chem-
icals with confirmed identities by comparison of 
mass m/z and retention time to a database of stan-
dards previously analyzed and confirmed on each 
platform.(28,29) We detected a total of 126 identity- 
confirmed environmental chemicals across the two 
HRMS platforms: 55 by GC- HRMS and 71 by 
LC- HRMS. We found 12 of the 126 environmen-
tal chemicals to be associated with PSC at P < 0.05 
(Fig. 1E). Environmental chemicals found to be ele-
vated in PSC included the fungicide fenpropimorph 
(OR  =  7.8, P  =  0.01), the surfactant nonylphenol 
(OR  =  2.8, P  =  0.002), the dietary phenol metabo-
lite protocatechuic acid (OR = 2.75, P  = 0.003), the 
preservative ethyl paraben (OR = 1.9, P = 0.01), and 
the carbamate pesticide aldicarb sulfone (OR  =  2.1, 
P = 0.01). Of the 12 chemicals associated with PSC, 
two also differed between patients with PSC- nIBD 
and PSC- IBD, including the perfluoroalkyl surfac-
tant perfluorooctanesulfonic acid (P = 0.049) and the 
carbamate pesticide promecarb (P  =  0.04). Targeted 
EWAS results for PSC are provided in Supporting 
Table S3.

In PBC, we found 8 of the 126 environmental 
chemicals to be associated with disease at P  <  0.05 
(Fig. 1F). These included two chemicals also ele-
vated in patients with PSC (nonylphenol [OR = 3.5, 
P  =  0.0008] and protocatechuic acid [OR  =  1.85, 
P  =  0.03]) and two also decreased in patients with 
PSC (carbaryl [OR  =  0.33, P  =  0.006] and diuron 
[OR  =  0.41, P  =  0.008]). Additional environmental 
chemicals found to be elevated in patients with PBC 
include the fluorinated surfactant perfluorohexa-
noic acid (OR  =  1.89, P  =  0.03) and the fungicide 

spiroxamine (OR = 3.0, P = 0.005). Targeted EWAS 
results for PBC are provided in Supporting Table S4.

mWas
Plasma samples were analyzed using HILIC and 

RPC to maximize detection of polar and nonpolar 
metabolites.(21) We focused on alterations in endog-
enous metabolic pathways associated with PSC or 
PBC to generate insight into systemic biological 
changes underlying pathogenesis of these diseases. We 
detected a total of 11,634 (HILIC) and 9,109 (RPC) 
metabolite features in the 80 patients with PSC and 
their 40 matched controls. MWAS of these found 
1,204 to be associated with PSC at an FDR thresh-
old of 20% (Fig. 2A). To evaluate whether IBD sta-
tus had a significant impact on metabolic differences, 
we performed a PCA using the metabolite features 
associated with PSC. The PCA plot shows that con-
trols form a distinct cluster, albeit overlapping with 
some of the patients, whereas the patients with PSC 
do not appear to separate based on IBD status (Fig. 
2B). Furthermore, comparison of scores for PC1 and 
PC2 showed that PC1 significantly differed between 
patients with PSC and their matched controls 
(P = 0.0001) and that IBD status did not significantly 
influence PSC- associated metabolic differences (PC1: 
P = 0.55; PC2: P = 0.38) (Fig. 2B). As our approach 
to the PCA may underestimate the impact of IBD 
on metabolic profiles in PSC, we performed a second 
untargeted MWAS that tested for metabolite associa-
tion with IBD status in patients with PSC only (Fig. 
2C). Notably, none of the metabolite features tested in 
this analysis met the FDR threshold of 20%. A sep-
arate MWAS analysis of the 40 patients with PBC 
and their 40 matched controls detected a comparable 
number of metabolite features as the PSC MWAS, 
including 11,729 and 9,294 from HILIC and RPC, 

