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A B S T R A C T   

Humans are exposed to numerous chemicals daily, for example through nutrition, therapies, and lifestyle 
choices, which may exert beneficial or toxicological responses. In cohort studies, exposures are frequently 
assessed using questionnaires, although mass spectrometry-based metabolomics has recently emerged as com-
plementary technique capable of yielding molecular evidence of exposures. Corresponding data processing 
workflows, however, have been mostly developed for detecting (omnipresent) endogenous metabolites, whereas 
detection of exogenous chemicals would benefit from fit-for-purpose strategies. In this work, we describe novel 
strategies for improved exposure detection and their application to data from an untargeted metabolomics study 
on urine samples from the TransplantLines Food and Nutrition Biobank and Cohort Study (NCT identifier 
‘NCT02811835’), which includes kidney transplant recipients, potential living kidney donors, and living kidney 
donors (post-donation). Specifically, we describe a reference spectra generation workflow using exposure- 
positive samples to detect more and also previously-undetected chronic exposures, and we present a novel 
approach to establish detection limits based on targeted signal extraction for more reliable and lower-level 
detection of intermittent exposures. These approaches can contribute to unlocking additional exposure-related 
information from small-molecule profiling datasets thus increasing data usefulness in metabolomics research 
and in environmental, food, clinical, and forensic toxicology.   

1. Introduction 

Human health is influenced by daily exposure to numerous chem-
icals, for example through environment, nutrition, lifestyle choices, and 
therapies (DeBord et al., 2016). Accordingly, exposures are an important 
research topic, and questionnaires are the main research tool in the 
corresponding field. This tool, however, relies on self-reporting thus 
involving a considerable degree of subjectivity (Prince et al., 2008; 
Sediq et al., 2018). Participants may, for example, have poor 

recollection of past exposures or misjudge them, which is a known 
source of bias in lifestyle research (Lee et al., 2011; Schaller et al., 2016). 
Thus, there is a need for complementary research tools to study and 
evaluate the potential impact of chemical exposures on health and 
disease. 

Untargeted metabolomics using liquid chromatography (LC) coupled 
to mass spectrometry (MS) is a promising technique in this regard (Ryan 
et al., 2013). This technique allows for acquiring profiles of our body’s 
own (‘endogenous’) chemicals including lipids and sugars, and since 

Abbreviations: APAP, acetaminophen/paracetamol; AZA, azathioprine; CsA, cyclosporine; DIA, data-independent acquisition; ESI, electrospray ionization; LC, 
liquid chromatography; LKD, living kidney donor; MPA, mycophenolate; MS, mass spectrometry; OTC, over-the-counter; PLKD, potential living kidney donor; KTR, 
kidney transplant recipient; SLM, spectral library matching; SRM, selected reaction monitoring. 
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these are similar to many foreign (‘exogenous’) chemicals, metab-
olomics data can also provide information on various exposures (Wal-
lace et al., 2018). However, retrieving this information can be 
challenging, and, as exogenous chemicals are less studied in metab-
olomics research, there is a lack of reference data required for identifi-
cation purposes (Jones, 2018). The levels of xenobiotics can furthermore 
show large variation across different samples and may be of intermittent 
rather than chronic nature. In contrast, endogenous metabolites are 
often present in all samples and vary within defined concentration 
ranges. In fact, metabolomics researchers often apply the so-called ‘80% 
rule’ (Bijlsma et al., 2006) to their data in order to extract only those 
signals that are present in at least 80% of the samples. The resulting 
dataset will thus include information on omnipresent endogenous me-
tabolites and on some frequently-occurring exogenous chemicals like 
caffeine and its metabolites, while information on less 
frequently-occurring exogenous chemicals is lost (Klont et al., 2020). 
Altogether, analytical and data (pre-)processing workflows used in 
metabolomics research can form the basis of complementary research 
tools for studying exposures, yet refinements of corresponding concepts 
and principles are required to unlock more exposure-related 
information. 

Here, we present an untargeted LC-MS-based metabolomics work-
flow and describe its application to over 1000 urine samples from the 
TransplantLines Food and Nutrition Biobank and Cohort Study (NCT 
identifier ‘NCT02811835’) (van den Berg et al., 2014), which includes 
kidney transplant recipients, potential living kidney donors, and living 
kidney donors (post-donation). Using these data, we describe the 
development and application of novel data processing strategies to in-
crease metabolomics data usefulness when studying chronic and inter-
mittent exposure to xenobiotics in cohort studies. 

