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Abstract

Humans are constantly exposed to both naturally-occurring and anthropogenic chemicals. Targeted 

mass spectrometry approaches are frequently used to measure a small panel of chemicals and their 

metabolites in environmental or biological matrices, but methods for comprehensive individual-

level exposure assessment are limited. In this study, we applied an integrated library-guided 

analysis (ILGA) with ultraperformance liquid chromatography-quadrupole time-of-flight mass 

spectrometry (UPLC-QTOF/MS) to profile phase II metabolites, specifically mercapturic acids 

(MAs), glucuronic acids (GAs), and sulfates (SAs) in human urine samples (n = 844). We 

annotated 424 metabolites (146 MAs, 171 GAs, 107 SAs) by querying chromatographic features 

with in-house structural libraries, filtering against fragmentation patterns (common neutral loss 

and ion fragment), and comparing mass spectra with in-silico fragmentations and external spectral 
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libraries. These metabolites were derived from over 200 putative parent compounds of exogenous 

and endogenous sources, such as dietary compounds, benzene/monocyclic substituted aromatics, 

pharmaceuticals, polycyclic aromatic hydrocarbons, bile acids/bile salts, and 4-hydroxyalkenals 

associated with lipid peroxidation process. Further, we performed statistical analyses on 214 

metabolites found in more than 75% of samples to examine the association between metabolites 

and demographic characteristics using integrated network analysis, principal component analysis 

(PCA), and multivariable linear regression models. The network analysis revealed four distinct 

communities of 37 positively correlated metabolites, and the PCA (using the 37 metabolites) 

presented 4 principal components that meaningfully explained at least 80% of the variance in the 

data. The multivariable linear regression models showed some positive and negative associations 

between metabolite profiles and certain demographic variables (e.g., age, sex, race, education, 

income, and tobacco use).
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1. Introduction

Humans are exposed to thousands of chemicals every day. These include naturally-occurring 

substances, anthropogenic compounds, and chemicals generated endogenously. Sources 

of xenobiotics include natural gas, industrial chemicals, petroleum products, household 

chemicals, dietary intake, agricultural products, tobacco smoke, automobile exhaust, wildfire 

emission, and pharmaceutical reagents (Gonzalez-Dominguez et al., 2020; Johnson et al., 

2012; Scalbert et al., 2014; Xie et al., 2023). Some of these chemicals are innocuous or even 

beneficial, while others could be injurious to health (Crozier et al., 2009; Bhatnagar, 2006; 

Riggs et al., 2022; Sun et al., 2022). Moreover, metabolism can enhance the reactivity of 

several of these chemicals.

Xenobiotics are often oxidized, reduced, or hydrolyzed (phase I transformation), and 

subsequently these activated metabolites are conjugated with endogenous charged molecules 

such as glutathione (GSH), glucuronic acid (GA), sulfate (SA), and amino acids (phase II 

conjugation) (Testa, 2007; Croom, 2012). Electrophilic chemicals such as α,β-unsaturated 

carbonyls (e.g., trans-2-alkenals and trans-4-hydroxy-2-alkenals) readily react with cellular 

GSH to form Michael adducts across the α,β double bond, and the resultant electrophile-

glutathione S-conjugates go through sequential metabolism, including hydrolysis, followed 

by N-acetylation in the kidney, to yield mercapturic acids (MAs), which are then excreted in 

the urine and feces (Hanna and Anders, 2019). Likely, glucuronidation is a major route of 

elimination for many environmental chemicals, pharmaceutical reagents, and low molecular 

weight endogenous compounds (Wells et al., 2004). Catalyzed by uridine 5′-diphospho-

glucuronosyltransferases, a glucuronic acid is transferred from uridine-5′-diphosphate-α-

D-glucuronic acid to a substrate (e.g., hydroxyl and carboxylic acid groups; primary, 

secondary, and tertiary amines; and thiols and sulfoxides) (Testa, 2007). Furthermore, 

sulfation, which transfers a sulfate from 3′-phosphoadenosine 5′-phosphosulfate to a 
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substrate under catalysis by sulfotransferases, also transforms hydrophobic endogenous 

compounds and xenobiotics into water-soluble sulfates and promotes their excretion from 

the body (Al-Horani and Desai, 2010). Together, MAs, GAs, and SAs account for ~70% of 

phase II metabolites (Jancova et al., 2010).

Several analytical techniques and assays are available to assess human exposure to 

environmental chemicals and associated metabolites at community and individual levels. 

Community-level exposure to parent organic environmental chemicals is often measured by 

gas chromatography-mass spectrometry (GC–MS) in indoor and outdoor air, whereas liquid 

chromatography-mass spectrometry (LC-MS), GC–MS, or nuclear magnetic resonance 

spectroscopy is employed to quantitate their metabolites in biofluids and tissues of 

individuals (Athersuch and Keun, 2015; Balcells et al., 2024). These assays are effective 

in measuring a select chemical or a small panel of analytes, but methods for comprehensive 

individual-level exposure assessment, especially phase II metabolites, are lacking. Moreover, 

assessment of xenobiotic metabolisms or phase II metabolites in human endogenous 

metabolome studies are limited. Therefore, many phase II metabolites remain unknown, 

uncharacterized, or overlooked in human chemical exposure assessments. We recently 

established an integrated library-guided analysis (ILGA) workflow using ultraperformance 

liquid chromatography with quadrupole time-of-flight mass spectrometry (UPLC-TOF/MS) 

with MSE data-independent acquisition (DIA) for profiling MAs in human urine (Xie et al., 

2023). Now, we have applied the ILGA platform for a comprehensive analysis of various 

classes of phase II metabolites (i.e., MAs, GAs, and SAs), originating from over 200 

putative parent chemicals, in the urine samples from 844 study participants. Multivariable 

linear regression models, integrated network analysis, and principal component analysis 

were employed to examine associations between metabolite profiles and demographic 

characteristics of the study participants.

2. Materials and methods

2.1. Study population and urine collection

Spot urine samples were collected throughout the day (outside first morning void) from 844 

participants enrolled in the Health, Environment and Action in Louisville (HEAL) Study 

(Yeager et al., 2023) and stored at −80 °C. The study was approved by the University 

of Louisville Institutional Review Board (IRB 15.1260). Demographic information of the 

participants, including age, sex, race, and education, is provided in Supplemental Table S1.

