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Abstract 
•Introduction 

Serum phenotyping of elite cyclists regarding cortisol, IGF1 and testosterone is a way to detect endocrine 

disruptions possibly explained by exercise overload, non-balanced diet or by doping. This latter disruption-

driven approach is supported by fundamental physiology although without any evidence of any metabolic 

markers.  

•Objectives 

Serum samples were distributed through Low, High or Normal endocrine classes according to hormone 

concentration. A 
1
H NMR metabolomic study of 655 serum obtained in the context of the longitudinal medical 

follow-up of 253 subjects was performed to discriminate the three classes for every endocrine phenotype. 

•Methods 

An original processing algorithm was built which combined a partial-least squares-based orthogonal correction 

of metabolomic signals and a shrinkage discriminant analysis (SDA) to get satisfying classifications. An 

extended validation procedure was used to plan in larger size cohorts a minimal size to get a global prediction 

rate (GPR), i.e. the product of the three class prediction rates, higher than 99.9%. 

•Results 

Considering the 200 most SDA-informative variables, a sigmoidal fitting of the GPR gave estimates of a 

minimal sample size to 929, 2346 and 1408 for cortisol, IGF1 and testosterone, respectively. Analysis of outliers 

from cortisol and testosterone Normal classes outside the 97.5%-confidence limit of score prediction revealed 

possibly i) an inadequate protein intake for outliers or ii) an intake of dietary ergogenics, glycine or glutamine, 

which might explain the significant presence of heterogeneous metabolic profiles in a supposedly normal cyclists 

subgroup.  

•Conclusion 

In a next validation metabolomics study of a so-sized cohort, anthropological, clinical and dietary metadata 

should be recorded in priority at the blood collection time to confirm these functional hypotheses. 
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1. Introduction  

Usage suspicions, clinical or analytical proofs and continuous improvements of doping usage in sportsmen 

milieu have progressed in parallel to the development of new health technologies for the four last decades 

(Robinson et al. 2017). Even though new detection methods have arisen to control fraudulent use of doping 

agents, there is still a large discrepancy between the doping prevalence compared to the true analytical or clinical 

detection statistics (de Hon & van Bottenburg 2017). This has encouraged the use of indirect methods based on 

the longitudinal individual follow-up of either biochemical markers (Sottas et al. 2008) or physical performances 

(Schumacher & Pottgiesser 2009; Iljukov & Schumacher 2017; Montagna & Hopker 2018). Biochemical 

markers have been at the origin of the Athletics Biological Passport (ABP) (Robinson et al. 2007; Sottas et al. 

2008, 2011) which progressively has integrated different modules (Robinson et al. 2017). World Anti-Doping 

Agency (WADA) adopted the ABP concept in 2009 through the Haematological Module and since this date 

defined regularly updated guidelines (WADA 2020). This module aims blood doping detection (Sottas et al. 

2010a) thanks now to more than 10 haematological markers; the International Cycling Union (UCI), has first 

implemented it in 2008 to detect blood doping in elite sportsmen on different road cycling events (Zorzoli & 

Rossi 2010). Androgenic anabolic steroids (AAS), glucocorticoids (in competition), and growth hormone (GH) 

are banned substances in agreement with antidoping rules (Sottas et al. 2010b). Suspicions of AAS doping are 

supported by the Steroidal Module (Sottas et al. 2008), included in 2014 in the ABP, which consists in the 

individual longitudinal follow-up of urinary testosterone (T), epitestosterone (E), a minor metabolite of T, the 

ratio T/E, and four other T metabolites and related ratios used as associated covariates (WADA 2020). Doping 

with GH, insulin growth factor-1 (IGF1) and other growth factors can be detected thanks to the Endocrine 

Module of ABP, which still needs further validation before implementation in laboratories accredited by WADA 

(Alladio et al. 2016). Glucocorticoids are prohibited in sports competition and a list of forbidden substances is 

periodically updated (WADA 2020). Either exogenous cortisol or synthetic glucocorticoids are detected in urine. 