Fig. 1. EWAS of PSC and PBC. (A) Untargeted EWAS of 80 patients with PSC and 40 matched controls using >10,000 environmental 
chemicals detected by GC- HRMS identified 33 chemicals increased in PSC and 21 elevated in controls at FDR < 20%. (B) Untargeted 
EWAS of 40 patients with PBC and 40 matched controls found no environmental chemicals to be associated with PBC at FDR < 20%. 
(C) Intensity values for the top six PSC- associated environmental chemicals with increased levels in patients with PSC. Patients with PSC 
are shown separated by IBD status; 40 patients were included in each group. Data for all significant features are provided in Supporting 
Table S1. (D) Comparison of signal spectra of 54 PSC- associated environmental chemicals from untargeted EWAS to the NIST database 
identified terbucarb as a likely match to chemical signal C- 256. (E) Intensity values for PSC- associated environmental chemicals identified 
by targeted EWAS of 80 patients with PSC and 40 matched controls at P < 0.05. Levels of perfluorooctanesulfonic acid and promecarb 
differed between patients with PSC with and without concurrent IBD. (F) Intensity values for PBC- associated environmental chemicals 
identified by targeted EWAS of 40 patients with PBC and 40 matched controls at P < 0.05. Complete results of the targeted EWAS are 
provided in Supporting Tables S3 and S4 for PSC and PBC, respectively. Abbreviations: Ctrl, control; N, no; Y, yes.
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respectively. Of these, 703 were associated with PBC 
at an FDR threshold of 20% (Fig. 2D).

To determine potential biological mechanisms 
underlying disease- associated metabolites from 
MWAS, we performed pathway enrichment analyses 
using Mummichog,(22) which was developed spe-
cifically for untargeted HRMS data. Mummichog, 
whose algorithms have been extensively validated,(30) 
predicts metabolic activity directly from HRMS 
data without a priori metabolite identification and 
has been shown to improve biological interpre-
tation while balancing type I and type II error in 
enrichment of high- dimensional mass spectral data. 

For PSC, 27 pathways were significantly enriched 
for disease- associated metabolites (Fig. 3 and 
Supporting Table S5A). For PBC, we identified 10 
enriched pathways (Fig. 3 and Supporting Table 
S5B), nine of which overlap with those associated 
with PSC. For both diseases, bile acid biosynthesis 
was the most significant pathway for both HILIC 
and RPC modes. Pathways relating to metabolism 
of amino acids, lipids, and eicosanoids were highly 
represented in both PSC and PBC. Pathways involv-
ing metabolism of co- factors, including vitamins B3 
and D, were associated with PSC, while vitamin 
E metabolism was associated with both diseases. 

Fig. 2. MWAS of PSC and PBC. (A) MWAS of 80 patients with PSC and 40 matched controls identified 1,204 metabolites associated 
with the disease at FDR < 20%. (B) Comparison of all metabolites associated with PSC at FDR < 20% using PCA showed no significant 
differences between the 40 patients with PSC with concurrent IBD and 40 without concurrent IBD. (C) MWAS of 40 patients with PSC 
with concurrent IBD and 40 patients with no IBD detected (no IBD- associated metabolites at FDR < 20%). (D) MWAS of 40 patients 
with PBC and 40 matched controls identified 703 metabolites associated with PBC at FDR < 20%. ****P < 0.0001. Abbreviations: PC, 
principal component; RP, reverse phase.
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Finally, microbiome- related metabolic pathways 
were also present, including butanoate metabolism 
enriched in both PBC and PSC and propanoate 
metabolism enriched only in PBC. Complete results 
are provided in Supporting Tables S6 and S7 for 
PSC and PBC, respectively.

As PBC and PSC patients are often treated with 
UDCA, we performed PCA to assess the potential 
impact of UDCA treatment on identified disease- 
associated metabolic pathways. The high prevalence 
of UDCA use in PBC (87.5%) precluded useful 
application of this approach in the patients with 

PBC. For PSC, patients did not appear to clus-
ter based on UDCA treatment status (Fig. 4A). 
However, there was a small, yet significant, difference 
in PC1 (P  =  0.034) between patients being treated 
with UDCA and those who were not (Fig. 4B). To 
identify which pathways were contributing to this 
difference, we performed a second PCA analysis 
considering PC1 score distributions for each indi-
vidual disease- associated pathway. Notably, only bile 
acid biosynthesis (P = 0.01) and vitamin D3 metab-
olism (P = 0.04) pathways differed between the two 
groups (Supporting Table S8). This is consistent 

Fig. 3. Metabolic pathways associated with PSC and PBC. Pathways enriched in disease- associated metabolites were identified using 
Mummichog and grouped based on major biological function. Position of the dot on the x- axis corresponds to the −log P value calculated 
for the pathway; and size of the dot corresponds to the number of metabolites meeting the FDR threshold of <20% in the pathway.
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with the known sterol modulating effect of UDCA 
and suggests that other pathway associations are 
largely independent of UDCA treatment.