2.2. Chemicals

LC-MS Ultra Chromasolv water was obtained from Honeywell (Muskegon, MI). Ultra-high-

performance liquid chromatography (UHPLC)-MS grade acetonitrile, UHPLC-MS grade 

methanol, and LC-MS grade formic acid were purchased from Thermo Fisher Scientific 

(Waltham, MA). Product information of authentic chemical standards of 21 phase II 

metabolites and 6 deuterium-labeled analytical internal standards (IS) are detailed in Table 

S2. All the other chemicals were of the highest purity available.
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2.3. Ultraperformance liquid chromatography-quadrupole time-of-flight mass 
spectrometry (UPLC-QTOF/MS)

Quality control (QC) stocks were prepared by pooling equal volumes of 60 individual urine 

samples. IS stock contained 6 deuterium-labeled compounds prepared in water. QC or urine 

samples (500 μL) were prepared by mixing 440 μL of 0.1% formic acid in water (solvent 

A), 10 μL of IS stock mixture, and 50 μL of urine sample or QC stock. IS samples were 

prepared with 490 μL of solvent A and 10 μL of IS stock mixture. Blanks consisted of 500 

μL of solvent A. The urine samples (n = 844) were analyzed in 14 analytical batches. To 

monitor instrument stability, performance, and batch variations, QC and IS samples were 

included in each batch – one QC sample per10 urine samples and one IS sample per 30 urine 

samples.

The analytes were resolved, as described before (Xie et al., 2023), with slight modifications 

– lower sample volume (2 μL vs. 7.5 μL), shorter column (100 mm vs. 150 mm), and 

higher flow rate (0.55 mL/min vs. 0.45 mL/min). Briefly, samples (2 μL) were injected, and 

analytes were resolved on a Waters Acquity Premier HSS T3 VanGuard FIT column (2.1 × 

100 mm, 1.8 μm) attached to a Waters Acquity I-Class UPLC system and maintained at 45 

°C with a flow rate of 0.55 mL/min. The mobile phases were solvent A (0.1% formic acid 

in water) and solvent B (0.1% formic acid in acetonitrile). The gradient profile began at 0 

% B, increased to 23 % B over 7.30 min, then to 95 % B over 2.40 min, held at 95% B for 

1.60 min, returned to 0% B over 0.05 min, and held at 0% B for 1.95 min before the next 

injection. The total run time was 13.30 min.

The quadrupole time-of-flight mass spectrometric (QTOF/MS) data were collected using a 

Waters Synapt XS HDMS with MassLynx 4.2 software, operating in electrospray negative 

ion mode. The capillary voltage was set to 1.00 kV, source temperature to 112 °C, 

desolvation gas flow to 1100 L/h at 650 °C, and cone gas flow to 125 L/h. Sodium formate 

was used for mass calibration before the sample sequence run, and leucine enkephalin 

(m/z 554.2620) served as the lock mass during acquisition. The ion source sample cone 

was cleaned according to the vendor’s guidelines before running each batch. MSE data-

independent acquisition was performed over an m/z range of 50–700 Da with a continuum 

scan time of 0.15 sec and acquisition time of 0–11.85 min. MSE acquisition alternated 

between low-energy and high-energy channels, with collision energy off for the low-energy 

channel and a voltage ramp from 10 to 40 V for the high-energy channel. Data were 

collected and analyzed using the Waters UNIFI 1.9 software package.

Urinary creatinine was quantified using Ace Axcel® Clinical Chemistry System (Alfa 

Wassermann, West Caldwell, NJ) (Xie et al., 2023; Lorkiewicz et al., 2019; Xie et al., 2024), 

and urinary cotinine levels were measured by UPLC-MS/MS, as described before (Xie et al., 

2023; Lorkiewicz et al., 2019). Participants with urinary cotinine level >40 μg/g creatinine 

were regarded as current tobacco users (Riggs et al., 2022; Lorkiewicz et al., 2019).

2.4. Curation of in-house metabolite libraries

Phase II metabolomics profiling was conducted using the ILGA workflow, as described 

previously (Xie et al., 2023). The process began with curating in-house metabolite 
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libraries that included reported and proposed metabolite molecular structures (.mol files). 

Reported structures were downloaded from SciFindern and the Human Metabolome 

Database (HMDB; http://hmdb.ca). Proposed metabolite structures were deduced based 

on known metabolic pathways of reactive compounds. For instance, acrolein, a 3-

carbon α,β-unsaturated aldehyde, has been reported to yield MAs including N-acetyl-

S-(3-hydroxypropyl)-L-cysteine, N-acetyl-S-(2-carboxyethyl)-L-cysteine and N-acetyl-S-(3-

oxopropyl)-L-cysteine (Lorkiewicz et al., 2019; Hashmi et al., 1992). Based on this 

knowledge, we proposed MA structures for longer-chain α,β-unsaturated aldehydes such 

as 2-pentenal, 2-hexenal, 2-heptenal, and 2-octenal (see Supplemental Excel Tables 

sheet “Table 1 – mercapturic acids”). In addition, we used BioTransformer 3.0 (https://

biotransformer.ca/) to predict phase I and phase II metabolites of parent compounds. We 

used ChemDraw (version 22.0.0) to sketch proposed structures and uploaded .mol files 

onto SciFindern to check if they have been reported or not. The.mol files were imported 

into a library repository created within the UNIFI software. The MA library contained 

239 structures (200 reported and 39 proposed), the GA library had 431 structures (341 

reported and 90 proposed), and the SA library had 148 reported structures. The MA 

library was created and expanded from the previous published work (Xie et al., 2023). The 

complete library in MS Excel format—including metabolite names and their corresponding 

International Chemical Identifiers (InChI), as well as downloadable files of metabolite 

structures in .mol and .sdf formats is available online at the following URL: https://osf.io/

ch9tq/.

2.5. Metabolite annotation

The raw UPLC-QTOF/MS data files were exported into and processed using UNIFI, and 

each metabolite group was analyzed separately. We used a trial sample set (consisted 

of 15 QCs and 60 urine samples) for the metabolite discovery step, in which in-silico 
fragmentation was employed to generate predicted fragments from library structures. After 

data processing and peak picking, the detected chromatographic features (peaks with m/z 
and retention time information) were queried against structures in the in-house libraries. 