A depleted cortisol production in a context of physiologically depressed adrenal functions has been well 

characterized in multiple clinical situations (Duclos et al. 2007; Cadegiani et al. 2019). So, a deeply altered 

regulation of the hypothalamo-pituitary-adrenals axis (Younes & Younes 2017) in response to use of exogenous 

glucocorticoids (Broersen et al. 2015) may compromise recovery from injury and thus may be a risky metabolic 

situation for the concerned sportsmen.  

All doping detection methods introduced in ABP modules are based on a univariate approach requiring a 

Bayesian modelling of the target biomarker (Sottas et al. 2007). More precisely, such a modelling is integrated in 

a Bayesian network which integrates covariates; a longitudinal monitoring of the target biomarker results in a 

reduced variability with acceptable range adjusted at a 99- or 99.9%-credibility value for every subject 

(Robinson et al. 2017). Therefore, for every athlete, after a few samplings, the measured biomarker at time t is 

compared to the estimated limits of the personalized acceptable range calculated from previous samplings. 

Hence, points beyond this acceptable range are suspected to result from an abnormal physiological situation; this 

provides a first objective detection of an abnormal blood profile. A multivariate approach of the detection of 

abnormal blood profiles was attempted using exclusively a limited set of functionally related variables either for 

blood doping (Sottas et al. 2006) or androgenic/anabolic steroids (Van Renterghem et al. 2013; Alladio et al. 

2016; Ayotte et al. 2017; Amante et al. 2019) detection. In the latter case, this was possible thanks to a deep 

knowledge of metabolism of androgens (Pozo et al. 2010; Fabregat et al. 2016) and their concentration normally 

found in control populations (Van Renterghem et al. 2010; Thevis et al. 2007). Therefore, these targeted 

variables represent a restricted set of a priori highly correlated variables; extended sets of steroids can be 

acquired now by steroidomics-based methods (Jeanneret et al. 2016; Ponzetto et al. 2018, 2019), hence 

extending the number of putative steroidal biomarkers.  

Since late 2000s, metabolomics has been repeatedly invoked as a promising approach to reinforce doping 

detection (Reichel 2011; Pitsiladis et al. 2014; Robinson et al. 2017; Wang et al. 2017). Most of recent 

metabolomics studies published in sports describe physiological changes, more precisely homeostatic 

adjustments of metabolism resulting from energy use in a sports context of simulated altitude (Lawler et al. 

2019) or physical exercise charge in a context of strenuous long distance exercise like in endurance (Shi et al. 

2020) or ultra-endurance sports (Howe et al. 2018). But, to our knowledge, none of these published studies has 

dealt with the doping detection question. However, in a pioneering physio-metabolomic study, metabolic 

disruptions induced by a controlled administration of steroidal anabolics in a farm animal model has proved its 
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interest to get discrimination of the different groups (Dumas et al. 2002a, 2002b), either treated or not, and, at the 

same time, detection of fully comprehensive biomarkers (Dumas et al. 2005) which were supported by numerous 

targeted studies performed for more than 40 years, since the late fifties, on a plethora of documented biochemical 

anabolic effects. Therefore, by using some indirect endocrine biomarkers, it is virtually possible to get a 

classification of sportsmen into two different classes, either normal or abnormal, taking into account a given 

endocrine biomarker and, at the same time, a large set of metabolic variables supporting this classification. Yet, 

as shown hereafter in a sportsmen cohort study, we had to face methodological problems related to i) the large 

imbalance between normal and abnormal classes inside a given endocrine phenotype, ii) the relative part of 

metabolomic information shared between the endocrine phenotype-related part and the unrelated one, iii) the 

quality of the resulting discrimination and, then, the validation of the classification obtained thanks to 

discriminants, and last iv) the homogeneity status of the subgroups of subjects enrolled in a seemingly normal 

