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Untargeted profiling of urinary steroid
metabolites after testosterone ingestion:
opening new perspectives for antidoping
testing
Aim: Antidoping procedures are expected to greatly benefit from untargeted
metabolomic approaches through the discovery of new biomarkers of prohibited
substances abuse. Results: Endogenous steroid metabolites were monitored in
urine samples from a controlled elimination study of testosterone undecanoate
after ingestion. A platform coupling ultra-high pressure LC with high-resolution
quadrupole TOF MS was used and high between-subject metabolic variability was
successfully handled using a multiblock data analysis strategy. Links between specific
subsets of metabolites and influential genetic polymorphisms of the UGT2B17 enzyme
were highlighted. Conclusion: This exploratory metabolomic strategy constitutes a
first step toward a better understanding of the underlying patterns driving the high
interindividual variability of steroid metabolism. Promising biomarkers were selected
for further targeted study.
Keywords: doping analysis • multiblock data analysis • steroidomics • testosterone
• UHPLC-QTOF/MS • urine

Endogenous anabolic androgenic steroids
(AAS) include substances structurally related
to testosterone (T) as well as biosynthetic
precursors and metabolites. Because AAS
improve physical performance, but also due
to their several adverse effects on human
health, they are forbidden in sport. Potential
consequences include cardiac disorders, liver
toxicity, sexual dysfunction and behavioral
alterations [1] . Monitoring steroid metabolites in urine has become a routine practice
in antidoping laboratories as an initial testing
procedure to detect AAS misuse. So far, the
investigation of the steroid profile is limited to a series of known endogenous compounds including free and glucuronidated
forms of T, epitestosterone (E), androsterone
(A), etiocholanolone (Etio), 5α-androstane3α,17β-diol (Adiol) and 5β-androstane3α,17β-diol (Bdiol) [2] . Threshold values
were defined by antidoping authorities from
population studies for both levels of single
compounds and ratios, such as the T to E
ratio (T/E), a well-known parameter for
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tracking down AAS administration. Other
related compounds, such as dehydroepiandrosterone (DHEA) and dihydrotestosterone
(DHT) are also part of the AAS metabolic
pathway.
Today, routine screening of AAS misuse
is mainly implemented using GC–MS platforms after a deconjugation and derivatization step [3] . Thanks to proper quantitation
of parameters from the steroid profile, suspicious urine samples exhibiting unexpected
patterns of steroid metabolites can be distinguished from normal ones [4,5] . For confirmation purpose, the former require additional targeted testing by isotope ratio MS
(IRMS). Isotopic signature (13C/12C ratio) is
necessary for the unambiguous distinction
between naturally occurring biosynthesized
hormones and artificial synthetic equivalents, and is recognized by the World AntiDoping Agency (WADA) as the reference
confirmatory method for AAS misuse [6] .
Up to recently, the control of doping practices was mainly relying on the comparison
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Key terms
Steroid profile: A subset of known endogenous
compounds structurally related to testosterone, its
biosynthetic precursors and metabolites, used in
antidoping protocols for tracking down anabolic
androgenic steroid administration.
Athlete biological passport: The program and methods
defined by the World Anti-Doping Agency to collect
longitudinal profiles of doping biomarkers and related
information for a specific athlete.
Phase II metabolism: Biotransformation mechanisms
involving conjugation reactions making substrates more
water soluble for the detoxification of xenobiotics and
endogenous compounds.
Coclustering: A data mining strategy building groups of
similar subsets of variables (biomarkers) and observations
simultaneously.
UDP-glucuronosyltransferase UGT2B17: An important
enzyme for C19 steroid glucuronidation, including
testosterone, reported to be responsible for two-thirds of
urinary concentration between-subject variability.

