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Pharmaceutical polymers and excipients represent interesting but
often overlooked chemical classes in clinical exposure and bioana-
lytical research. These chemicals may cause hypersensitivity reac-
tions, they can be useful to confirm exposure to pharmaceuticals,
and they may pose bioanalytical challenges, including ion suppres-
sion in liquid chromatography-mass spectrometry (LC-MS-)based
workflows. In this work, we assessed these chemicals in light of a
rather surprising finding presented in two previously published
studies, namely that usage of cyclosporine A, an immunosuppres-
sive drug which is known to be cleared through excretion in the
bile, explained the largest amount of variance in principal com-
ponent analysis of urinary LC-SWATH/MS small-molecule profiling
data. Specifically, we examined the freely-accessible 24-hour urine
metabolomics data of 570 kidney transplant recipients included in
the TransplantLines Biobank and Cohort Study (NCT03272841).
These data unveiled thousands of high-abundance polymer peaks
in some samples, which were associated with the use of the
macrogol (i.e., polyethylene glycol) 3350 oral laxative agent. In
addition, we found multiple clusters of high-abundance peaks
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which were linked to the exposure to two pharmaceutical excipi-
ents, namely short-chain polyethylene glycol (molecular weight
<1000 Da) and polyethoxylated castor oil (also known as
Kolliphor® EL or Cremophor® EL). Respectively, these excipients
are used in temazepam capsules and cyclosporine A capsules, and
the latter provides a plausible explanation for the rather surprising
finding that instigated our work. Moreover, such explanation and
our findings in general put emphasis on taking into consideration
these and other pharmaceutical polymers and excipients when
exploring, processing, and interpreting clinical small-molecule
profiling data.

1 Introduction

Untargeted metabolomics by liquid chromatography coupled
to mass spectrometry (LC-MS) is gaining momentum in clini-
cal research, for example for identification of disease-related
mechanisms, biomarkers, and druggable targets."”* This tech-
nique is furthermore used increasingly to obtain molecular
evidence of chemical exposures, including dietary (e.g.,
caffeine, ethanol), lifestyle (e.g., tobacco smoke, illicit drugs),
and medical exposures (e.g., therapeutic drugs).>”® Such evi-
dence could enable the verification of clinical data retrieved
through anamnesis and questionnaires, thus reducing various
sources of bias in clinical exposure research.” In addition,
metabolomics can provide insights into un- and/or underre-
ported exposures and into the real-world metabolism of xeno-
biotics, all representing rather underexplored application areas
with considerably high clinical potential.>®

For most applications of wuntargeted metabolomics,
researchers can benefit from both the qualitative and quanti-
tative  opportunities offered by the corresponding
techniques.”® However, there are still ample challenges relat-
ing to these two opportunities preventing metabolomics from
achieving its full potential in clinical research. Many of these
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challenges are and can be tackled through development and
application of advanced bioinformatics approaches.”™!
Nonetheless, the skills and critical eye of metabolomics
researchers will likely remain crucial for enhancing data utiliz-
ation, creating innovative applications, and finding novel areas
of attention and improvement.

Regarding potential areas of attention, two recently pub-
lished clinical metabolomics studies reported a similar and
rather surprising finding which, we believe, warrants further
investigation. The corresponding publications presented
urinary metabolomics data of 688> and 570° stable kidney
transplant recipients, and both papers featured principal com-
ponent analysis (PCA) scores plots in which the largest
amount of variance seemed to be explained by usage of the
immunosuppressive drug cyclosporine A (CsA). This drug is,
however, known to be excreted in the bile with only small per-
centages of the drug ending up in urine.'” CsA and its metab-
olites may thus be expected in urine, yet it is arguably unlikely
that analytical signals derived from this exogenous compound
explained more variance in PCA than, for example, usage of
the drug mycophenolate (mofetil) which could be identified in
the majority of urine samples in both studies,>® is given in
much higher dosages (i.e., grams rather than milligrams), and
is known to be predominantly excreted in urine.