class regarding every endocrine phenotype studied here. All these questions were examined from a 

methodological side in a cyclists cohort prior submitted to endocrine phenotyping of the three following 

hormones: cortisol, IGF1 and testosterone. In the present pilot study, these questions were explored using an 

extended multivariate statistical approach described in four main blocks (Figure 1). From this extended 

datamining approach and because we used a generic metabolomic one, which is based by principle on 

measurement of endogenous metabolic biomarkers, and from the significant detection of some metabolic 

deviations of putative biomarkers in few athletes whose endocrine profiles were kept a priori as normal, we were 

able to characterize a seeming outlier situation which may indicate also that other environmental causes like 

exercise overload or non-balanced diets should be considered to explain metabolic deviations which could be 

detrimental to get better predictions of some normal individuals and, therefore, may falsely superimpose to 

potent doping practices. Indeed, this metabolomic exploration focused on three endocrine phenotypes was 

rendered possible by using an in-depth datamining strategy consisting in i) an original discriminant analysis 

associating a prior partial least squares-based orthogonal signal correction applied once to the raw dataset and a 

shrinkage discriminant analysis, and ii) a bootstrap procedure to repeatedly study variation of global prediction 

rates according to the size of learning datasets and the number of prior selected variables used to build these 

datasets (Figure 1).  

2. The cohort of elite cyclists 

The present study corresponds to a retrospective exploratory cohort study performed on sera collected 

prospectively from French elite or professional French cyclists participating in national or international 

competitions. These cyclists, like all cyclists in French teams, were mandatory requested to undergo 3-4 times a 

year a physical examination including a blood collection according to a standardised protocol (Guinot et al. 

2007). Samples were stored in a biobank built in the frame of this large longitudinal mandatory medical follow-

up of cyclists placed under the responsibility of the French Federation of Cycling (FFC).  

Since the objective of the metabolomic study was to detect anomalous metabolic profiles related to a suspected 

use of three types of banned substances as revealed from a prior analysis of abnormal variations of cortisol, 

IGF1 or testosterone concentrations in serum, the biobank used in the study was built to merge as numerous 

disrupted hormonal profiles as possible. Different groups of individuals according to serum values which were 

either lower, inside or higher than normal concentration limits were built as shown in the Supplementary 

information (see § 1). For every endocrine phenotype parameter, each subgroup of samples was considered as 

belonging to a homogeneous endocrine class. By convention, Normal was designing a hormone concentration 

value placed inside the normal hormonal concentration range whereas Low and High corresponded to hormonal 

concentrations which were respectively lower and higher than normally awaited in healthy young men.  

The cohort comprising 655 samples was built from 253 subjects (see Supplementary information § 1). All 

samples were obtained anonymously according to the French legislation concerning the scientific follow-up of 

human populations. Every subject was asked for a complementary express consent concerning the use of an 

anonymized aliquot of blood sample for this specific study, out of the initially collected blood samples for his 

regular medical follow-up. 

A preliminary analysis of variance (ANOVA) restricted to the blood samples belonging to the Normal groups 

did not show any significant effect of age on hormonal concentrations for the three endocrine traits (Figure S1 

and Supplementary information) except for IGF1, which is known to decrease with age. For any of the three 
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endocrine traits studied, no significant interaction between any class (Low, Normal, High) of the three endocrine 

factors (cortisol, IGF1, testosterone) was detected to explain the distribution through classes of serum 

concentrations of any of the three hormones according to the two others (not shown). In addition, when 

discretizing the year period (months) at the time of blood collection, no sub structuring of metabolomic data 

could be observed from a PCA, neither nor any cyclist discipline (Figure S3). Therefore, every hormonal profile 

was processed independently from the two others on every sample collected on all subjects enrolled in the 

cohort, hence increasing the power of statistical analyses. For the ease of interpretation of results, the term 

‘subject’ was referring to every cyclist enrolled in the cohort when the terms ‘individuals’ and ‘statistical 

individuals’ were strictly referring to samples analyzed in the study. The term ‘sample’ was reserved only for 

parts of the text dealing with pure analytical points. 