of measured parameters to population-based criteria.
This approach is limited by major natural individual
and ethnic variations [7,8] . The introduction of the
athlete biological passport (ABP) [9] has considerably changed the way analytical results are reported
and evaluated by antidoping laboratories. This
approach takes advantage of the individual follow-up
of athletes over time through the regular monitoring of
selected biochemical parameters. It is to be noted that
the measured markers can be either direct or indirect
signs of doping practices, and a steroidal module was
implemented in the ABP very recently [2] . These data
feed an adaptive Bayesian model [10] accounting for
both population statistics and individual results collected in the ABP to evaluate personal reference levels
and natural variations. As an extension to the Bayesian model, pattern classification approaches including machine learning schemes, such as support vector
machines [11] , can be implemented for the evaluation
of a score indicating the likelihood of a doping offence.
These statistical learning strategies constitute powerful
tools but their performance remains somewhat limited
by the choice of parameters that are introduced in the
model. Therefore, doping control might still greatly
benefit from the addition of relevant parameters to the
ABP, including new steroid metabolites.
The GC–MS-based screening procedure for AAS
misuse has been demonstrated to deliver trustworthy
and reproducible results fulfilling sensitivity requirements defined by the WADA [2] . However, it requires
a hydrolysis step, whose efficiency depends on several
parameters [12] , and may miss important information
regarding phase II metabolism, because AAS are
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mainly excreted in urine as glucuronide or sulfate conjugates. Improvements of analytical setups coupling
LC to MS (LC–MS) have been reported as reliable
alternatives to GC–MS, allowing a broad monitoring of analytes in urine, including phase II metabolites [12–15] . The development of ultra-high pressure
LC (UHPLC) provides higher chromatographic
resolution when maintaining similar analysis time
compared with conventional LC. Additionally, current TOF and Orbitrap-based MS devices are able to
achieve data acquisition over a broad mass range (e.g.,
m/z 95–1000) with a wide dynamic range, accurate
mass measurements and high sensitivity. Thousands
of compounds can be ionized and detected within a
single experiment, and this untargeted data acquisition allows the retrospective examination of samples
without performing additional analyses [14] . Several
applications have demonstrated the relevance of highresolution MS for doping control purpose [16–22] .
Notably, atmospheric pressure ionization modes such
as ESI allow phase II metabolites to be directly investigated. These analytical developments strengthened
the ability of antidoping laboratories to monitor unexpected changes in urine samples using holistic untargeted approaches and opened the way to the comprehensive monitoring of steroid metabolites accounting
for phase II compounds. This opportunity is crucial
for the discovery and identification of new metabolites in the perspective to enhance the detection ability
and detection windows of existing testing procedures
[23,24] . With that end in view, urine samples were collected from a previous controlled elimination study
of T undecanoate (TU) after ingestion [25] . The present work refers to the analysis of data produced by
UHPLC-QTOF/MS experiments using a state-of-theart MS device. Untargeted steroidomic profiling was
implemented for monitoring steroid metabolites in the
context of AAS misuse detection. Data collected from
each volunteer were summarized in a specific table
and a multiblock data mining strategy was applied
for biomarker discovery. Multiblock approaches aim
at investigating the underlying relationships between
a series of data blocks of possibly related variables [26] .
By assessing the relevance of each block, this methodology allowed interindividual metabolic heterogeneity to be taken into account. Coclustering was
then performed to gain further insight into a subset of
highly relevant biomarkers with respect to UGT2B17
genotypes.
Experimental
Materials

Water and acetonitrile of ULC–MS quality were
supplied by Biosolve (Chemie Brunschwig, Basel,
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Switzerland). Formic acid (FA) and ammonium
hydroxide (NH4OH) were obtained from Fluka
(Buchs, Switzerland). Methanol (CH3OH) was supplied by Merck (Darmstadt, Germany). Oral pills of
TU (40 mg, Andriol Testocaps®) were purchased from
Essex Chemie AG, Luzern, Switzerland.
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solution of 2% FA and a second one with 1 ml of a mixture 5% NH4OH-CH3OH 90:10 (v/v) were applied.
The elution step consisted of 500 μl CH3OH-water
95:5 (v/v). The elution phase was evaporated to dryness under gentle air stream, reconstituted with 100 μl
of a mixture CH3CN-water 70:30 (v/v) and injected in
the LC–MS system.

Cohort description & urine collection

A clinical trial was carried out to assess the effects of
TU administration in healthy male subjects. A cohort
of 19 volunteers, aged 19–28, was recruited. All subjects gave signed consent form and the protocol was
authorized by the Ethical Commission for the Clinical
Research of the Faculty of Biology and Medicine (University of Lausanne, Lausanne, Switzerland) and Swissmedic (protocol n°155/11). UDP-glucuronosyl
transferase UGT2B17 genotyping was achieved, as
this enzyme is important for C19 steroid glucuronidation, including testosterone [27] . UGT2B17 deletion polymorphism was reported to be responsible
for two-thirds of the between-subject variability [28] .
The three possible genotypes formed well-balanced
groups with five del/del (homozygote gene deletion),
seven ins/del (heterozygote with one functional allele)
and seven ins/ins (wild type with two functional alleles)
subjects in the cohort. Details about study design and
exclusion criteria can be found elsewhere [25] . Urine and
blood samples were taken on a regular basis. Control
samples were collected for each volunteer during the
pretreatment week on Monday and Tuesday (sampling
time points: C0 = 0 h, C1 = 2 h, C2 = 4 h, C3 = 8 h,
C4 = 12 h, C5 = 24 h). Two oral pills of TU (40 mg,
Andriol Testocaps) were taken by all volunteers during
the treatment week on Monday and Wednesday. Corresponding urine samples were collected from Monday
to Friday (sampling time points: T0 = 0 h, T1 = 2 h,
T2 = 4 h, T3 = 8 h, T4 = 12 h, T5 = 24 h, T6 = 48 h,
T7 = 60 h, T8 = 72 h, T9 = 96 h), frozen at -20°C
and analyzed within 6 months. A series of 304 urine
samples corresponding to control and post oral administration time points were considered, while blood
samples were used for genotyping. The study design is
presented on Figure 1.