Filtered peaks had to meet the following criteria to be considered for annotation: (1) 

response threshold >3000, (2) mass error of ±10 mDa, (3) observed m/z range between 

100 and 700, and (4) observed retention time (RT) between 0.4 and 9.0 min. To facilitate 

annotation, fragmentation signatures like common neutral loss (CNL) and common ion 

fragment (CIF) specific to MA, GA, and SA were employed (Xie et al., 2023; Levsen et al., 

2005; Wagner et al., 2006; Huber et al., 2022; Yan et al., 2003; Evich et al., 2022; Lafaye 

et al., 2004). As shown in Table 1, MA has one CNL (129.0426 Da) and four CIFs (m/z 
162.0230, 128.0353, 84.0455 and 74.0196); GA has two CNLs (194.0427 and 176.0321 Da) 

and 10 CIFs (m/z 193.0354, 175.0248, 117.0193, 113.0244, 103.0401, 99.0088, 95.0139, 

87.0088, 85.0295, and 75.0088); SA has two CNLs (97.9674 and 79.9568 Da) and four CIFs 

(m/z 96.9601, 95.9523, 80.9652 and 79.9574). Thus, for a filtered peak to be considered as a 

potential MA, GA, or SA candidate, it needed to have at least one CNL and one CIF, or two 

CIFs present in the MS/MS spectra of one sample. Examples of characteristic fragmentation 

patterns present in the experimental MS/MS spectra of a MA (N-acetyl-S-(2-cyanoethyl)-L-

cysteine (metabolite of acrylonitrile), a GA (benzoyl glucuronide, metabolite of benzoic 

acid), and a SA (phenyl sulfate, metabolite of phenol) are provided in Fig. 1.
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Before applying the filtering criteria mentioned above, ~18,000 candidate peaks were 

detected in the raw data. After applying the filtering criteria, ~3,000 MA, ~4,700 GA, and 

~3,700 SA candidates were detected. For candidate features that had a match with a library 

structure, we manually examined their MS/MS spectra against in-silico fragmentation and 

external spectral libraries (i.e., ChemBank, DrugBank, HMDB, MassBank, NIST Spectra, 

PubMed, and Urine Metabolome Database), and putatively assigned 146 MAs, 171 GAs, 

and 107 SAs. Next, detection results such as observed RTs and ion fragments of annotated 

metabolites were sent to in-house libraries to use for metabolite screening step. For the 

screening step, we used expected RT and ion fragments to annotate analytes in all sample 

batches. In this phase, we applied a RT error window of <0.10 min, mass error of ±10 

mDa and response >100, and excluded the CNL and CIF filtering criteria. In scenarios 

where multiple candidate peaks matched one metabolite compound due to the presence of 

possible isomers, the retention time is added to the compound’s name (e.g., 4-aminophenyl 

sulfate_0.73 vs 4-aminophenyl sulfate_1.16) as shown in Supplemental Excel Tables sheet 

“Table 3 – sulfates”.

We assessed true positive rate (TPR), false negative rate (FNR), false discovery rate (FDR) 

and precision to determine the performance of our metabolite annotation. We analyzed 

a mixture sample containing only 21 reagent standards (listed in Table S2) by screening 

against a library containing all 424 annotated metabolites detected in this study. Chemicals 

spiked in the mixture sample and detected were marked as true positives (TPs), whereas 

chemicals spiked into the sample but not detected were denoted as false negatives (FNs). 

Analytes which were detected but were not spiked in the mixture sample were regarded 

as false positives (FPs). Because our analysis was restricted to 424 annotated metabolites, 

true negatives (TNs) are not expected in this investigation. Our analysis of reagent mixture 

identified all 21 TPs (as expected), 6 FPs, and 0 FN (Table S3). Accordingly, our TPR was 

1.0 [TP/(TP + FN)] and FNR was 0 [FN/(TP + FN)]. Our FDR was 0.22 [FP/(TP + FP)] and 

precision was 0.78 [TP/(TP + FP)] (Table S3).

Furthermore, to evaluate the performance of the phase II metabolite filtering process based 

on CNL and CIF criteria, we compared detections of 21 reagent standard in a mixture 

sample vs a solvent blank. Before applying the criteria, all 21 standards were detected in the 

mixture sample, and 5 were detected in the solvent blank with no CNL and CIF found (Table 

S4). After applying the CNL and CIF criteria, no standard analytes were found in the solvent 

blank. This shows the applied CNL and CIF filtering criteria was able to remove 100% false 

positives in the solvent blank.

2.6. Confidence levels of annotation

The annotated metabolites were classified into different confidence levels based on profiling 

descriptions and data requirements (detailed in Table 2) adapted from Blazenovic et al. 

(2018). The highest level of confidence is Level 1, followed by Levels 2A, 2B and 3. Level 

1 annotations were confidently identified metabolites whose MS/MS spectra and retention 

times were confirmed with authentic standards. In this study, we divided Level 2 annotations 

into two sublevels to differentiate a probable structure matched to both an external database 
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and in-house library (Level 2A) or to in-house library only (Level 2B). Level 3 annotations 

had a match a proposed structure in the curated libraries.

2.7. Missing value imputation and batch normalization analysis

All annotated LC-MS peaks and peak response values were exported to Microsoft Excel 365 

spreadsheets. For values below the response threshold of 100, or instances where an analyte 

was not detected in a specific sample, imputation was carried out by dividing the response 

cutoff value (100) by the square root of 2 per established protocols (Richardson and Ciampi, 

2003; Succop et al., 2004). As illustrated in Table S5, the imputed values were <25% for 

214 metabolites, 25%–50% for 88 metabolites, 50%–75% for 65 metabolites, and >75% 

for 57 metabolites. Subsequently, the Norm ISWSVR (https://github.com/Dingxian666/

Norm-ISWSVR) algorithm developed by Ding et al. (2022) was used to perform batch 

normalization analysis. Briefly, Norm ISWSVR calculates the peak’s relative standard 

deviation (RSD) across QC samples, and applies internal standards to normalize peak 

response. If normalized response has smaller RSD in QC samples, then the internal 

standard that reduces RSD the most is selected for data normalization. Detailed procedure 

of Norm ISWSVR is described by Ding et al. (2022). Fig. S1 compares RSD of MAs, 

GAs, and SAs found in all QC samples before and after batch normalization. Prior to 

normalization, distribution of RSD ≤20% accounted for 3% MAs, 0% GAs, and 4% SAs. 