3. Materials and Methods 

3.1.  1
H NMR fingerprinting 

All 
1
H NMR spectra were acquired on a Bruker Avance DRX-600 spectrometer (Bruker SA, Wissembourg, 

France) operating at 600.13 MHz for
 1

H resonance frequency, and which was equipped with a pulsed field 

gradients z system, an inverse 
1
H-

13
C-

15
N cryoprobe attached to a cryoplatform (the preamplifier cooling unit), 

and a temperature control unit maintaining the sample temperature at 300 ± 0.1 K. Fingerprints were obtained 

using the CPMG NMR sequence and raw data was processed as detailed in Supplementary information, § 2.1. 

The global metabolomic exploration of the cohort was done into two sessions, two years apart, with 368 and 287 

sera phenotyped, respectively. 

3.2.  Statistical analyses 

3.2.1.  Pre-processing and non-supervised data explorations 

Eight hundred eleven quantitative variables corresponding to 
1
H NMR chemical shift buckets were obtained for 

every spectrum (Figure 1, Block 1). Among these variables, a subset of the most informative variables (n = 419) 

was selected using multidimensional scaling (MDS) repeatedly performed on the transposed matrix as published 

previously (Rohart et al. 2012). Dataset was then log10-transformed.  

To study in an unsupervised way the metabolic phenotypes related to the different endocrine traits and the 

inherent information structure which was then accessible at the metabolome level, Principal Component 

Analyses (PCA) and mapping using Potential of Heat-diffusion Affinity-based Transition Embedding (PHATE) 

were performed using R 3.6.0 (R Core Team 2019) with the respective R packages mixOmics (Rohart et al. 

2017) and phateR (Moon et al. 2019). PHATE was applied on MAGIC (Markov Affinity-based Graph 

Imputation of Cells) imputed data thanks to the R package Rmagic (van Dijk et al. 2018) as detailed in 

Supplementary information, § 2.2.1 (Figure 1, Block 1). 

3.2.2. Discrimination procedures 

A robust statistical procedure, efficient enough to minimize the prediction error in the assignment of unknown 

subjects to a given hormonal class (either Low, Normal or High) of a specific endocrine phenotype was achieved 

from metabolomic profiles. Metabolites were given in a 655 × 419 spectral matrix X for the whole cohort. The Y 

response vector represented the concentration classes of cortisol, IGF1 or testosterone assayed in either the Low, 

Normal or High class.  

For the three endocrine phenotypes, the classification of every unknown sample from his metabolomic profile 

into one of the three classes could be computed according to a prior discrimination rule established from a 

learning (training) set of documented samples. In this aim, we first compared partial least squares-discriminant 

analysis (PLS-DA), a classification method based on partial least squares regression (PLSR, Barker & Rayens 

2003), to a shrinkage discriminant analysis (SDA, Ahdesmäki & Strimmer 2010) for their respective ability to 

handle the problem of multicollinearity, which typically arises when the explanatory variables are numerous 

(Figure 1, Block 2, see Supplementary information § 2.2.2). Besides, a single prior Orthogonal Signal Correction 

(OSC) was used to remove on the complete matrix X the variation orthogonal to the Y response vector (Figure 1, 

Block 2, see Supplementary information § 2.2.2). The final algorithm used in further analyses consisted then in 

the combined use of OSC and SDA.  
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3.2.3. Validation procedure 

Further validation of the classification process was done considering i) the Number of ordered and selected 

Variables (NV) according to the cat score (Zuber & Strimmer 2009) given by SDA and ii) the Learning Size 

(LS, number of statistical individuals selected in the dataset) (Figure 1, Block 3). For every combination of NV 

and LS parameters, discrimination rules and prediction of the test dataset were obtained at each step of a 

bootstrap procedure (see Supplementary information, § 2.2.3). The bootstrap-training set was selected from the 

original sample population and remaining samples were used as a test set. Performance validation was based on 

the rate of correct classification of every individual to its respective endocrine class as estimated from the whole 

resampling. Therefore, a prediction rate (PR) was calculated for every class for a given combination of NV and 

LS parameters and a global prediction rate (GPR) was then obtained as a stringent criterion from multiplication 

of the three PR values. 