In this work, we aimed to provide a possible explanation for
this unexpected observation for which we used one of the
abovementioned datasets which are available through an
open-access online data repository. In addition, we aimed to
assess the corresponding findings in the context of the quanti-
tative opportunities of the employed metabolomics workflow,
with a distinct focus on the effectiveness of commonly used
data normalization strategies, which aim to reduce the impact
of various sources of unwanted (technical) variation.

2 Experimental
2.1 Clinical and metabolomics data

This study used existing 24-hour urine metabolomics data of
570 kidney transplant recipients included in the
TransplantLines Biobank and Cohort Study (NCT identifier
NCT03272841), which was approved by the Institutional
Review Board of the University Medical Center Groningen
(UMCG; decision METc 2014/077), which adheres to the
UMCG Biobank Regulation, the Declaration of Helsinki, and
the Declaration of Istanbul, and for which informed consent
was obtained from all participants."® The corresponding ana-
lyses have been described in detail elsewhere,’ and the meta-
bolomics data have been deposited in an open-access data
repository as can be found at: https:/doi.org/10/gqmqtw (as
sub-study 2).

2.2 Data analysis

Visual exploration of chromatograms and mass spectra was
performed using SCIEX PeakView (version 2.2.0.11391), and all
feature-based analyses were performed using a custom-modi-
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fied version of SCIEX MarkerView (version 1.3.1) after first con-
verting raw MS data to a list of peak area-based signal intensi-
ties for the aligned two-dimensional features (i.e., mass-to-
charge ratio (m/z), retention time) across the different samples
using the same software. Regarding the feature data, these
were either assessed directly or after applying most likely ratio-
based normalization,'* total area sums-based normalization,
median peak ratios-based normalization, normalization based
on all five included internal standards, and normalization
based on the diclofenac-"*Cs internal standard only. See
Table S1 in the ESIT for a detailed overview of data (pre)proces-
sing settings.

3 Results and discussion
3.1 Detection of pharmaceutical polymers and excipients

Initial exploration of the metabolomics data consisted of a
visual inspection of the total ion current chromatograms (TIC),
as are shown in Fig. 1A, which yielded several interesting find-
ings. Firstly, CsA users could readily be spotted by solely
looking at their TICs based on a large peak at 14.5 min reflect-
ing CsA, as was described previously,” and possible CsA metab-
olites (see Fig. 1B). Moreover, CsA users could also be spotted
based on unusual clusters of peaks between 8 and 11 min (see
Fig. 1B).

Regarding these clusters, corresponding mass spectra
revealed 7 m/z differences between the doubly-charged peaks
within each cluster (see Fig. S1 in the ESIT). In addition, 22
m/z differences were observed between the doubly-charged
peaks in adjacent clusters (see Fig. S1 in the ESIf). These
signals presumably reflect lipids with different numbers of
methylene units (+14 Da) and different numbers of ethoxy
groups (+44 Da), as we based on the fact that CsA is typically
administered in an oral formulation containing polyethoxy-
lated castor oil, also known as Kolliphor® EL or Cremophor®
EL." When subsequently inspecting the principal component
analysis (PCA) loadings plot of the metabolomics dataset (see
Fig. S2 in the ESI{), many of these peaks were found as strong
contributors to PC1. Thereby, we believe that this pharma-
ceutical excipient may have contributed to the previously
reported observations>® that the first principal component in
PCA analysis showed separation based on confirmed CsA use
when analyzing urinary metabolomics data of kidney trans-
plant recipients. However, the intensity levels of signals in the
peak clusters between 8 and 11 min do not allow for a com-
plete separation of CsA users from CsA nonusers (see Fig. S3
in the ESIT), as in some users these signals gave intensity
values comparable to the background peaks in the corres-
ponding regions. In this regard, it should be taken into
account that the analyzed data originates from a study of
renally-impaired individuals, hence urine might not be the
most suitable biological matrix to determine drug exposure
statuses.