eWas × mWas
To examine potential environmental impacts on 

metabolic pathway associations observed in PSC 
and PBC, we performed an integrated EWAS and 
MWAS network analysis. All identified disease- 
associated environmental chemicals were included. 
We tested these chemicals for correlation with each 
disease- associated pathway in PSC or PBC using 
a network- based correlation analysis that enables 
identification of relationships and characteriza-
tion of tightly clustered nodes. Results for PSC are 
shown in Fig. 5A; network correlations and P val-
ues for all edges are provided in Supporting Table 
S9A. For PSC, the resulting network included three 
interconnected clusters, with the largest (cluster 1) 
centered on aldicarb sulfone, a carbamate pesticide. 
This cluster contained metabolic pathways from 
several biological processes, including most of the 
amino acid– related pathways, eicosanoid metabo-
lism, and nucleotide pathways. Cluster 2 contained 
the environmental chemicals fenpropimorph, nonyl-
phenol, and terbucarb in association with pathways 

related to amino acid metabolism. Finally, cluster 3 
grouped pathways from mitochondrial metabolism, 
bile acid biosynthesis, and eicosanoid metabolism 
with ethyl paraben and protocatechuic acid. Network 
correlation results for PBC are shown in Fig. 5B; 
correlations and P values for all edges are provided 
in Supporting Table S9B. For PBC, two connected 
clusters were identified. Cluster 1 included the fun-
gicide spiroxamine and the carbamate pesticide car-
baryl in correlation with five pathways related to 
metabolism of amino acids, eicosanoids, and nucleo-
tides. Cluster 2 included the chemicals nonylphenol 
and desmedipham as well as two pathways related to 
microbiome metabolism.(31)

Discussion
We applied a multiplatform exposomic and metab-

olomic analytical framework in PSC and PBC that 
allows characterization of the blood exposome and 
metabolome, including many environmental chemi-
cals with known hepatotoxic properties and endoge-
nous metabolic pathways potentially underlying liver 
dysfunction. Taken together, our results support a role 
for environmental chemicals in PSC and PBC patho-
genesis and represent an innovative step in adapting 

Fig. 4. UDCA in treated and untreated patient groups. (A) Comparison of all metabolites associated with PSC at FDR < 20% using 
PCA showed no apparent clustering of 36 UDCA- treated and 26 untreated patients with PSC. (B) PC1 differed between controls 
and untreated patients and between UDCA- treated and untreated patients with PSC. PC2 did not differ between groups. *P < 0.05, 
****P < 0.0001.
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Fig. 5. Integrated EWAS × MWAS network analysis of PSC and PBC. The first principal component of each disease- associated 
pathway was tested for association with the level of each positively identified disease- associated environmental chemical, and clusters were 
identified using a multilevel community detection approach to identify communities of nodes that are tightly connected with each other, 
but sparsely connected with the rest of the network. (A) Network analysis for PSC. (B) Network analysis for PBC. Abbreviation: PFOS, 
perfluorooctanesulfonic acid.
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exposomic methodologies for precision medicine 
approaches to study liver disease.

We applied untargeted GC- HRMS profiling 
to identify potential environmental chemicals con-
tributing to pathogenesis of PSC and PBC, which 
expands beyond what is traditionally measured using 
LC- HRMS and enables detection and characteriza-
tion of volatile and semivolatile organic pollutants, 
many of which have previously been linked to liver 
toxicity. Using this approach, we identified 54 com-
pounds associated with PSC, while none were associ-
ated with PBC, highlighting the importance of power 
in studies of the exposome. Attempted annotation of 
the 54 PSC- associated compounds using data avail-
able in the NIST 2017 library identified only one 
high- confidence match. Although current efforts are 
focused on generating spectral libraries of unknown 
metabolites, these methods have not been extended 
to GC- HRMS.(29,32) The limited annotation of envi-
ronmental chemicals associated with PSC underscores 
a major challenge in gaining biological insight using 
untargeted GC- HRMS and the need for improved 
annotation tools for exposome research. This chem-
ical, terbucarb, is a carbamate pesticide, a class of 
insecticide widely used in household, agricultural, and 
industrial applications.(33) Carbamate pesticides are 
acetylcholinesterase inhibitors that have been linked 
to hepatotoxicity and liver cancer(34) and inhibit activ-
ity of key xenobiotic detoxification enzymes in the 
liver and gut, potentially resulting in accumulation of 
hepatoxic compounds.(35)