UHPLC–MS analyses

Urine analysis was performed using an Acquity UPLC
system (Waters, MA, USA) coupled to a Synapt G2
HDMS mass spectrometer (quadrupole TOF, QTOF,
Waters) equipped with an Intellistart fluidic system
and an ESI source operated in negative mode. Chromatographic separation was performed at 25°C and a
flow rate of 300 μl/min on an Acquity UPLC column
(BEH C18 150 × 2.1 mm, 1.7 μm) equipped with a Van
Guard precolumn (BEH C18 5 × 2.1 mm, 1.7 μm). The
mobile phase was 0.1% FA in water, and 0.1% FA in
CH3CN. The gradient started linearly from 5 to 37%
B over 25 min, increased to 95% B for 3 min and was
re-equilibrated for 8 min. The injection volume was
fixed at 10 μl in the full loop mode and samples were
maintained at 4°C in the autosampler.
MS parameters were as follows: capillary voltage at
2.4 kV in ESI negative mode, sampling cone at 50 V,
extraction cone at 5 V, source temperature at 120°C,
desolvation temperature 360°C, cone gas flow at 20 l/h
and desolvation gas flow at 850 l/h. Data acquisition was carried out in the MSE mode and two functions were recorded simultaneously. A first function
was operated at low collision energy (6 eV) over the
100–600 m/z range and a second one with a collision
energy ramp (35–50 eV) over m/z 50–600. The resolution mode operating in V-optics centroid was used for
data collection, with a scan time of 0.2 s and an interscan delay of 0.02 s. A solution of leucine–enkephalin
(Sigma-Aldrich, Buchs, Switzerland) at 2 ng/ml was
infused through the LockSpray probe at 10 μl/min
with a scan time of 0.02 s and an interval of 15 s. Data
acquisition and instrument control were performed
using MassLynx software (Waters).
Data pretreatment

Steroids extraction

Urine preparation was carried out using SPE Oasis
HLB cartridges 30 mg (30 μm particle size, Waters,
MA, USA) in the 96-well plate format [13] . This procedure allowed the selective extraction of glucuro- and
sulfo-conjugated steroids. Conditioning and equilibration were achieved with 500 μl of CH3OH and 500 μl
of an aqueous solution containing 2% FA, respectively.
The loading solution was composed of 1 ml of urine
and 1 ml of 2% FA. A first washing step with 1 ml of a
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MarkerLynx XS software (Waters) was used for the
untargeted handling of raw data from the first MS
function acquired at low collision energy. Parameters
for automatic peak detection were as follows: time window from 5 to 26 min in the 100–600 m/z range, mass
tolerance of 0.05 amu and retention time tolerance of
30 s. Ion features detected in the different samples
within these limits were considered as a single analyte. A set of 3729 ion features, associated with a specific m/z value and chromatographic retention time,
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Figure 1. Controlled elimination study design. (A) Control week without treatment. (B) Treatment week.

was generated for each sample and peaks areas were
normalized using unit norm (scaling to the sum of the
total spectrum).
A selection procedure was then carried out to pick
up ion features putatively related to steroid metabolites
and discard unrelated substances. For that purpose, a
previously reported filtering strategy [29] based on the
comparison of untargeted acquisition data with reference m/z values from the Lipid Maps database [30] ,
was used. Each of the 3729 automatically extracted
ion features was compared with reference m/z values
related to glucuronidated and sulfated forms of endogenous steroid conjugates belonging to the sterol lipids
class. Hits were considered within a tolerance interval
of ± 0.025 amu. A subset of 436 presumed steroidrelated ion features was obtained for each of the 304
urine samples of the study. The steroid structure was
confirmed based on the exact mass of the molecular
ion from the first function acquired at low energy
(6 eV), while the glucuro- and sulfoconjugation was
assessed based on the fragmentation pattern provided
by the second function (energy ramp, 35–50 eV) as
fully described elsewhere [13] . Briefly, sulfoconjugated
steroids were identified by the presence of m/z 96.96
([H2SO4] −), while glucuroconjugated steroids were
confirmed by the presence of common fragments for
glucuronides (e.g., m/z 157.01, 113.02, 85.03, 75.01 and
71.02). Additionally, a set of 12 known steroid metabolites from the steroid profile was quantified against
isotopically labeled standards and reports were generated using TargetLynx software (Waters). It included
T glucuronide (TG), T sulfate (TS), E glucuronide
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(EG), E sulfate (ES), A glucuronide (AG), A sulfate
(AS), Etio glucuronide (EtioG), Etio sulfate (EtioS),
DHEA glucuronide (DHEAG), DHEA sulfate
(DHEAS), 5α-androstane-3β,17β-diol glucuronide
(trans-AdiolG) and DHT glucuronide (DHTG).
Data analysis