After normalization, distribution of RSD ≤20% improved to 87% MAs, 91% GAs, and 92% 

SAs.

2.8. Statistical analysis

After batch correction, response values were normalized to creatinine to account for 

urine dilution. For metabolites with <25% imputation (or found >75% of samples), ln-

transformation and standardization of values were performed. Descriptive statistics were 

calculated for each metabolite, and bivariate correlations among metabolites within each 

group (MA, GA, SA) were examined using Spearman’s rank correlation coefficients. 

Further correlations among metabolites were examined through an integrated network 

analysis using the R package xMWAS, with data from n = 844 participants. Pairwise data 

integration and community detection were conducted by this framework, and the eigenvector 

centrality measure was used to evaluate the importance of each node (metabolite) in 

the network. Higher eigenvector values indicated nodes with greater influence. Only 

associations significant at p < 0.05 and meeting a correlation threshold of 0.6 were 

included in the network analysis. Cytoscape software version 3.10.2 was used to visualize 

the network and associations between metabolites. Based on these criteria, 37 metabolites 

were selected for principal component (PC) analysis. Four PCs were identified, explaining 

at least 80% of the variance in the data, and the factor loadings were rotated using a 

varimax rotation. To examine associations between metabolite profiles and demographic 

characteristics, multivariable linear regression models were used, including age (continuous, 

in years), sex (categorical), race (categorical), education (categorical), income (categorical), 

and tobacco use based on urine cotinine values (categorical, cotinine <40 μg/g creatinine). 

Of the 844 participants, 57 were excluded from this analysis due to missing demographic 

data.
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3. Results

3.1. Annotation, parent compounds, and confidence levels of phase II metabolites

An overview of analytical experiments, metabolite annotations, and statistical analyses is 

illustrated in Fig. 2. Briefly, we analyzed 844 urine samples by UPLC-QTOF/MS and 

processed raw data for peak picking and metabolite annotation. Then, we imputed missing 

response values, corrected for batch variation, and normalized responses to creatinine 

for urine dilution. Subsequently, we performed integrated network analysis and principal 

component analysis and examined the association between demographic characteristics and 

metabolite principal components.

3.2. Annotated metabolites and their parent compounds

In all participant samples, we annotated 424 metabolites (146 MAs, 171 GAs, and 107 

SAs) as shown in Table 2 and Fig. 3. These metabolites are derived from putative parent 

compounds of various exogenous, endogenous, anthropogenic, and biogenic sources. As 

shown in Table S6, the parent compounds belong to three distinct structural classes-the 

aliphatics, the aromatics, and the alicyclics. Each class is divided into sub-groups based on 

chemical functionality or sources of parent compounds. The aliphatics class consists of three 

groups: aliphatic aldehydes, halogenated aliphatics, and other aliphatics. The aromatics class 

is divided into seven groups: aromatic aldehydes, benzene/monocyclic substituted aromatics, 

dietary phenolics and flavonoids, halogenated aromatics, other aromatics, pharmaceuticals, 

and polycyclic aromatic hydrocarbons. The alicyclics class comprises six groups: bile acids/

bile salts, epoxides, halogenated alicyclics, monoterpenes and derivatives, other alicyclics, 

and steroids.

Particularly, the annotated MAs were derived from 83 putative parent compounds 

comprising of 43 aliphatics, 29 aromatics, and 11 alicyclics; the GAs originated from 124 

putative parent compounds, including 23 aliphatics, 81 aromatics, and 23 alicyclics; and the 

SAs derived from 43 putative parent compounds, including 3 aliphatics, 37 aromatics, and 3 

alicyclics (Table S6).

3.3. Parent compounds shared among metabolites

We observed that 131 phase II metabolites (40 MAs, 44 GAs, and 47 SAs) shared 

a common parent compound with at least one other metabolite group (Table 3). Four 

parent compounds, including 3 environmental chemicals (benzo[a]pyrene, naphthalene, 

and trihydroxybenzene) and 1 pharmaceutical agent (acetaminophen), had at least one 

MA, GA, and SA annotated. Naphthalene yielded 13 metabolites (9 MAs, 3 GAs, and 

1 SA), trihydroxybenzene (2 MAs, 3 GAs, and 4 SAs) and acetaminophen (2 MAs, 2 

GAs, and 5 SAs) afforded 9 metabolites each, and benzo[a]pyrene formed 4 metabolites 

(1 MA, 2GAs and 1 SA). Moreover, 8 parent molecules, including aliphatic aldehydes 

(4-hydroxy-2-heptenal, 4-hydroxy-2-nonenal, 4-hydroxy-2-octenal, and cinnamaldehyde), 

aromatic chemicals (hydroquinone, phenanthrene, and styrene), and a monoterpene 

(limonene), had at least one MA and GA. Furthermore, 12 parent chemicals including 

aromatic compounds (benzoic acid, catechol, cresol, indole, and phenol), dietary phenolics 

(caffeic acid, ferulic acid, and guaiacol), neuromodulators or associated metabolites 
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(dopamine, 3-methoxy-4-hydroxyphenylglycol and homovanillic acid), and a bile salt 

(glycochenodeoxycholic acid) generated at least one GA and SA.

3.4. Confidence levels of annotated metabolites

Among all annotated metabolites, 21 Level 1 (10 MAs, 4 GAs, and 7 SAs) derived from 

17 unique parent compounds (see Table 4) were confidently identified by matching RTs 

and mass spectra against authentic chemical standards analyzed under the same analytical 

conditions (Figs. S2–S22). Furthermore, 46 Level 2A metabolites (3 MAs, 13 GAs, and 

30 SAs) were annotated by matching parent ions ([M-H]−) and MS/MS spectra with the 

external spectral libraries (Table 2). The Level 2A metabolites had a range of 3–85% 

matching spectral intensity. Moreover, 288 Level 2B and 69 Level 3 metabolites were 

annotated by matching reported and proposed structures, respectively, in our libraries. 