We also performed a targeted analysis limited to 
environmental chemicals with known identities. Using 
this approach, we found that two environmental 
chemicals, nonylphenol and protocatechuic acid, were 
elevated in both patients with PSC and PBC relative 
to their control groups. Nonylphenol is a suspected 
endocrine- disrupting nonionic surfactant used in many 
consumer products, which contributes to liver damage 
in animal models.(36) Notably, nonylphenol stimu-
lates transcription of the Pregnane X nuclear recep-
tor, a critical contributor to bile acid homeostasis.(37) 
Protocatechuic acid is formed from metabolism of 
dietary polyphenols found in numerous foods, includ-
ing coffee, green tea, and fruits.(38) Protocatechuic acid 
has antioxidant and anti- inflammatory effects and has 
been shown to be protective against exposure- induced 
toxicity in the liver.(39) It is possible that the increased 
level of protocatechuic acid observed in patients is due 

to postdiagnostic changes in diet, such as increased 
coffee consumption, which has been shown to be 
beneficial in liver disease.(40,41) The results from this 
targeted EWAS identify associations between disease 
and environmental chemicals with suspected hepa-
totoxic effects, supporting the possible role of such 
chemicals in the pathogenesis of PSC and PBC.

Evaluation of metabolites by MWAS identified 
extensive differences in metabolite levels of patients 
with PSC and PBC relative to controls. Pathway 
enrichment analysis found that the bile acid bio-
synthesis pathway included the greatest number of 
disease- associated metabolites in both PSC and PBC, 
consistent with known mechanisms of cholestatic 
liver disease.(42) Other metabolomic alterations iden-
tified in the MWAS suggest liver dysfunction associ-
ated with cholestatic liver disease results in extensive 
shifts in systemic metabolism. These changes included 
alterations in pathways related to amino acid, eico-
sanoid, lipid, cofactor, nucleotide, mitochondrial, 
and microbial metabolism. The liver is the primary 
site of amino acid metabolism, and our findings of 
alterations to many of these pathways in patients is 
expected and consistent with previous studies.(43,44) 
Furthermore, we found significantly elevated levels 
of plasma glutamate in patients with PSC and PBC; 
this is consistent with urea cycle deficiency known to 
occur with advancing liver disease, which can lead to 
cognitive dysfunction and hepatic encephalopathy.(45) 
Although bile acid alterations and the urea cycle are 
known to influence pathogenesis in PSC and PBC, 
it remains unclear to what extent broader alterations 
in amino acid metabolism influence or exacerbate dis-
ease. Considering that many of these pathways and 
their constituent molecules play important roles in 
regulating oxidative stress and immunity, they could 
indeed have significant effects. Larger studies capable 
of stratifying patients based on disease severity will be 
of interest and could determine whether the observed 
alterations in various amino acid metabolic pathways 
are actively pathogenic or a relatively benign conse-
quence of ongoing liver disease.

Eicosanoids are important signaling molecules 
resulting from metabolism of polyunsaturated fatty 
acids that have numerous and diverse roles, includ-
ing modulation of inflammation and immune 
responses.(46) We found two eicosanoid pathways, 
leukotriene metabolism and anti- inflammatory 
metabolites from eicosapentaenoic acid, to be altered 
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in patients with PSC and PBC. In both groups, 
changes in leukotriene metabolism were charac-
terized by increased levels of leukotriene B4 and 
its various metabolites. Leukotriene B4 is formed 
through the 5- lipoxygenase pathway and stimulates 
the production of proinflammatory cytokines.(47,48) 
Notably, alteration of the anti- inflammatory metab-
olites from the eicosapentaenoic acid pathway was 
also characterized by increased levels of products of 
5- lipoxygenase metabolism, including leukotriene 
B5 and related compounds. Of interest, leukotriene 
B5 is much less biologically active than leukotriene 
B4 and can somewhat counteract its inflammatory 
effects.(49) Taken together, alterations in these path-
ways suggest that the 5- lipoxygenase pathway may 
be involved with the pathogenesis of PSC and PBC, 
highlighting the ability of our approach to uncover 
previously unappreciated aspects of cholestatic liver 
disease.