2. Materials and methods 

2.1. Study population and samples 

Adult kidney transplant recipients (KTR) who had been transplanted 
at the University Medical Center Groningen (UMCG), who were at least 
one year post-transplantation and who had no known or apparent sys-
temic diseases (e.g., malignancies, active infections) were approached 
for participation in the ‘TransplantLines Food and Nutrition Biobank and 
Cohort Study (TxL-FN)’ (NCT identifier ‘NCT02811835′) during outpa-
tient clinic visits between 2008 and 2010, as described previously (van 
den Berg et al., 2014). Written informed consent was obtained from 707 
of the 817 initially-invited KTR, and urinary small-molecule profiles 
were obtained for 688 KTR from whom 24-h urine samples were avail-
able. Profiling analysis was also performed on samples from 283 of the 
300 (supposedly-)healthy subjects who were screened as potential living 
kidney donors (PLKD) in the same period and from whom samples were 
available. Of these 283 subjects, 147 eventually became living kidney 
donors (LKD), and both pre-donation (at time of screening) and 
post-donation (3 months after donation) samples were available and 
consequently analyzed for 107 of them. Sample collection, handling, 
storage, and shipment was performed as described previously (Klont 
et al., 2021). 

2.2. Clinical database 

The biobank data controller provided pseudonymized views of 
selected clinical metadata, and the corresponding variables are not 
considered as ‘personal data’, according to GDPR Article 4(1) and GDPR 
Recital 26(5). Clinical variables were measured (e.g., anthropometric 
parameters), queried (e.g., dietary intake), retrieved from medical re-
cords (e.g., transplantation-related variables) or retrieved through 
anamnesis (e.g., drug use information) at the time of sampling, or were 
obtained on the basis of a continuous surveillance system of the 
outpatient program (e.g., outcome measures, which were recorded until 

December 2017). 

2.3. Sample preparation 

Ultra-deep-frozen urine samples were warmed (− 25 ◦C, overnight), 
thawed (2–6 ◦C, <2 h), vortex-mixed (30 s), and centrifuged (4 ◦C, 10 
min, 14,000×g) to pellet debris. Next, 70 μL of supernatant were 
transferred to glass autosampler vials (BGB; Cat. No. SF2) with glass 
inserts (BGB; Cat. No. 110501), mixed with 14 μL of a 5 pmol/μL internal 
standard solution in 10% methanol (see Supplemental Table S1) by 
vortex-mixing (30 s), sealed with plastic caps (BGB; Cat. No. 070301), 
and 24 μL of the resulting mixture was injected into the LC-MS system. 

2.4. Liquid chromatography-mass spectrometry-based small-molecule 
profiling 

Small-molecule profiling was performed by normal-flow, reversed- 
phase liquid chromatography on a Dionex Ultimate 3000 RS liquid 
chromatography system coupled to a high-resolution SCIEX TripleTOF® 
5600 mass spectrometer operated in the SWATH data-independent 
acquisition (DIA) mode (Hopfgartner et al., 2012; Gillet et al., 2012) 
and equipped with a DuoSpray™ ion source and an IDEX calibrant de-
livery system, which enabled automatic system recalibration once per 
hour (i.e., every three samples). Twenty-four microliters of sample so-
lution (corresponding to 20 μL of urine and containing 20 pmol of each 
internal standard) were analyzed by LC-MS in positive (ESI+) and 
negative (ESI-) electrospray ionization mode using different LC columns 
and different aqueous mobiles for each ionization mode. See Supple-
mental Table S2 for a detailed overview of LC and MS analytical 
parameters. 

2.5. Data processing 

Chemical identification was performed using SCIEX PeakView soft-
ware (version 2.2.0.11391), as described previously (Klont et al., 2021), 
and targeted signal extraction was performed using the same software 
and with the SCIEX MultiQuant software (version 2.1) with a ±2.5 mDa 
mass extraction window and a 2.0-point Gaussian smoothing width. 
Targeted feature extraction and uni- and multivariate analyses were 
performed using a custom-modified version of the SCIEX MarkerView 
software (version 1.3.1) after establishing a data preprocessing pipeline 
(see Supplemental Fig. S1) to convert raw MS data to a list of signal 
intensities for the aligned three-dimensional features (i.e., 
mass-to-charge ratio (m/z), retention time, MS experiment) across the 
different samples. See Supplemental Tables S3 and S4 for a detailed 
overview of data (pre)processing settings. 