Data mining was achieved using consensus orthogonal
partial least squares discriminant analysis (consensus
OPLS-DA) [31] and models were calculated under the
MATLAB® 8 environment (The MathWorks, MA,
USA) with combinations of toolboxes and in-house
functions. Leave-one-out cross-validation was carried
out to assess classification performance from model predictions. Global prediction accuracy (ACC), sensitivity
(SENS) and specificity (SPEC) were computed based
on the number of true positive (TP), true negative
(TN), false positive (FP, type I error) and false negative
(FN, type II error) cases as follows: ACC = (TP + TN)/
(TP + FN + TN + FP), SENS = TP/(TP + FN) and
SPEC = TN/(TN + FP). Model validity was verified
using permutation tests. Coclustering was carried out
with the Bioinformatics Toolbox v4.2 using Euclidean
distances and the Ward aggregation method.
Results & discussion
Data structure & multiblock modeling strategy

The monitoring of multiple parameters over time leads
to multivariate time-series data, which cannot be analyzed straightforwardly. Because a vector of data is created by the evaluation of P variables at a single time
point, the temporal follow-up of an individual produces
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a data matrix of size P variables × Q time points. In
the context of clinical studies, data collected from a
cohort of subjects generates therefore a 3D structure of
N individuals × P variables × Q time points. Classical
chemometric tools dedicated to multivariate analysis
cannot be applied directly to extract relevant patterns
from such a high-order data. Nevertheless, these data
structure can be seen as a special case in the multiblock
framework, with an equal number of observations
and variables in each block [32] . Multiblock methods
include algorithms that are able to handle a collection
of data tables related to the same series of observations
and integrate common and/or specific information in a
global model. These advanced modeling strategies aim
to assess the relevance of each data table and investigate their underlying relationships. This is particularly
appropriate when analyzing clinical data, as each individual is characterized by its own genetic background
and metabolism. By considering data gathered from
each single individual as a specific data table (P variables × Q time points), natural heterogeneity can be
handled suitably by the model. In that perspective,
consensus OPLS-DA [31] was applied to gain insight
into the collected data. This supervised multiblock
method implements data fusion in linear kernel space
and combines the advantages of easy interpretability
from the OPLS framework and low computing needs,
even in the case of highly multivariate data. Such a
methodology allows focusing on common information, useful for biomarker detection, but also on individual specificities, such as particular metabolic rates
or UGT2B17 genotypes. A view of the data analysis
strategy is provided in Figure 2.
In order to highlight metabolic variations related to
TU intake, consensus OPLS-DA models were calculated to distinguish urine samples of the control class
(CTRL, n = 7 sampling points), collected during the
control week (i.e., C0–C5) plus the first sample of the
treatment week taken just before pill ingestion (i.e., T0),
from the treated class (TESTO, n = 9 sampling points)
composed of all the remaining samples of the treatment
week (i.e., T1–T9). Autoscaling was applied to each
data block before modeling. A first model was computed from the targeted analysis of the steroid profile (12
quantified steroids and the T/E ratio, targeted model,
13 variables), and a second one was calculated from
the untargeted profiling data (436 presumed steroidrelated ion features, untargeted model). Leave-one-out
cross-validation was performed to evaluate the optimal
model size and ensure statistical validity. In both cases,
a model with two latent variables (one predictive and
one orthogonal component) was obtained with satisfactory classification accuracies of 81.3% for the targeted
model (specificity 85.7%, sensitivity 77.8%) and 87.5%
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for the untargeted model (specificity 85.7%, sensitivity 88.9%). Adequate classification results constitute a
prerequisite for further model investigation to extract
relevant biochemical information. However, due to the
limited number of volunteers and sampling time points,
prediction performance has to be considered cautiously.
It is to be noted that the present study and the associated statistical models were designed to support biomarker discovery but not predictions for daily routine
detection of AAS abuse.
Extraction of biochemical information for
biomarker discovery