Specifically, the Level 3 metabolites consisted of 40 MAs and 29 GAs. Among Level 3 

MAs, 23 of them were first reported by us (Xie et al., 2023). For Level 3 GAs, 4 of 

them (perillic acid-8,9-diol-glucuronide, limonene-1,2-diol-glucuronide_7.64, limonene-1,2-

diol-glucuronide_8.76, and 2-hydroxy-p-menth-8-en-7-oic acid-glucuronide) were derived 

from limonene and its phase I metabolites. We previously identified them using the ILGA 

workflow (Xie et al., 2024). Complete lists of all metabolites and their descriptions (e.g., 

m/z, RT, CAS #, annotation confidence level, canonical SMILES, proposed parent, etc.) are 

provided in the Supplemental Excel Table S1–S3.

3.5. Metabolites found in >75% of participant samples

As the reliability of statistical analyses weakens with increasing number of missing values, 

the subsequent statistical analyses were performed for the 214 metabolites detected above 

response threshold in >75% of samples (see Fig. 4 and Table S5). These included 50 MAs 

of 36 unique parent compounds (20 aliphatics, 13 aromatics, and 3 alicyclics), 83 GAs of 

68 unique parents (14 aliphatics, 36 aromatics, and 18 alicyclics), and 81 SAs of 36 unique 

parents (2 aliphatics, 33 aromatics, and 1 alicyclics). For these metabolites, we observed 

modest to strong positive and negative bivariate correlations among each type of metabolite. 

The correlation coefficients ranged from −0.21 to 1.00 for MAs, −0.24 to 0.91 for GAs, and 

−0.15 to 0.95 for SAs (see Supplementary Excel – “Correlation Coefficients”).

3.6. Integrated network analysis

We identified four distinct communities of 37 positively correlated metabolites (Fig. 5). 

Community 1 had 9 metabolites (4 GAs and 5 SAs) whose parent compounds belong to 

benzene/monocyclic substituted aromatics and dietary phenols and flavonoids of exogenous 

sources. The node (or metabolite) most central to this community was phenylpropanoic 

acid metabolite (1-benzenepropanoate β-D-glucopyranuronic acid_6.89, GA17, eigenvector 

centrality measure = 0.77), followed by methylparaben metabolite (1-methyl-4-

(sulfooxy)benzoate_3.98, SA41, 0.74); see Supplementary Excel – “Network_PCA”. 

Community 2 had 11 metabolites (3 GAs and 8 SAs). The node most central to this 

community was catechol metabolite (2-hydroxyphenyl β-D-glucopyranosiduronic acid, 

GA43, eigenvector centrality measure = 1.0), followed by p-Methylguaiacol metabolite 

(2-methoxy-4-methylphenyl β-D-glucopyranosiduronic acid_6.71, GA49, 0.92). Most 

metabolites in Community 2 consisted of dietary phenols and flavonoids. Community 
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3 consisted of 7 metabolites (3 GAs, 3 SAs, and 1 MA). The node most central 

to the community was 4-aminophenol metabolite (4-aminophenyl sulfate_1.16, SA108, 

eigenvector centrality measure = 0.87), followed by vanillyl alcohol metabolite (vanillyl 

alcohol sulfate_2.81, SA52, 0.82). Community 4 had 10 metabolites (5 SAs, 4 MAs, and 

1 GA). The nodes most central to this community were 4-oxo-2-heptenoic acid metabolite 

(4-oxo-2-heptenoic acid glucuronide, GA95, eigenvector centrality measure = 0.96), and 

2-fluorobenzaldehyde metabolite (N-acetyl-S-[(2-fluorophenyl)methyl]-L-cysteine, MA137, 

0.91).

3.7. Principal component analysis

In principal component analysis (PCA) using the 37 metabolites from the network analysis, 

we identified four PCs that meaningfully explained at least 80% of the variance in the 

data (see Fig. 6 and Supplementary Excel – “Network_PCA”). PC1 explained 64% of 

the variance in the data, with 6.4%, 3.9%, and 3.3% of the variance explained by PC2, 

PC3, and PC4, respectively. Individuals with higher scores (0.505 to 0.763) for PC1 

tended to have higher levels of metabolites of dietary phenols and flavonoids (e.g., ferulic 

acid 4-sulfate_5.35 (SA94) and vanillyl alcohol sulfate_2.81 (SA52)), benzene/monocyclic 

substituted aromatics (e.g., 2-hydroxyphenyl β-D-glucopyranosiduronic acid (GA43) and 

4-aminophenyl sulfate_1.16 (SA108))), other aromatics (e.g., 3-hydroxypyridine sulfate 

(SA85)), and aliphatics (e.g., N-Acetyl-S-(2-chloro-2-propen-1-yl)-L-cysteine (MA60)). 

For PC2, higher scores (0.511 to 0.899) tended to be correlated with higher levels 

of metabolites such as MAs of isoprene (N-acetyl-S-(4-hydroxy-2-methyl-2-buten-1-yl)-L-

cysteine (MA70)), 4-hydroxy-2-pentenal (N-acetyl-S-[1-(2-oxoethyl)-2-hydroxypropyl]-L-

cysteine (MA25)), halogenated compounds (N-acetyl-S-(2-hydroxycyclohexyl)-L-cysteine 

(MA127), and N-acetyl-S-[(2-fluorophenyl)methyl]-L-cysteine (MA137)); SAs of 4-

ethoxybenzyl alcohol (benzenemethanol, 4-ethoxy-, 1-(hydrogen sulfate)_7.01(SA46)) and 

acetylphenol (4-acetylphenol sulfate_5.68 (SA20) and 3-acetylphenol sulfate (SA19)); 

and GAs of phenylpropanoic acid (1-benzenepropanoate β-D-glucopyranuronic acid_6.89 

(GA17)) and guaiacol (2-methoxyphenyl β-D-glucopyranosiduronic acid (GA53)). For 

PC3, higher scores (0.638 to 0.834) were most strongly correlated with higher levels of 

SAs and MAs exclusively derived from dietary compounds. These included metabolites 

of ferulic acid (SA92, SA93, GA75 and GA76), 4-vinylguaiacol (SA32), caffeic acid 

(SA71), and isovanillic acid (SA67). For PC4, higher scores (0.520 to 0.803) were 

correlated with metabolites of 4-oxo-2-hexenoic acid (GA96), 4-hydroxy-2-heptenal 

(GA38), trihydroxybenzene (GA164 and SA13), and dopamine (SA50).