3. Results & discussion 

In the following sections, we present details of the included clinical 
samples and the metabolomics analyses which were conducted (section 
3.1.), we describe an approach for improved xenobiotic identification 
and demonstrate its usefulness based on a selection of chronic exposures 
(section 3.2.), we highlight the importance of switching between 
feature-based quantitative data and SRM-like quantitative data based on 
exemplary chronic exposures (section 3.3.), and we present an approach 
to establish detection limits for more reliable detection of intermittent 
exposures which can be used for both qualitative and quantitative pur-
poses (section 3.4.). 

3.1. Descriptive statistics 

Available urine samples from the TxL-FN study (van den Berg et al., 
2014) including 688 stable kidney transplant recipients (KTR), 283 
supposedly-healthy subjects screened as potential living kidney donors 
(PLKD), and 107 PLKD who eventually donated a kidney (LKD) (see 
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Supplemental Table S5), were analyzed with an untargeted 
LC-SWATH/MS-based small-molecule profiling workflow in both posi-
tive ion (ESI+) and negative ion (ESI-) mode. The samples were 
measured between September 2020 and January 2021 in twenty-four 
different batches, which were constructed based on available 
best-practice guidelines (Broadhurst et al., 2018). Within each batch, 
analytical performance was monitored using stable isotope-labelled 
standards, which guided the decision to reanalyze six ESI+ and four 
ESI- samples where signals for the main internal standard (i.e., diclofe-
nac-13C6) were below (an arbitrary cutoff value of) 25% of its 
intra-batch average value. These standards also aided in assessing 
retention times shifts and inter-batch differences in signal intensities, 
used for determining retention time tolerance values of feature align-
ment (i.e., constant offset correction based on diclofenac-13C6’s pre-
cursor ion) and verifying the performance of feature normalization (i.e., 
scaling based on a diclofenac-13C6-derived fragment ion) procedures, 
respectively. For the latter, preprocessed data for each subject group 
were evaluated following a rapid systematic check based on principal 
component analysis (PCA) using Pareto scaling and labelling of data 
points according to the analytical batch in which they were measured 
(see Supplemental Fig. S2). For all sample groups, the first two principal 
components showed no batch effects that required further compensation 
and, in the case of the KTR, already showed separation of groups based 
on clinically relevant factors, namely usage of immunosuppressive drugs 
(see Fig. 1). Specifically, the first two principal components indicated 
separation of users of the calcineurin inhibitor-type drugs cyclosporine 
A and tacrolimus and the antimetabolite-type drugs azathioprine and 
mycophenolate. Furthermore, the ‘real-worldness’ of the preprocessed 
data as well as the potential effect of the normalization procedure on 
such real-worldness was assessed based on the relative distributions of 
the first significant digits of feature signals. This rapid check indicated 
good agreements with Benford’s law (Benford, 1938) for all groups in 
both ion modes (see Supplemental Fig. S3), which suggests that the 
selected normalization strategy did not cause apparent data distortion. 

3.2. Qualitative information on chronic exposures 

A cornerstone of endogenous chemical identification in MS/MS- 
based metabolomics is the matching of experimental fragment spectra 
with reference spectra from a spectral library. This ‘spectral library 
matching (SLM)’ is also an attractive approach for identifying xenobi-
otics in SWATH/MS-based metabolomics data, particularly when they 
reflect exposures occurring at rather frequent and constant intervals (i. 
e., chronic exposures). To illustrate, people who drink coffee, smoke 

cigarettes, or receive pharmacotherapeutic treatments for chronic dis-
eases are generally exposed to the same or comparable quantities of the 
corresponding chemicals every day. Levels of these chemicals in the 
body thereby reach a steady-state(-like) level, which can often be quite 
high, as is beneficial for their identification. 