Consensus OPLS-DA generates linear models associated with parameters, such as scores and loadings,
allowing straightforward retrieval of the biochemical
information. While score plots display the coordinates
of the observations in the model subspace accounting for all data blocks, loadings provide information
about the contribution of each individual variable.
Both consensus OPLS-DA models were characterized
by a predictive component designed to separate CTRL
from TESTO sampling time points and an orthogonal component summarizing other sources of systematic variability unrelated to the classes. In both cases
(Figures 3A & 4A) , the score plot highlighted a clear
separation between urine collection time points from
the control (CTRL) and the treatment week (TESTO)
on the predictive component (tp). The modeling strategy allowed therefore relevant alterations of metabolite
levels related to TU intake to be distinguished from
confounding factors and natural variations. This information was summarized by the predictive component
in a meaningful and compact way. Loadings were then
computed for each block of the consensus OPLS-DA
models to assess the contribution of the variables, in
other words, the measured compounds, to the predictive component (pp). As each volunteer was related to a
particular data table, individual as well as average contributions could be obtained. In order to give insight
into the differences between UGT2B17 genotypes,
average contributions were calculated for the whole
cohort but also for each subgroup of ins/ins, ins/del
and del/del volunteers. Such a strategy allowed the
impact of each metabolite to be evaluated with respect
to natural metabolic variations related to specific
UGT2B17 characteristics. It is to be noted that model
loadings are not restricted to a variable fold change or
a detection window but combine these two important
criteria in a multivariate perspective.
Loadings from the targeted model were investigated to assess changes related to known metabolites
from the steroid profile. The loading plot derived from
the whole cohort (Figure 3B) highlighted increased
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A
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N
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C

Consensus OPLS-DA model
TESTO
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tp
Biomarkers

CTRL

Co-clustering

tp
tp
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Consensus scores

Subject-based loadings

UGT2B17 genotypes

Figure 2. Data analysis workflow. (A) Multiblock data structure, (B) orthogonal partial least squares discriminant
analysis modeling and (C) biomarkers coclustering.
CTRL: Control class; OPLS-DA: Orthogonal partial least squares discriminant analysis; TESTO: Treated class.

levels of EtioG, EtioS, AG, AS, TG, DHTG, transAdiolG and to a lesser extent TS, and an increased
TG/EG ratio. DHEAG, DHEAS, EG and ES were
located at the center of the plot, indicating similar
levels before and after TU pills intake. Further biochemical information was gained by the inspection
of the average loadings computed for each UGT2B17
genotype (Figure 3C, 3D & 3E) . While similar patterns
were observed for ins/ins and ins/del subgroups, the
del/del genotype presented marked differences. First,
DHTG and TG/EG were located near the center of
the predictive component (pp), indicating an absence
of detectable alteration due to the TU treatment
in the del/del subgroup. Additionally, a moderate
increase of EG was observed in the TESTO class.
These results are fully in line with prior knowledge
of the metabolism of steroids and previous studies [7,33,34] , and highlight the current limitations of
population-based steroid control protocols regarding
metabolic polymorphisms [35] . Notably, the T/E ratio
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was reported as a relevant parameter when integrating genotypic information in the ABP longitudinal
profiles evaluation [36] .
Loadings from the untargeted model were then
examined to exploit the parallel monitoring of 436
steroid-related ion features provided by the UHPLCQTOF/MS platform. A subset of 24 putative biomarkers was selected based on their contribution to the
predictive component when considering all volunteers
( Figure 4B, selected features are symbolized by black
circles). Remarkably, an increased classification accuracy of 93.8% was obtained from this subset (specificity 100%, sensitivity 88.9%). The contributions
of these compounds were further investigated with
respect to specific genotypes. It is to be noted that several biomarkers presented a different pattern according to the UGT2B17 subclass considered (Figure 4C,
4D & 4E) . Thanks to the comparison of exact mass
and retention time with pure standards injected in
the same conditions, ten of these compounds could
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be identified as known steroid metabolites (Table 1) .
Among them, the detection of classical compounds
such as TG (m/z 463.2333 at 11.5 min) and DHTG
(m/z 465.2485 at 15.9 min) with average ranks of 11
and 16, respectively, using an untargeted metabolomic approach underlined the relevance of the proposed strategy for AAS monitoring. The importance
of these two metabolites was considerably lower for
del/del UGT2B17 genotypes (rank 123 and 176,
respectively), in accordance with the targeted model
and prior biological knowledge. Additionally, several androstanediol isomers could be highlighted at
the top of the list, such as AdiolG (m/z 467.2634 at
16.5 min), Bdiol-3-O-G (m/z 467.2646 at 15.8 min),
Bdiol- 17- O-G (m/z 467.2647 at 17.4 min) and transAdiolG (m/z 467.2636 at 10.4 min). The untargeted
detection of this subclass of metabolites stresses the
A