To further explore what should be the lower cohort size limit required to get a GPR fixed at a value , with  ≤ 

1, we performed a fitting analysis of the GPR curves as a function of the sample size using either 200 or 400 

variables included in the training dataset (Figure 1, Block 3). To take into account misclassified individuals (with 

lower classification rates across the bootstraps) in the determination of , the curve fitting was applied to the 5% 

quantile values (Q5) of GPRs. A sigmoid function was used to fit the sigmoidal variation between the Q5 value 

of GPR ( ) as a function of the training cohort size ( ) within a 50-600 size range. Details of fitting according to 

different sigmoidal models are given in Supplementary information, § 2.2.3.  

3.2.4. Relative quantification of targeted metabolites  

The relative quantification of metabolites was performed using the R package BATMAN (Hao et al. 2014), an 

acronym for Bayesian AuTomated Metabolite Analyser for NMR spectra, which deconvolutes peaks from 1-D 
1
H NMR spectra to automatically assign a chemical shift to specific metabolites from a target list of 109 

molecules and then to estimate their respective relative concentrations. This was done as published previously 

(Sotton et al. 2017) and a final set of 58 metabolites quantified from 
1
H NMR files (Supplementary information, 

Table S4) was submitted to multivariate statistics (Figure 1, Block 4). Empirically, from our past experience, we 

noticed that using a number of candidate metabolites higher than the size of the final metabolite dataset is a 

simple way to increase for some chemical shift windows the specificity of quantification of metabolites.  

3.2.5. Complementary modelling methods 

Search of sets of variables describing contrasts according to a single independent component (IC) between two 

distinct sub-populations was carried out using the Independent Component – Discriminant Analysis (ICDA) as 

published previously (Habchi et al. 2017) (Figure 1, Block 4). Pathway enrichment analysis was performed with 

MetExplore, a web server freely available at https://metexplore.toulouse.inra.fr/metexplore2/ using Homo 

sapiens KEGG pathways, which allows mapping of data from metabolomic experiments onto genome-scale 

metabolic networks (Cottret et al. 2018). Putative metabolic biomarkers were used to extract pathways enriched 

into influential or differential metabolites from lists of biomarkers previously selected by cross-validation 

procedures (Figure 1, Block 4).  

4. Results 

Serum samples from anonymous elite cyclists were analyzed by 
1
H NMR through two different NMR sessions to 

get a dataset comprising 655 samples collected from 253 cyclists, some being collected at different dates in a 

longitudinal follow-up frame. This dataset constituted both a training dataset for a varying proportion of 

statistical individuals and a validation one for the remaining part; training dataset was repeatedly sampled 

through 1000 bootstraps. A representative metabolic fingerprint of serum collected on one anonymous cyclist is 

shown in Figure S2. Some chemical shifts were assigned thanks to a prior knowledge obtained on the normal 

biochemical composition of human serum accessible to 
1
H NMR detection. Amino-acids like L-alanine, L-

lysine, L-valine, L-glutamine and L-glutamate, and lipids or sugars were detected among all assigned analytes.  