When studying the immunosuppressive drugs azathioprine (AZA), 
mycophenolate (MPA), and cyclosporine A (CsA) in our study, repre-
sentative reference standards could readily be purchased and facilitated 
the identification of these drugs (see Table 1). For CsA, identification 
was based on the drug itself, while AZA and MPA identifications relied 
on standards of drug metabolites, respectively being 6-thiouric acid and 
glucuronidated MPA. These examples indicate that SLM-based identifi-
cation of xenobiotics can be straightforward and effective, although we 
did employ a simple feature-based check of SLM results (see Supple-
mental Fig. S4) to limit the number of misclassifications. 

For these immunosuppressive drugs, representative reference stan-
dards could readily be purchased, which also applies to many endoge-
nous metabolites. Such good availability of reference standards partly 
explains their importance in metabolomics research, as seen in the 
minimum requirements for reporting on chemical identifications pro-
posed by the prestigious Metabolomics Standards Initiative (MSI) 
(Sumner et al., 2007). The MSI states that chemicals are preferably 
identified using in-house-acquired reference spectra obtained from 
chemical reference standards (i.e., “level 1” identifications), as used for 
the immunosuppressive drugs mentioned above. However, employing 
less stringent criteria may also yield valid identifications, which is 
reassuring for xenobiotic studies since obtaining standards for every 
xenobiotic and xenobiotic metabolite is unrealistic. 

Regarding lower-level identifications, the MSI differentiates between 
“level 2” identifications that rely on reference spectra present in public 
or commercial spectral libraries, “level 3” identifications that are based 
on spectral similarity to known compounds of a chemical class, and 
“level 4” identifications which represent unclassified chemicals that can 
be differentiated based upon spectral data. We found, however, that an 
additional identification level (i.e., “level 2.5”) may be possible, in 
particular when targeting xenobiotics. These identifications use in- 
house-acquired reference spectra obtained from exposure-positive 
samples, as illustrated in Fig. 2. We applied this approach to a series 
of chronic exposures (see Table 2) which allowed us to target more ex-
posures in human urine as compared to only using a regular, reference 
standards-based spectral library. Thus the approach has potential for 
improved xenobiotic identification, although it should be mentioned 
that it does not apply to identifying ‘unknown unknowns (Little et al., 
2011)’ (i.e., chemicals that are neither expected nor previously 

Fig. 1. Pareto-scaled scores plots for unsupervised principal component analysis of MS2 level (A, B) ESI+ and (C) ESI- data of kidney transplant recipients, with 
indication of (A) expected calcineurin inhibitor-type immunosuppressive drug use (i.e., cyclosporine A, tacrolimus) and (B, C) expected antimetabolite-type 
immunosuppressive drug use (i.e., azathioprine, mycophenolate) derived from drug use information in the clinical database. 
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described), which remains one of the largest challenges in 
small-molecule profiling research (Peisl et al., 2018). 

3.3. Quantitative information on chronic exposures 

A distinct feature of DIA workflows including SWATH/MS is the 
opportunity to extract quantitative information from the more selective 
MS2-level as compared to full-scan and DDA approaches which quantify 

Table 1 
Spectral library matching-based identification of immunosuppressive drugs using commercial reference standards in urine from 688 kidney transplant recipients and 
comparison of corresponding molecular evidence of drug use with the drug use information present in the available clinical database.  

Drug Expected Positives Expected Negatives Confirmed Positives (CPR)a Confirmed Negatives (CNR)b Unconfirmed Positives Unconfirmed Negatives 

Azathioprinec 120 568 115 (97%) 565 (99%) 5 3 
Mycophenolated 450 238 444 (96%) 219 (97%) 6 19 
Cyclosporine Ae 268 420 262 (93%) 400 (99%) 6 20  

a CPR = confirmed positive rate = Confirmed Positives/(Confirmed Positives + Unconfirmed Negatives) × 100. 
b CNR = confirmed negative rate = Confirmed Negatives/(Confirmed Negatives + Unconfirmed Positives) × 100. 
c Identified as 6-thiouric acid in the ESI-positive mode (see Supplemental Fig. S5). 
d Identified as mycophenolate glucuronide in the ESI-negative mode (see Supplemental Fig. S6). 
e Identified as cyclosporine A in the ESI-positive mode (see Supplemental Fig. S7). 