3.8. Association between demographic characteristics and metabolites

To illustrate the relationship between metabolites and certain demographic characteristics 

(including age, sex, race, education, income, and tobacco use; detailed in Table 5), 

multivariable linear regression models were constructed. To begin, older age was associated 

with higher scores on PC1 (β = 0.12 per year; 95% CI = [0.05, 0.19]), PC2 (β = 0.13 per 

year; 95% CI = [0.07, 0.19]), and PC3 (β = 0.1 per year; 95% CI = [0.03, 0.17]). Next, 

self-reporting race as non-Hispanic Black was associated with lower scores on PC1 (β = 

−0.38; 95% CI = [−0.58, −0.20]) and PC4 (β = −0.35; 95% CI = [−0.54, −0.15]) when 

compared with non-Hispanic White participants. Comparing to participants with high school 
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education or less, higher PC1 scores were associated with some college or 2-year degree (β 
= 0.30; 95% CI = [0.13, 0.47]) and a 4-year college degree or more (β = 0.58; 95% CI = 

[0.39, 0.77]). Moreover, those who used tobacco tended to have higher scores on PC2 (β = 

1.24; 95% CI = [1.12, 1.36]) and lower scores on PC3 (β = −0.24; 95% CI = [−0.35, −0.05]) 

when compared with non-tobacco use participants. For sex and income variables, the scores 

were not significant in relation to respective references.

4. Discussion

The phase II metabolism renders the lipophilic organic molecules into hydrophilic species 

and facilitates their excretion from the body. We utilized our UPLC-QTOF/MS with MSE 

DIA workflow and ILGA approach to profile 424 phase II metabolites – GAs, SAs, and 

MAs in the urine of 844 study participants. To the best of our knowledge, this is the most 

comprehensive phase II exposomics study, both in the number of analytes measured and 

the sample size. The phase II metabolite libraries curated by this study comprises structures 

of 239 MAs, 431 GAs, and 148 SAs, which serve as a unique database for exposomics 

analyses. The tiered peak annotation confidence approach ascribes precision and the degree 

of confidence in metabolite assignment. Our rigorous peak annotation criteria helped to 

minimize spurious peak assignment and ensures appropriate peak identity. Two hundred and 

fourteen of these phase II metabolites originating from various aliphatic aldehydes, benzene 

and monocyclic substituted aromatic chemicals, dietary phenols and flavonoids, halogenated 

alicyclic compounds, halogenated aliphatic and halogenated aromatic substances, were 

present in the urine of >75% participants. One hundred and thirty-one phase II metabolites 

(40 MAs, 44 GAs, and 47 SAs) shared a common parent compound with at least one other 

metabolite group. The network analysis identified four distinct communities (1 to 4) of 

37 positively correlated metabolites, and the PCA recognized four PCs that meaningfully 

explained at least 80% of the variance in the data.

Multiple approaches, depending on instrument and software used for data acquisition and 

processing, are employed for metabolite discovery and characterization. These include 

constant neutral loss/precursor ion monitoring, fragmentation filtering, in-source collision-

induced dissociation, mass defect filtering, and isotope pattern filtering (Murray et 

al., 2023). To enhance compound discovery and confidence in annotation, we used a 

fragmentation filtering technique post data acquisition. Compounds with related structural 

moieties, such as phase II conjugates, share patterns in fragmentation (Levsen et al., 2005; 

Murray et al., 2023). Utilization of both CNL and CIF for metabolite screening increased 

specificity and decreased false positive hits. Moreover, unlike previous studies which used 

external databases for structural annotation (Chen et al., 2024; Frigerio et al., 2020; Correia 

et al., 2019), we built in-house libraries comprising not only published structures but also the 

putative structures of various metabolites (Table 2). This facilitated a more comprehensive 

profiling of phase II metabolites in this study. Furthermore, the dynamic nature of our 

libraries enables their expansion as more structures are reported or deduced.

Previous studies, including ours (Xie et al., 2023) profiled only a specific class of phase 

II metabolites such as MA or GA or SA conjugates (Chen et al., 2024; Frigerio et al., 

2020; Fitzgerald et al., 2022), which limited the assessment of biomarkers of exposure 
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to a select metabolite. Also in the past, many metabolite discovery, phenotyping, and 

exposomics studies used a small sample size (n = <100) (Frigerio et al., 2020; Lu et 

al., 2019; Jin et al., 2020; Palermo et al., 2017). This limits the evaluation of biological 

and sample-to-sample variation and precise environmental exposure assessment at the 

individual level. In this study, we analyzed various MA, GA, and SA metabolites in a 

single chromatographic run. Our dilute and shoot approach eliminated the cumbersome 

sample processing (e.g., derivatization of functional groups, hydrolysis, extraction, etc.) 

and facilitated the sample analyses in a large cohort (n = 844 participants). Profiling of 

multiple phase II metabolites, representing different classes (Table 3), of a given chemical 

strengthens exposure assessment. This is very important because polymorphism of a select 

gene in a given metabolic pathway may affect analyte level or their potential biological 

activity. Measurement of multiple metabolites originating by distinctly different pathways 

not only provides comprehensive and rigorous exposure assessment but will also be useful in 

examining the biological activities and their association with health outcomes and potential 

toxicity in prospective studies.

Among the phase II urinary metabolites, GAs were the most prominent species. 

Approximately 70% of GAs (171 metabolites from 124 parent chemicals) were derived from 

aromatic compounds, predominantly from dietary phenolics and flavonoids (e.g., biochanin 

A, caffeic acid, p-methylguaiacol, vanillin) (Sarfraz et al., 2020; Magnani et al., 2014; Singh 

et al., 2011; Yu et al., 2013), benzene/monocyclic substituted aromatic compounds and 

industrial chemicals (e.g., benzoic acid, hydroquinone, phenol) (IARC, 2000), and pollutants 

generated from incomplete combustion of fossil fuels (e.g., styrene) (Miller et al., 1994), 

and biomass burning (e.g., catechol) (Finewax et al., 2018). Additionally, 17% of GAs were 

metabolites of aliphatic chemicals (e.g., hydroxyalkenals, hydroxyalkanoic acids, ethanol, 

glycerol, and methanol), and 13% were of cyclic parent compounds (e.g., menthol, limonene 

and perillic acid). Several of the GAs assayed by our study were also profiled by Chen et al. 