to

potential benefits related to the addition of new androstanediol isomers in routine protocols, as already
reported in previous studies [37,38] , and the need for
future inclusion in the ABP. Moreover, since hydrolysis
is not necessary prior to analysis, the metabolic information provided by LC–MS platforms is expected to
be biologically more relevant.
Another series of six isobaric ions corresponding
to m/z 481.2438 detected at distinct retention times
contributed strongly to the list. This set included
the top-ranked candidate m/z 481.2438 at 12.9 min,
a compound that was already reported as a relevant
biomarker of TU excretion [25,29] , potentially related
to 6- or 16-hydroxy AG or EtioG [34] . Notably,
6β-hydroxy AG and 6β-hydroxy EtioG were recently
described as highly resistant to enzymatic hydrolysis by Fabregat et al. [39] . The authors underlined
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Figure 3. Targeted consensus orthogonal partial least squares discriminant analysis model. (A) Score plot. Sampling time points
of the CTRL group are symbolized by white squares and time points of the TESTO class by black triangles. (B) Loading plot – all
genotypes. (C) Loading plot – ins/ins genotype. (D) Loading plot – ins/del genotype. (E) Loading plot – del/del genotype. Known
metabolites from the steroid profile are symbolized by black circles.
AdiolG: 5α-androstane-3β,17β-diol glucuronide; AG: Androsterone glucuronide; AS: Androsterone sulfate; CTRL: Control class;
DHEAG: dehydroepiandrosterone glucuronide; DHEAS: Dehydroepiandrosterone sulfate; DHTG: Dihydrotestosterone glucuronide;
EG: Epitestosterone glucuronide; EtioG: Etios glucuronide; ES: Epitestosterone sulfate; EtioS: Etio sulfate; TESTO: Treated class;
TG: Testosterone glucuronide; trans-TS: Testosterone sulfate.
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Figure 4. Untargeted consensus orthogonal partial least squares discriminant analysis model. (A) Score plot. Sampling time points
of the CTRL group are symbolized by white squares and time points of the TESTO class by black triangles. (B) Loading plot – All
genotypes. (C) Loading plot – ins/ins genotype. (D) Loading plot – ins/del genotype. (E) Loading plot – del/del genotype. Unknown
metabolites are symbolized by circles with nonrelevant compounds in white circles and putative biomarkers in black.
CTRL: Control class; TESTO: Treated class.

the advantages of direct detection methods for the
open monitoring of steroid metabolites glucuronide
conjugates. This observation can be extended to sulfated metabolites, since another entry of the list (m/z
385.1685 at 12.0 min, overall rank 18) could be
associated with a possibly sulfated form of hydroxy
A or Etio. Despite the absence of formal identification, these candidate compounds further reinforce
the hypothesis of possible increased detection ability
and prolonged traceability of TU misuse through the
use of hydroxylated metabolites compared with TG/
EG [25,40] . Because AAS administration could saturate
the main metabolic pathways, other metabolic routes
associated with minor metabolites may lead to detectable concentrations of relevant biomarkers [41] . It also
emphasizes the complementarity between glucuronide
and sulfate conjugates for AAS screening [42] . As this
series of metabolites was also well-ranked in the del/del
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UGT2B17 subgroup, it constitutes a very promising
subset of parameters in the perspective of future AAS
misuse monitoring. An in-depth study of MS patterns
did not provide additional clues for unambiguous
structural elucidation, due to the large number isomeric compounds. Targeted investigations allowing precise structural determination and dedicated
quantitative evaluation remain therefore mandatory
before routine implementation. Taken together, these
results provide complementary information to a recent
study dedicated to the targeted analysis of several T
metabolites related to androstadiendione after alkaline
treatment [43] .
Average loadings calculated for each UGT2B17
genotype were further analyzed using a coclustering approach [44] . This data mining tool searches
for clusters in both dimensions of the data table
simultaneously and allows links between subsets of
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Table 1. Subset of 24 candidate biomarkers extracted from untargeted data acquisition.
m/z