Fig. 2. Schematic overview of spectral library building using in-house-acquired reference spectra obtained from exposure-positive samples. In short, supervised 
feature-based analyses are performed on known exposure-positive and exposure-negative samples thereby yielding a list of exposure-associated features. These 
features are subsequently assessed manually to assign precursor m/z’s of the corresponding exposure associated chemicals, after which fragment spectra of these 
precursors are obtained from representative exposure-positive samples. Next, reference spectra are extracted and collected in a custom spectral library after 
annotating, filtering, and recalibrating the experimental fragment spectra, as has been described previously (Bruderer et al., 2018). 

Table 2 
Spectral library matching-based identification of antihypertensive drugs using reference spectra obtained from exposure-positive samples in urine from 688 kidney 
transplant recipients and comparison of corresponding molecular evidence of drug use with the drug use information present in the available clinical database.  

Drug Expected 
Positives 

Expected 
Negatives 

Expected 
Unknowns 

Confirmed 
Positives (CPR)a 

Confirmed 
Negatives (CNR)b 

Unconfirmed 
Positives 

Unconfirmed 
Negatives 

Unexpected 
Positives 

AT2 
antagonists: 

104 583 1 91 (96%) 579 (98%) 13 4 0 

Candesartanc 11 676 1 5 676 6 0 0 
Irbesartanc 36 651 1 36 645 0 6 0 
Losartanc 44 643 1 42 643 2 0 0 
Telmisartang 6 681 1 0 681 6 0 0 
Valsartanc 7 680 1 6 680 1 0 0 
ACE inhibitors: 227 461 0 213 (94%) 448 (97%) 14 13 N/A 
Captoprilf 3 685 0 2 685 1 0 N/A 
Enalaprile 190 498 0 179 488 11 10 N/A 
Lisinoprilc 20 668 0 18 665 2 3 N/A 
Perindoprile 10 678 0 8 678 2 0 N/A 
Quinaprile 1 687 0 1 686 0 1 N/A 
Ramiprile 3 685 0 3 684 0 1 N/A 
Beta blockers: 436 252 0 425 (96%) 235 (96%) 11 17 N/A 
Atenololc 24 664 0 22 662 2 2 N/A 
Bisoprololc 13 675 0 13 675 0 0 N/A 
Carvedilold 3 685 0 3 684 0 1 N/A 
Labetalold 9 679 0 9 679 0 0 N/A 
Metoprololc 368 320 0 359 304 9 16 N/A 
Nebivolold 4 684 0 2 684 2 0 N/A 
Propranolold 4 684 0 4 684 0 0 N/A 
Sotalolc 11 677 0 11 677 0 0 N/A  

a CPR = confirmed positive rate = Confirmed Positives/(Confirmed Positives + Unconfirmed Negatives) × 100. 
b CNR = confirmed negative rate = Confirmed Negatives/(Confirmed Negatives + Unconfirmed Positives) × 100. 
c Identified as active pharmaceutical ingredient in the ESI-positive mode (see Supplemental Figs. S8, S9, S10, S12, S15, S19, S20, S23, S26). 
d Identified as glucuronide of the active pharmaceutical ingredient in the ESI-positive mode (see Supplemental Figs. S21, S22, S24, S25). 
e Identified as hydrolyzed prodrug in the ESI-positive mode (see Supplemental Figs. S14, S16, S17, S18). 
f Identified as captopril-cysteine disulfide in the ESI-positive mode (see Supplemental Fig. S13). 
g Targeted as telmisartan glucuronide in the ESI-positive mode (see Supplemental Fig. S11) but was not identified as telmisartan is (almost) completely cleared 

hepatically. 
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chemicals using MS1-level data. SWATH/MS workflows even allow for 
quantifying xenobiotics in a selected reaction monitoring (SRM-)like 
manner which is the current gold standard approach for MS-based small- 
molecule quantification (Domingo-Almenara et al., 2018). Still, most 
SWATH/MS small-molecule profiles are assessed on a feature level, thus 
relying on three-dimensional features (i.e., mass-to-charge ratio (m/z), 
retention time, MS experiment) that are detected, aligned, and filtered 
using open-source or commercial software tools. These 
automatically-integrated signals may often correlate well with corre-
sponding signals integrated in an SRM-like manner, although discrep-
ancies could be observed between both data sources. When, for example, 
assessing quantitative data for the immunosuppressive drugs in our 
study, lower signal intensities were generally found for higher-level 
features compared to SRM-like data and some lower-level signals were 
furthermore not detected as feature at all (see Supplemental 
Figs. S27–S32). It is thus advisable to inspect quantitative data in an 
SRM-like manner, for example to evaluate chromatographic resolution 
and to select appropriate ‘quantifier fragments’, and not blindly trust 
feature-based data. 