(2024) in the urine of 20 colorectal cancer patients by a chemical isotope labeling and dual-

filtering strategy. They used N,N-Dimethylethylenediamine (DMED-d0) and its deuterated 

counterpart DMED-d6 to derivatize carboxyl-containing urinary metabolites and analyzed 

samples by UPLC-HRMS/MS in ESI positive mode, followed by a dual-filtering strategy 

to screen for DMED-labeled glucuronide metabolites. In another liquid chromatography-

high resolution mass spectrometric study of the urine samples of 10 non-smokers and 

10 combustible cigarette users, Kachhadia et al. (2024) observed that 171 biomarkers of 

exposure (peaks) were increased in combustible cigarette users, and 30 of these “features” 

were attributed to GA.

Apart from glucuronidation, sulfation is another major pathway of phase II metabolism. 

Several endogenous anabolic androgenic steroids, pharmaceutical reagents, dietary 

compounds, and microbiome are excreted from the body as sulfates (Correia et al., 2020; 

D’Agostino et al., 2024; Liu et al., 2021). In this study, we annotated 107 species derived 

from 43 proposed parent compounds. Approximately 93% of SAs were metabolites of 

aromatic xenobiotics, such as benzene/monocyclic substituted aromatics (e.g., 3-methoxy-4-

hydroxyphenylglycol, 4-aminophenol, 4-ethoxybenzyl alcohol, benzoic acid, catechol, 

ethylbenzene, homovanillic acid, and trihydroxybenzene) and dietary phenols and flavonoids 

(e.g., 4-vinylguaiacol, caffeic acid, coumaric acid, eugenol, ferulic acid, and isovanillic 
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acid). The remaining 7% SAs were derived from three other aliphatic parents (2-buten-1-ol, 

glucose, and N-acetylglucosamine), one bile salt (glycochenodeoxycholic acid), one steroid 

(i.e., epiandrosterone), and two other cyclic compounds (ascorbic acid and pyridine). Some 

of these urinary organic sulfates (e.g., catechol derivatives) were reported to be elevated in 

10 combustible cigarette users by Kachhadia et al. (2024).

Profiling of urinary MAs revealed that 111 out of 116 MAs reported by us recently (Xie 

et al., 2023) were also detected in the present study and depicted the reproducibility 

of our assay. Now we have expanded our library by adding more reported and 

proposed structures, which lead to annotating 35 new MA features (derived from 

compounds including limonene, 2-hexenal, cinnamaldehyde, halogenated butene, benzene, 

and phenanthrene) when compared to our previous work. Several MAs, especially those are 

metabolites of acrolein, acrylamide, 1,3-butadiene, crotonaldehyde, trans 2-hexenal, N,N-

dimethylformamide, glycidol, and 4-hydroxy-2-pentenal were also identified by Kachhadia 

et al. (2024). We observed that the urinary levels of several of these MA, especially 

those originating from acrolein, crotonaldehyde, 1,3-butadiene, N,N-dimethylformamide, 

acrylamide, naphthalene, and phenanthrene, were markedly higher in smokers than non-

smokers (Xie et al., 2023). Sources of MAs of halogenated alkanes, ethyl acrylate, 

isobutyl acrylates, trimethylbenzene, 2-fluorobenzaldehyde, 4-tert-butylbenzaldehyde, and 

4-chloronitrobenzene are likely to be industrial and occupational (Fishbein, 1979; Walker et 

al., 1991; Kostrzewski et al., 1997; Yu et al., 2007; Jones et al., 2006), whereas probable 

sources of MAs of 4-methoxybenzaldehyde, acetaminophen, and 6-chloropurine include 

biogenic and pharmaceutical parent compounds (Ghalla et al., 2018; Taylor et al., 2012; 

Bendich et al., 1954). A potential source for MAs of hydroxyalkenals is endogenous lipid 

peroxidation, especially of ω-6 polyunsaturated fatty acids. Additionally, lipid oxidation 

also produces other alkanals and alkenals. Moreover, alkenals such as acrolein are also 

generated as a byproduct of myeloperoxidase-driven inflammation and by the metabolism 

of the chemotherapeutic agent cyclophosphamide and the industrial chemical allylamine 

(Srivastava et al., 1998; Vladykovskaya et al., 2012; Srivastava et al., 1999). Due to 

their high electrophilicity, the alkenals hydroxyalkenals readily crosslink with DNA and 

proteins. Increased accumulation of protein adducts of these molecules has been detected 

in pathological conditions such as atherosclerosis, Alzheimer’s, and Parkinson’s diseases 

(Srivastava et al., 1998; Vladykovskaya et al., 2012; Srivastava et al., 1999). We observed 

that MAs of acrolein and 1,3-butadience were associated with endothelial dysfunction and 

may increase the risk for hypertension (McGraw et al., 2021; McGraw et al., 2023). MAs of 

ethylbenzene/styrene, benzene, and xylene allied with endothelial injury (Riggs et al., 2022), 

and MAs of acrolein; acrylamide, acrylonitrile, butadiene, crotonaldehyde, and styrene were 

positively correlated with alkaline phosphatase, a biomarker for cholestatic injury (Wahlang 

et al., 2023).

Leveraging these data in network and principal component analyses allowed us to 

detect distinct clusters of metabolites that could be related to common co-exposures 

and demographic characteristics in this population. For example, the most influential 

metabolites in cluster 1 were phenylpropanoic acid and methylparaben. These compounds 

are both benzene/monocyclic substituted aromatics that can be found in processed foods 

and cosmetics as preservatives. Thus, higher co-exposure may occur from common sources, 
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and the combined effect of these exposures may need to be considered in studies of health 

effects. Analyses examining the association between principal components and demographic 

characteristics could also provide insights about factors that are associated with specific 

exposure profiles. For example, higher PC1 scores indicated higher levels of metabolites for 

dietary phenols and flavonoids, which may be related with higher consumption of fruits and 

vegetables. Participants with higher metabolites corresponding with these types of exposures 

tended to be non-Hispanic White, as well as have a higher education and income. Future 

research linking these metabolite data with diet and behavioral information, as well as 

health measures, in these types of analyses could identify common sources contributing to 

co-exposures and disease.