RetTime

ID

481.2438

12.9

Hydroxy AG, hydroxy EtioG or
isomer

467.2634

16.5

AdiolG

467.2646

15.8

467.2647
481.2436

SC

RankALL

RankINS/
INS

RankINS/
DEL

RankDEL/
DEL

1

6

1

2



2

2

2

16

Bdiol-3-O-G



3

5

4

1

17.4

Bdiol-17-O-G



4

4

3

64

6.2

Hydroxy AG, hydroxy EtioG or
isomer

5

11

9

3

467.2636

10.4

trans-AdiolG

6

1

7

146

465.2482

18.7

Isomer of AG, EtioG, DHTG

7

9

5

51

463.2333

11.5

TG

8

7

6

117

463.2353

18.4

Isomer of TG, DHEAG, EG

9

22

10

8

369.1737

20.6

EtioS



10

15

12

10

465.2485

15.9

DHTG



11

3

13

168

477.2122

10.1

Methoxyestradiol G,
hydroxyandrostenedione G or
isomer

12

17

15

11

481.2442

14.5

Hydroxy AG, hydroxy EtioG or
isomer

13

14

21

18

465.2492

20.5

EtioG



14

27

20

5

465.2491

21.1

AG



15

21

24

6

483.2557

6.3

Hydroxyandrostane G or
isomer

16

20

23

20

481.2435

6.6

Hydroxy AG, hydroxy EtioG or
isomer

17

81

8

15

385.1685

12.0

Hydroxy AS, hydroxy EtioS or
isomer

18

16

25

21

481.2436

5.7

Hydroxy AG, hydroxy EtioG or
isomer

19

45

11

33

369.1737

19.6

AS

20

10

59

19

465.2480

15.2

Isomer of AG, EtioG, DHTG

21

8

51

104

481.2431

9.4

Hydroxy AG, hydroxy EtioG or
isomer

22

96

28

4

477.2123

6.4

Methoxyestradiol G,
hydroxyandrostenedione G or
isomer

23

53

18

63

477.2133

8.8

Methoxyestradiol G,
hydroxyandrostenedione G or
isomer

24

95

29

9






SC: ID confirmation based on pure standard.
Compounds are ranked according to the average contribution to the model. RankALL: average contributions to the model accounting for all UGT2B17 genotypes.
RankINS/INS, RankINS/DEL RankDEL/DEL correspond to average contributions of ins/ins, ins/del and del/del UGT2B17 genotypes, respectively.
AG: Androsterone glucuronide; AS: Androsterone sulfate;DHEAG: Dehydroepiandrosterone glucuronide; DHTG: Dihydrotestosterone glucuronide;
EG: Epitestosterone glucuronide; ES: Epitestosterone sulfate; EtioG: Etio glucuronide; EtioS: Etio sulfate; SC: Standard confirmation; TG: Testosterone glucuronide;
trans-AdiolG: 5α-androstane-3β,17β-diol glucuronide.
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variables (biomarkers) with similar patterns and subgroups of observations (UGT2B17 genotypes) to be
detected. Hierarchical cluster analysis was applied
using Euclidean distances and the Ward aggregation method. Two dendrograms were obtained and
displayed together with a heat map summarizing
the values taken by each element in Figure 5. The
upper dendrogram related to the three UGT2B17
genotypes highlighted similar patterns of biomarkers between ins/ins and ins/del volunteers, indicating a probable compensatory mechanism of the single
functional allele. By contrast, the del/del genotype
exhibited markedly different levels of AAS metabolites indicating a null or very low compensation of
other UGTs for the considered compounds. This
observation is consistent with prior knowledge of
UGT enzymes [45] .
Additionally, four groups of metabolites sharing a
similar behavior with respect to UGT2B17 genotypes
could be highlighted based on the analysis of the left
dendrogram associated to biomarkers clustering, and
the heat map patterns:

The first subset of compounds displayed marked
increases after TU intake for ins/ins, high to moderate modifications for ins/del and low variations
for del/del volunteers. Notably, these biomarkers
included TG, DHTG, trans-AdiolG, Bdiol-17-OG and two isomers of AG, EtioG and DHTG. The
occurrence of these metabolites at higher concentrations due to exogenous TU ingestion is therefore
strongly related to the glucuronidation activity of the
UGT2B17 enzyme.
A second cluster included biomarkers characterized by the highest predictive ability observed in
the dataset. Markedly increased levels were detected
irrespective of the genotype and these metabolites
constituted therefore the most relevant parameters of
the study. This small subset involved the biomarkers
m/z 481.2438 at 12.93 min (6- or 16-hydroxy AG
or EtioG), Bdiol-3-O-G and AdiolG. Interestingly,
Bdiol-3-O-G was the most predictive metabolite for
the del/del subgroup, while Bdiol-17-O-G (group 1)
had a rank of 64 indicating a considerably lower
predictive ability (Table 1) .

High
m/z 465.2480 at 15.2 min
DHTG
trans-AdiolG
TG

Predictive ability

m/z 465.2482 at 18.7 min
Bdiol-17-O-G
AdiolG
m/z 481.2438 at 12.9 min
Bdiol-3-O-G
m/z 481.2436 at 6.2 min
m/z 463.2353 at 18.4 min
EtioS
m/z 477.2122 at 10.1 min
EtioG
AG
m/z 481.2442 at 14.5 min
m/z 483.2557 at 6.3 min
m/z 385.1685 at 12.0 min
AS
m/z 477.2123 at 6.4 min
m/z 481.2436 at 5.7 min
m/z 481.2435 at 6.6 min
m/z 477.2133 at 8.8 min
m/z 481.2431 at 9.4 min