A pattern of multiple high-abundance peaks comparable to
those observed between 8 and 11 min was also seen in some

This journal is © The Royal Society of Chemistry 2024
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Fig. 1 Total ion current chromatograms (TIC) of (A) all 570 urine samples, (B) a user of the immunosuppressive drug cyclosporine A, (C) a user of
the short-acting benzodiazepine drug temazepam, and (D) a user of the laxative agent macrogol 3350, as well as (E) MS1 extracted ion chromato-
grams of the internal standards which were all added at 1 pmol (0.15-0.30 ng) per pL urine corresponding to 20 pmol (3—-6 ng) injected onto the LC
column. The Fig. S1, S3, and S67 furthermore include MS1 spectra of the peaks/regions highlighted with dotted-line boxes in the Fig. 1B, C, and D.

study participants between 5 and 9 min (see Fig. 1c). The
corresponding mass spectra (see Fig. S4 in the ESIf) did not
show series of doubly-charged peaks with 7 and 22 m/z differ-
ences but rather series of singly-charged peaks with 44 m/z
differences. These peaks could be identified by spectral library
matching as ammonium adducts of short-chain (7- to 12-mer)
polyethylene glycol molecules (see Fig. S5 in the ESIf). The
presence of these peaks furthermore aligned reasonably well
with usage of the short-acting benzodiazepine drug temaze-
pam, as was based on the (self-reported) drug use information
available in the corresponding clinical database. Such align-
ment seems explicable given that temazepam is often formu-
lated as an oral capsule in which the active pharmaceutical
ingredient is dispersed in short-chain polyethylene glycol
(molecular weight below 1000 Da) to ensure a rapid release.
This alignment also improved when using molecular evidence
of (presumed) temazepam exposure, as relied on the identifi-
cation of a phase II metabolite of this drug through spectral
library matching (see Fig. S6 in the ESI}). A plausible expla-
nation here is that temazepam is generally used on an ‘if
needed’ (or: ‘pro re nata’, PRN) basis, while possibly also con-
sidering that it is a drug that is often misused and abused. It
should be noted, however, that there is no perfect agreement
between any of the two abovementioned temazepam exposure
statuses and the intensity levels of signals in the peak clusters
between 5 and 9 min (see Fig. S7 in the ESIf). Concretely,
these peak clusters were not observed in some of the temaze-

This journal is © The Royal Society of Chemistry 2024

pam users, which should likely be viewed in the context that
temazepam can also be supplied as an oral tablet which does
not contain polyethylene glycol excipients. Still, we believe that
the pharmaceutical excipient is a probable cause for the series
of high-abundance peaks observed between 5 and 9 min in
some of the urine samples.

Besides unusual peak clusters, some samples also featured
a single, large, and broad peak at 12-12.5 min (see Fig. 1d)
which caught our attention when visually inspecting the TICs.
The corresponding mass spectra revealed a plethora of multi-
ply-charged peaks which roughly corresponded to monoisoto-
pic masses in the range of 3000 to 3500 Dalton (see Fig. S8 in
the ESIT). The latter hinted towards usage of macrogol (i.e.,
polyethylene glycol) 3350 oral laxative agents, which was sup-
ported by the (self-reported) drug use information available in
the corresponding clinical database. However, agreement
between the latter information and intensity levels of signals
in the peak at 12-12.5 min is far from perfect (see Fig. S9 in
the ESIT), as may be expected given that these laxative agents
are often used on a PRN basis. Still, we believe that our find-
ings may seem to disagree with the general understanding that
macrogol laxative agents are not (or only in trace amounts)
absorbed from the gastrointestinal tract.®

Altogether, the abovementioned findings suggest that
pharmaceutical polymers and excipients could lead to (ten)
thousands of high-abundance peaks being detected in clinical
metabolomics datasets. As such, these peaks could potentially
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impact commonly used metabolomics data (pre)processing
steps, in particular data normalization procedures, based on
their high numbers and abundances but also by suppressing
the signals of internal standards (see Fig. 1e). Thereby,
pharmaceutical polymers and excipients may potentially affect
the quantitative potential of LC-MS-based metabolomics, as
will be discussed below.