Cholestasis is known to result in disrupted homeo-
stasis of xenobiotic and internal metabolism; thus, 
observed associations likely arise due to presence of 
PSC or PBC. Although these are important to bet-
ter understanding disease pathogenesis, the combined 
exposomics- metabolomics approach provides the 
added strength of assessing the metabolic response 
to disease- associated chemical exposures. To identify 
such potential relationships between environmental 
chemicals and metabolic changes, we performed an 
integrative network analysis that evaluated the cor-
relation between disease- associated chemicals identi-
fied in EWAS and the enriched metabolic pathways 
from MWAS. The largest cluster in PSC centered 
on aldicarb sulfone, a commercial- use carbamate 
pesticide that is classified as an extremely hazard-
ous substance in the United States and is no longer 
being distributed. This cluster contains 17 of the 27 
PSC- associated pathways. An additional six path-
ways were correlated with aldicarb sulfone but were in 
other clusters, suggesting that this chemical may have 
broad metabolic effects. This finding is consistent 
with a recent study of aldicarb exposure in a mouse 
model that showed chronic exposure resulting in sys-
temic alterations to multiple - omic levels including 
the microbiome, metabolome, and lipidome.(50) Of 
interest, we noted some inconsistencies with cluster-
ing of chemicals that were associated with both PSC 
and PBC. For instance, in PSC, protocatechuic acid 
is correlated with changes to carnitine shuttle and 

bile acid biosynthesis pathways, whereas in PBC it 
is not. These observations suggest that our integra-
tive network analysis may be underpowered, especially 
in PBC, and findings should be considered more as 
a proof- of- principle rather than definitive. Indeed, 
larger studies capable of detecting more robust chemi-
cal and metabolic associations and incorporating alter-
native strategies for integration will provide improved 
insight into the relationship between environmental 
chemicals and altered metabolic pathways in the con-
text of PSC and PBC.

We acknowledge limitations in this work. This is a 
small, cross- sectional study that is not able to evalu-
ate clinical disease features such as differences in dis-
ease presentation, progression, and outcome. Moreover, 
results of the EWAS focus on identifiable environmen-
tal chemicals that could be annotated using available 
chemical databases, because the limited power precluded 
challenging and costly in- depth structural characteriza-
tion of nonidentified metabolites. Indeed, even in larger 
studies, such characterization would likely be limited to 
signals demonstrating an effect on disease progression 
or outcome rather than those simply associated with 
disease status. In addition, the results of this study are 
correlative in nature, and should not be assumed to rep-
resent causal associations. In fact, the rarity of PSC and 
PBC prohibit predisease observational studies required 
to directly implicate environmental chemicals with dis-
ease risk. Finally, we could not account for unknown 
confounders such as potential differences in lifestyle 
and nutrition between patients and controls, nor could 
we identify the exact mechanism through which the 
associations occurred. Indeed, validation in larger inde-
pendent cohorts, particularly across geographically and 
genetically diverse patient groups, as well as functional 
studies using in vitro and in vivo model systems will be 
key to gaining actionable insights into the pathogeneses 
of PSC and PBC. Despite these limitations, the results 
from this study provide a characterization of PSC and 
PBC using advanced strategies to simultaneously eval-
uate the exposome and metabolome. Although the 
chemicals and metabolic pathways identified in the 
present study are not necessarily causal factors in PSC 
or PBC, elevated levels of toxic chemicals in patients 
could contribute to accelerated liver damage and disease 
progression, and alterations to metabolic pathways could 
provide important insight into disease mechanisms.

In conclusion, we used an HRMS- based approach 
to evaluate the plasma exposome and metabolome in 
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PSC and PBC. We identified associations between 
disease and environmental chemicals with suspected 
hepatotoxic effects. We found alterations in metabolic 
pathways known to be disrupted in PSC and PBC 
and identified alterations in pathways and metabo-
lite levels, suggesting the potential involvement of the 
5- lipoxygenase pathway in PSC and PBC. Finally, 
we applied an innovative network- based approach 
to integrate exposome and metabolome data, which 
identified significant correlations between the envi-
ronmental toxin aldicarb sulfone and numerous met-
abolic pathways altered in patients with PSC. This 
effort provided important insights that will impact the 
design and execution of future studies. Information 
obtained from such studies will lead to new lines of 
research and eventually improved prognostic tools and 
treatment options for clinicians and their patients that 
are currently limited.
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