Low

ins/ins

ins/del

1

2

3

4

del/del

Figure 5. Coclustering using hierarchical cluster analysis and heat map of biomarkers average loadings related to
each UGT2B17 genotype based on Euclidean distances and the Ward aggregation method.
AG: Androsterone glucuronide; AS: Androsterone sulfate; DHTG: Dihydrotestosterone glucuronide; EtioG: Etio
glucuronide; EtioS: Etio sulfate; TG: Testosterone glucuronide; Trans-AdiolG: 5α-androstane-3β,17β-diol
glucuronide.
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The third subset involved ten moderately predictive metabolites for all UGT2B17 genotypes,
including AG, AS, EtioG, EtioS. Remarkably, these
compounds can be derived directly from androstenedione. Additionally, some compounds included
in this cluster demonstrated high prediction ability
for the group of volunteers bearing the homozygous
deletion.
A last group of compounds shared a marked rise
in samples corresponding to del/del genotypes, while
low-to-moderate increases were observed for ins/ins
and ins/del volunteers. This particular behavior may
be related to the absence of UGT2B17 enzyme leading to the saturation of other metabolic pathways and
the production of specific minor metabolites.
Conclusion
Untargeted metabolomic profiling constitutes an efficient approach for the discovery of new biomarkers
to enhance doping control methods. This strategy
was applied to the monitoring of steroid metabolites after TU ingestion in urine samples collected
during a controlled elimination study. Experiments
were carried out using a new generation UHPLCQTOF/MS device and a series of 436 putative steroid metabolites was extracted from the 3729 ion
features detected automatically. Data related to each
volunteer were gathered in a specific data table and
multivariate modeling accounting for interindividual

Research Article

metabolic heterogeneity was achieved using a multiblock approach originating from the OPLS framework. Two models were compared using 12 identified
compounds of the steroid profile plus the T/E ratio on
the one hand, and all 436 biomarker candidates on
the other hand. Results obtained from the steroid profile monitoring were in accordance with prior biological knowledge, underlining the impact of UGT2B17
polymorphism on AAS metabolism. Comparable profiles were measured for ins/ins and ins/del volunteers
suggesting a compensatory mechanism, while the del/
del group presented a markedly different pattern. This
further emphasized the need for the inclusion of additional parameters in antidoping protocols. In that perspective, a subset of 24 biomarkers with high predictive ability was selected from the steroidomic profiling
and further analyzed using a coclustering approach.
The latter strategy highlighted additional biochemical
information in a very intuitive manner and allowed
specific UGT2B17 genotypes to be linked to clusters
of biomarkers with similar patterns. Ten of 24 compounds were identified as steroid metabolites based
on comparison with reference material. Thanks to
the high mass accuracy provided by TOF/MS, strong
structural hypotheses could be formulated for the
remaining candidates. Further targeted study of these
metabolites in each genotype and each subject individually are expected to be highly valuable to doping
control.

Executive summary
Experimental
• An extensive monitoring of endogenous steroid metabolites was carried out in urine samples from a
controlled elimination study of testosterone undecanoate after ingestion.
• A platform coupling ultra-high pressure LC with high-resolution quadrupole TOF MS was used to assess
compounds from the steroid profile classically evaluated in screening protocols, and an untargeted profiling
of steroid metabolites.
• High between-subject metabolic variability was successfully handled using a multiblock data analysis strategy.
• A further investigation of the biomarkers contributions was done using coclustering.

Results
• Biochemical information derived from the steroid profile was in agreement with prior knowledge of
testosterone metabolism and influential genetic polymorphisms of the UGT2B17 enzyme.
• A panel of 24 biomarker candidates was extracted from the untargeted steroidomic profiling and ten
compounds were formally identified.
• Besides known compounds, a series of hydroxylated metabolites and androstanediol isomers were reported as
promising parameters for enhanced detection capabilities of anabolic androgenic steroid doping practices.
• The need for a joint monitoring of both glucuronide and sulfate conjugates as complementary sources of
metabolic information was underlined.
• Coclustering analysis highlighted links between specific subsets of metabolites and UGT2B17 genotypes.

Conclusion
• These results constitute a first step toward a better understanding of the underlying patterns driving the high
interindividual variability of steroid metabolism.
• The exploratory metabolomic strategy allowed promising biomarkers to be selected for further targeted
study, including subject-based approaches using individual reference levels, in the perspective of a future
inclusion in the steroidal module of the athlete biological passport.
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Future perspective
The present study underlined the potential benefits
related to the addition of androstanediol isomers and
hydroxylated metabolites to parameters traditionally
evaluated in existing screening protocols, as well as
the complementarity between glucuronide and sulfate conjugates in the perspective of enhanced doping
control accounting for metabolic polymorphisms.
The relevance of the inclusion of these new biomarkers in longitudinal follow-ups and subject-based
strategies using individual references such as the ABP
remains to be investigated.
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