5. Limitations

While our assay is robust and comprehensive to profile phase II urinary metabolites, there 

are certain limitations to the approach. One, we have used spot urine for phase II metabolite 

profiling. Therefore, the data provide only a snapshot of exposures. Further studies with a 24 

hr urine collection or multiple urine samples per individual per day are required to account 

for cumulative short-term (24 hr) exposure. Two, we diluted the urine samples and directly 

injected them into the UPLC-QTOF/MS system for analysis. It is possible that intensities 

of some analytes might be suppressed or enhanced by coeluting molecules in the samples 

(Zhou et al., 2017). Three, our libraries contain both reported and proposed structures of 

compounds and metabolites. Because it is a dynamic and expandable process, data analyses 

are limited to published and putative metabolites. As the field grows and new metabolites 

are discovered and published, they will be included in the library. Four, only Level 1 

metabolites were identified with authentic standards, and annotations of Levels 2A, 2B, 

and 3 are putative. Thus, additional studies are required to confirm these putative/potential 

metabolites, especially metabolites that were found prevalently and/or at higher levels in 

samples.

6. Conclusion

This study has established a new robust and comprehensive LC-MS assay for the profiling 

of a plethora of phase II metabolites derived from environmental exposures, dietary 

compounds, tobacco products, and pharmaceutical agents and generated endogenously by 

oxidative stress and inflammation. The dynamic nature of our library facilitates constant 

updates to the database as more metabolites are uncovered.
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Fig. 1. 
Characteristic fragmentations and mass spectra of a representative mercapturic acid (MA 

– N-acetyl-S-(2-cyanoethyl)-L-cysteine), glucuronic acid (GA – benzoyl glucuronide), and 

sulfate (SA – phenyl sulfate) metabolite. Complete list of common neutral losses and ion 

fragments used for metabolite annotation are provided in Table 1.
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Fig. 2. 
General workflow showing mass spectrometric analysis of urine samples, annotation of 

phase II metabolites (MAs, GAs and SAs) and post-analytical data and statistical analyses.
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Fig. 3. 
Metabolites detected in all participant samples (n = 844) categorized by annotation 

confidence levels and parent groups.
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Fig. 4. 
Metabolites uncovered in >75 % of participant samples categorized by parent groups.
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Fig. 5. 
Network analysis map showing 37 positively correlated metabolites in four communities. 

Nodes represent individual metabolites. All metabolites have a positive correlation that met 

the correlation threshold of 0.6 and were statistically significant (p < 0.05).
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Fig. 6. 
Principal component analysis (PCA) showing the relationship between four PCs and levels 

of 37 metabolites from the network analysis.
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Table 1
Reported and observed fragmentation signatures – common neutral loss (CNL) and common ion fragment 

(CIF), of mercapturic acid (MA), glucuronic acid (GA), and sulfate (SA) used in this study for metabolite 

annotation.

Metabolite group CNL (formula, Da) Reported CIF (formula, m/z)

Reported Observed in this study

Mercapturic acid (MA) (Xie et al., 2023; Wagner et al., 2006) C5H7NO3

(129.0426)
C5H8NO3S−

(162.0230)
C5H6NO3

−

(128.0353)
C4H6NO−

(84.0455)
C3H6S−

(74.0196)

Glucuronic acid (GA) (Levsen et al., 2005; Huber et al., 2022; Yan 
et al., 2003; Evich et al., 2022)

C6H10O7

(194.0427)
C6H8O6

(176.0321)

C6H7O6
−

(175.0248)
C5H5O3

−

(113.0244)
C4H3O3

−

(99.0088)
C5H3O2

−

(95.0139)
C4H5O2

−

(85.0295)
C2H3O3

−

(75.0088)

C6H9O7
−

(193.0354)
C4H5O4

−

(117.0193)
C4H7O3

−

(103.0401)
C3H3O3

−

(87.0088)

Sulfate (SA) (Levsen et al., 2005; Lafaye et al., 2004) H2SO4

(97.9674)
SO3

(79.9568)

HSO4
−

(96.9601)
SO4

−

(95.9523)
HSO3

(80.9652)
SO3

−

(79.9574)
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Table 2
Description and data requirements for annotation confidence levels, and number of annotated metabolites for 

each level.

Annotation 
confidence

Description Data requirement MA GA SA

Level 1 Metabolite with confident 2D structure.
Matches a reference standard or full structure 
elucidation.

MS/MS and retention time match. 10 4 7

Level 2A Metabolite with probable structure.
Matches an entry in the published databases and 
literature.

MS/MS match with in silico fragmentation 
based on the reported structure (.mol file) and 
external database elucidation (ChemBank, 
DrugBank, HMDB, MassBank, NIST 
Spectra, PubMed, and Urine Metabolome 
Database).

3 13 30

Level 2B Metabolite with probable structure.
Matches an entry in the published databases and 
literature.

MS/MS match with in silico fragmentation 
based on the reported structure (.mol file)

93 125 70

Level 3 Metabolite with proposed structure.
Matches proposed structure in curated library.

One or more library entries with matching 
m/z and elemental composition based on the 
formula.

40 29 n/a

Level 4* Potential metabolite with undetermined 
structure.Match one of following selection criteria 
(refer to Table 1):

• at least one CNL and one CIF

• at least two CIFs

No library match. n/a n/a n/a

Total annotated 146 171 107

n/a: not applicable.

*
Level 4 annotations are not discussed in this manuscript.
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Table 3
Number of phase II metabolites sharing a common parent compound.

# Parent MA GA SA

1 Acetaminophen 2 2 5

2 Benzo[a]pyrene 1 2 1

3 Naphthalene 9 3 1

4 Trihydroxybenzene 2 3 4

5 4-Hydroxy-2-heptenal 4 4

6 4-Hydroxy-2-nonenal 3 2

7 4-Hydroxy-2-octenal 5 3

8 Cinnamaldehyde 3 2

9 Hydroquinone 1 1

10 Limonene 3 3

11 Phenanthrene 6 3

12 Styrene 1 1

13 3-Methoxy-4-hydroxyphenylglycol 1 6

14 Benzoic acid 1 3

15 Caffeic acid 3 8

16 Catechol 1 1

17 Cresol 1 1

18 Dopamine 1 4

19 Ferulic acid 2 3

20 Glycochenodeoxycholic acid 1 1

21 Guaiacol 1 1

22 Homovanillic acid 1 5

23 Indole 1 2

24 Phenol 1 1

Total 40 44 47
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