The relevance of such inspection could be further substantiated by 
the two possible azathioprine metabolites which were found in all AZA- 
positive samples and which showed spectral similarity to AZA and 
multiple AZA metabolites (see Supplemental Figs. S33 and S34). 
Feature-based assessment initially revealed one AZA-related signal at 
m/z 199 which turned out to be two distinct, but closely-eluting signals 
upon SRM-like data assessment. These signals had been combined into 
one feature as their retention time difference was smaller than the 
retention time tolerance set for feature detection. A straightforward 
solution here is to use a smaller retention time tolerance, but this be-
comes impractical if data from multiple analytical batches are combined 
due to inevitable variations in retention time. Altogether, feature-based 
quantitative data can detect potentially-interesting trends, but for any 
further evaluation of such trends, it is advisable to benefit from the 
ability of SWATH/MS to yield SRM-like quantitative data. 

3.4. Qualitative and quantitative information on intermittent exposures 

Exposures are often not chronic and thus will not be present at fairly 
constant levels in matrices like blood and urine. Notable examples of 
such intermittent exposures are over-the-counter (OTC) analgesics 
which people (hopefully) take on an ‘as needed’ basis. At a certain time 
after exposure, the levels of corresponding chemicals will drop below a 
detection limit whilst still being present in sample, as is illustrated in 

Fig. 3A, which may complicate their identification. Currently-available 
SLM tools can, however, enable the setting of low intensity thresholds to 
aid the detection of low-abundance chemicals but thereby also are 
susceptible to giving incorrect results. 

For intermittent exposures of interest, it may furthermore be useful 
to include stable isotope-labelled standards as internal standard in a 
profiling workflow as these could aid in detecting the corresponding 
xenobiotic at lower levels. To illustrate, we performed SLM using typical 
search parameters and a commercial spectral library (i.e., SCIEX 
‘Forensic’, version 1.1) on a selection of OTC non-steroidal anti-in-
flammatory drugs (NSAIDs) for which we had included internal stan-
dards in our workflow. Hence, we were able to extract quantitative 
information in an SRM-like manner for these chemicals in the form of 
light-to-heavy peak area ratios of chemical-specific fragment ions. 
Fig. 3B shows such quantitative data for all studied samples with 
different labelling depending on SLM outcomes and plausibility of the 
presence of corresponding chemicals. With respect to the latter, this was 
assessed based on peaks present in all chemical-specific SRM-like traces 
(i.e., precursor, residual precursor, fragments) at the same and expected 
retention time (see Supplemental Figs. S35–S37). 

Internal standards can thus be very useful, yet it is unrealistic to 
include internal standards for every possible chemical in an untargeted 
profiling workflow. This necessitates SLM parameters to be set appro-
priately which often involves setting an intensity threshold. In the case 
of SWATH/MS-based profiling analyses, however, it is arguably not 
prudent to employ intensity thresholds at a fixed value for all SWATH 
windows within one experiment, for all experiments in one analytical 
batch, and for all batches within one study. Such a parameter could 
become a source of post-analytical bias, for example by favoring the 
identification of chemicals present in relatively ‘empty’ SWATH win-
dows, chemicals present in more concentrated samples, and chemicals 
analyzed under ‘clean’ analytical conditions (e.g., post-instrument 
cleaning). The use of batch- and chemical-specific detection limits 
would accordingly enhance the qualitative potential of SWATH/MS- 
based workflows. Thus, we developed an approach to estimate such 
detection limits (see Fig. 4) using detection limit-related principles from 
the field of regulated bioanalysis. 