3.2 Selection of exemplary quantifier signals

To assess the quantitative performance of the workflow that
was used to obtain the data studied in this work, we selected
two target analytes, namely the endogenous muscle break-
down product creatinine and the exogenous compound coti-
nine which is a phase I metabolite of nicotine. These com-
pounds were the only two compounds which could both be
detected in the metabolomics datasets and for which quanti-
tative data was already available in the clinical database
through prior performance of routine measurements in ISO
15189 certified laboratories.

Next, we evaluated the correlations between (unnormalized)
signals in the metabolomics dataset and the available ‘refer-
ence’ data (see Fig. 2). These evaluations yielded fairly linear
correlations for the MSi-level precursor ions while various
degrees of saturation were observed for the MS2-level residual
precursor ions and representative MS2-level fragment ions. A
possible explanation for this phenomenon is the use of the so-
called ‘ion transmission control’ feature which could only be
enabled for MS1-level acquisition on the MS instrument used
to obtain the metabolomics data. Consequently, using the
MS1-level precursor ions seems preferable for quantitative
applications, although the linearity of certain lower-abundance
MS2-level signals (e.g., fragment ions, isotope peaks) demon-
strated better linearity as compared to the MS2-level residual
precursor ions (see Fig. S10 in the ESI}). Besides being useful
for qualitative purposes, all MS2-level signals can furthermore
be useful to assess specificity of the MS1-level precursor data,
as can contribute to verifying data reliability.

At last, we selected creatinine and cotinine based on the pres-
ence of reference data, yet it should be acknowledged that
reasons for disagreement between data from different assays
come in plenty. For cotinine, we could yield some insights into
such (potential) disagreement given that a deuterated version of
cotinine was added to all samples as internal standard. This
addition allowed us to correct for various sources of analytical
variability, and the corresponding light-to-heavy (relative) feature
ratios showed a linear and markedly stronger correlation with the
reference data as compared to the absolute feature area (see
Fig. 3). The latter data can, however, still be very useful for quanti-
tative purposes, yet sufficient attention should be paid to statisti-
cal power in light of the magnitude of differences that can mean-
ingfully be detected between study groups.”

3.3 Effect of normalization on exemplary quantifier signals

The unnormalized MS1-level data for creatinine and cotinine
were scaled based on several normalization approaches,
namely most likely ratio-based normalization (“MLR”),** total
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Fig. 2 Scatter plots presenting unnormalized feature data of the MS1-
level precursors (top), MS2-level residual precursors (middle), and repre-
sentative MS2-level fragments (bottom) on the y-axis and the results of
previously conducted routine measurements (in an I1SO 15189 certified
laboratory) on the x-axis for (A) the endogenous muscle breakdown
product creatinine and (B) the exogenous phase | nicotine metabolite
cotinine. The corresponding linear regression summary statistics for the

MS1-level data are presented in Table S2.1
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Fig. 3 Scatter plots presenting unnormalized feature data of the (A)
MS1-level precursor and (B) the light/heavy ratio of the MS1-level pre-
cursors on the y-axis and the results of previously conducted routine
measurements (in an I1ISO 15189 certified laboratory) on the x-axis for
the exogenous phase | nicotine metabolite cotinine. The corresponding
linear regression summary statistics are presented in Table S2.}
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Fig. 4 Scatter plots presenting differentially-normalized feature data of
the MS1-level precursors (from top to bottom: MLR, TAS, Median,
ADNCC, and D) on the y-axis and the results of previously-conducted
routine measurements (in an ISO 15189 certified laboratory) on the
x-axis for (A) the endogenous muscle breakdown product creatinine and
(B) the exogenous phase | nicotine metabolite cotinine. The corres-
ponding linear regression summary statistics are presented in Table S2.+
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area sums-based normalization (“TAS”), median peak ratios-
based normalization (“Median”), normalization based on all
five included internal standards (“ADNCC”), and normaliza-
tion based on the diclofenac-'*Cg internal standard only (“D”).
The normalized data were subsequently plotted against the
earlier-mentioned reference data, and the corresponding
scatter plots are shown in Fig. 4. Upon comparison with
matching plots for the unnormalized data, which were already
shown in Fig. 2, all of the normalization procedures led to wor-
sening of the correlations. All procedures furthermore led to
(apparently) outlying results, although this effect seems less
pronounced for MLR-based normalization.