Taking the drug acetaminophen (APAP) and four of its metabolites as 
examples, signals of each chemical were extracted individually in an 
SRM-like manner targeting the precursor ion at the MS1-level plus the 
residual precursor ion and multiple fragment ions at the MS2-level. 
Signals were only integrated when peaks were observed in all of the 
chemical-specific SRM-like traces at the same (and expected) retention 

Fig. 3. (A) Pharmacokinetic curve of a hypothetical xenobiotic and its metabolite, with indication of their hypothetical detection limits. (B) Light-to-heavy peak area 
ratios of fragment ions commonly-used for quantitative purposes (Ganesan et al., 2020) for three over-the-counter (OTC) non-steroidal anti-inflammatory drugs in 
human subjects, with indication of spectral library matching (SLM) results and the outcomes of subsequent assessment of chemical-specific SRM-like traces. (C) 
Molecular evidence of acetaminophen (APAP) in human subjects, as determined based on APAP and four APAP metabolites detected using estimated detection limits 
for fragment ions commonly-used for quantification (Flint et al., 2017). 
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time (see Supplemental Figs. S38–S41). This resulted in non-integrated 
samples which were considered as ‘negative’ and integrated samples 
which were considered as ‘possibly positive’. Next, a quantifier fragment 
was selected based on prior knowledge (i.e., previously published 
quantitative methods) and a lack of interferences in the corresponding 
traces, and peak integration was forced in the quantifier trace of each 
sample. All negative samples within one batch were subsequently used 
to calculate a chemical- and batch-specific detection limit by taking the 
average of these signals plus 3.291 times their standard deviation (based 
on the Z-score corresponding to a 99.9% confidence interval). Using this 
limit, exposure-positive samples were extracted from the pool of 
possibly positive samples, which in case of APAP comprised a consid-
erable proportion of the samples studied, as shown in Fig. 3C. Our 
approach of setting detection limits based on extracting SRM-like data 
can be adopted for other intermittent exposures while also chronic ex-
posures, both for qualitative and quantitative purposes. Moreover, this 
principle allows us to take advantage of the DIA-nature of SWATH/MS 
and may furthermore be adopted for other types of DIA data. 

Finally, Fig. 3C and Supplemental Fig. S42 show clinically- 
interesting data, but also highlight an additional difficulty of xenobi-
otic identification, namely the situation that multiple chemicals 

originating from the same exposure can yield different classifications of 
exposure-positive and exposure-negative subjects. In such situations, 
prior knowledge on the metabolism and kinetics of a xenobiotic, as well 
as some insights into its chemical stability and that of its metabolites, 
can aid the selection of one or more ‘qualifier chemicals’ on which an 
exposure status is based. Moreover, corresponding decision criteria can 
be determining factors for a study’s outcomes and need to be commu-
nicated markedly and precisely to allow others to interpret individual 
study findings and to compare findings of different studies. 

4. Conclusion 

Chemical exposures can leave traces in biological matrices like urine 
and blood which are frequently collected in clinical studies. In order to 
unlock corresponding information from these samples, there is a need 
for sophisticated analytical methods like the untargeted ‘SWATH’ mass 
spectrometry-based metabolomics presented in this work. With this 
workflow and upon applying novel data processing strategies, we were 
able to detect several chronic and intermittent exposures in an effective 
and reliable manner. Notably, we used known exposure-positive sam-
ples to generate reference spectra of exposure-related chemicals that can 
be difficult, impractical, or even impossible to obtain in their pure form, 
which is the preferred source of reference spectra in metabolomics 
research. This approach was applied for the identification of multiple 
immunosuppressive and antihypertensive drugs in urine from 688 kid-
ney transplant recipients. Also, we developed an approach to establish 
detection limits for more reliable detection of intermittent exposures 
borrowing principles from the field of regulated bioanalysis and making 
optimal use of the ability of SWATH/MS workflows to yield SRM-like 
quantitative data. This approach was applied to the over-the-counter 
analgesic drug acetaminophen and four of its metabolites thereby 
demonstrating the performance and potential importance of this 
approach. Altogether, these developments may contribute to identifi-
cation of more exposures as well as to more reliable and more sensitive 
detection of exposures in clinical studies thereby allowing for a deeper 
understanding of their impact on health and disease. The usefulness of 
these developments, however, depends on their future integration in 
(open-source) data processing platforms as they currently require 
considerable proficiency in analytical chemistry, regulated bioanalysis, 
and biopharmaceutical sciences. 
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