Next, we aimed to assess whether the high-abundance peak
clusters associated with the (presumed) exposure to CsA, tema-
zepam, and macrogol 3350 contributed to the abovementioned
worsening of the correlations, for example through the large
numbers and high intensity levels of the respective peaks or by
potentially suppressing the signals of internal standards. For
this purpose, we provided views of the plots presented in Fig. 4
in which coloring is applied to indicate differential exposure sta-
tuses based on identified cyclosporine A, identified temazepam,
and self-reported use of macrogol 3350 (see Fig. S11 and S22 in
the ESIt). In our view, none of these plots seems to indicate a
noticeable contribution of these exposures to the apparent wor-
sening of the correlations when scaling the data, with the excep-
tion of ‘ADNCC’ multi-internal standard-based approach. In the
corresponding figures (see Fig. S15 and S21 in the ESIf), one
might notice some of the macrogol 3350-positive samples being
outliers which warrants further investigation.

At last, in spite of not noticing a worrying effect of exposure
to CsA, temazepam, and macrogol 3350 on data normalization,
we would still feel inclined not to apply any normalization pro-
cedure to the studied clinical dataset, at least none of the studied
approaches, given the findings depicted in Fig. 4. We are aware of
other and more sophisticated normalization techniques, and we
furthermore understand the necessity to normalize when pooling
metabolomics data across studies.'®'® In addition, we acknowl-
edge that typical metabolomics data processing pipelines include
a data filtering step, often using the ‘80% rule’ which removes
features that have missing data in more than 20% of the
samples,’® before performing normalization. However, the use of
normalization factors obtained after such a data filtering pro-
cedure did not seem to affect the observed correlations that
much, at least not for this dataset (see Fig. $23 in the ESI{).

4 Conclusions

This work provides a possible explanation for the unexpected
observation put forward by two previously published studies
that usage of cyclosporine A, an immunosuppressive drug
which should predominantly be excreted in the bile, was
responsible for the most pronounced clustering in principal
component analysis of urinary metabolomics data from kidney
transplant recipients. Specifically, we found series of high-
abundance peaks with 14 and 44 Dalton differences which

Analyst, 2024, 149, 1061-1067 | 1065


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3an01874a

Open Access Article. Published on 03 January 2024. Downloaded on 7/15/2025 11:34:41 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Communication

likely originate from the lipid-based pharmaceutical excipient
used to enhance oral delivery of this drug. Comparable series
were also found in the urine of temazepam users, and the
corresponding signals likely originate from the polymeric
pharmaceutical ingredient polyethylene glycol that is used to
ensure a rapid release of this short-acting benzodiazepine
drug. In addition, we found clusters of thousands of high-
abundance peaks corresponding to monoisotopic masses in
the range of 3000 to 3500 Dalton. These findings hinted
towards usage of macrogol 3350 oral laxative agents, as was
supported by available (self-reported) drug use information.
However, it should be noted that such an explanation goes
against the consensus that these agents are not (or only in
trace amounts) absorbed from the gastrointestinal tract and
thus are not expected in urine.

Besides describing the potential presence of pharmaceutical
polymers and excipients in clinical metabolomics data, our work
also aimed to assess the potential implications of their presence
on the quantitative performance of LC-MS-based small-molecule
profiling workflows. In particular, we put emphasis on the
selected data normalization techniques which did not lead to
more reliable quantitative data, at least not in our opinion and
not for the dataset we studied. Data normalization is, however, an
important step in metabolomics data processing pipelines, and
we believe that our findings can help to optimize existing and/or
develop novel data normalization approaches to be applied to
clinical metabolomics datasets.
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