Since i) no explicit information structure regarding the different subgroups of endocrine phenotypes built from 

merging classes of the three hormones was accessible by either PCA, MDS or MAGIC-PHATE analysis (for 

details see Supplementary information § 3.1 and Figures S3 & S4) and ii) all statistical individuals were 

considered as independently selected from a larger population, even though a significant proportion was 

https://metexplore.toulouse.inra.fr/metexplore2/
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collected from subjects placed in a medical follow-up frame (see Supplementary information, § 3.1, for details), 

separation of sample classes was achieved only by a discrimination procedure linking OSC-correction of matrix 

X to SDA as efficient algorithm (see details in Supplementary information, § 3.2 and Figure S5). In addition, 

when a permutation test (n = 1000) was applied to training datasets containing the 200 most informative 

variables built from 400 individuals, the F-values resulting from a MANOVA test applied to SDA components in 

the conditions of a random distribution of class assignment were significantly lower (p < 2 × 10
-16

) than true 

values (Figure S6). Therefore, an extensive validation done with a bootstrap procedure (n = 1000) examining the 

respective weights of the size LS of the learning dataset and the number NV of variables selected from their cat 

score was then performed. 

4.1.  Variation of the prediction rate according to the training set size 

Firstly, for a given endocrine phenotype, the validation of the algorithm was performed according to the size LS 

of the training set. At each iteration, performance classification inside the three classes was calculated. At this 

step, no prior selection of variables was done. Evidently, for every hormonal trait, as the size of the training set 

increased, prediction error rates decreased whatever the class considered was (see Figure S7). However, for 

every hormonal trait, a higher prediction rate was obtained for the Normal class, even for very low LS sizes, than 

for the two other classes. This was easily explained by the relative higher proportion this class had in the cohort. 

The same situation was found for the class displaying a higher than normal serum cortisol concentration (class 

High) for which the initial LS size was nearly the same as the Normal one (Figure S7A). More interestingly was 

the regular increase of prediction rates for the two abnormal classes in the different hormonal traits studied. 

Nearly 300 statistical individuals were necessary to significantly lower these two error rates (error rates less than 

40%, i.e. prediction rates above 60%) for every hormonal trait. The same qualitative variation in the prediction 

rate was shown with IGF1 for which a prior correction was done using four orthogonal components instead one 

(Figure S7D). 

The overall prediction performance estimate of the present classification method was calculated through the 

global prediction rate (GPR), which took into account class sizes; classes were extremely imbalanced and this 

led to much contrasted error prediction rates between classes. A 90%-confidence interval of GPR could be easily 

estimated thanks to the prior resampling procedure used (n = 1000). Clearly, this GPR became maximal for 

cortisol, IGF1 and testosterone for a LS value of nearly 400, 600 and 600, respectively (Figures S7A, S7B & 

S7C). When GPR was evaluated for IGF1 considering a prior correction of the dataset with four orthogonal 

components, it became maximal with a LS value estimated to 450 individuals (Figure S7D). In addition, we 

could notice for IGF1 and testosterone (Figures S7B & S7C) a decrease in the median GPR values between 600 

and 650 samples. This corresponded to the presence of an over-informed situation involving the improper 

presence of non-informative (noisy) variables as, at this step, none prior variables selection was done. In 

addition, a part of the over-information is also explained by the unique prior OSC step applied to all statistical 

individuals. Therefore, as shown hereafter, the validation procedure was completed by taking into account a 

varying number of variables (parameter NV) that were previously selected on their cat score. 

4.2.  Variation of GPR according to the number of selected variables 

The cat score parameter calculated prior to SDA is useful to sort the different variables according to the relevant 

information they bring to the classification procedure. Most informative variables according to their cat score 

were privileged for constituting the working metabolomic dataset. So, GPR was calculated according to both LS, 

the training set size varying from 50 to 650 statistical individuals, and NV, the number of selected variables 

varying from 50 to 400 variables (Figure 2). For every hormonal trait, considering only 50 variables was 

insufficient to get remarkable GPR. Only 200 variables measured on 300 to 350 individuals were sufficient to 

get a median GPR higher than 99% for cortisol (Figure 2A). For both response factors Y of IGF1 and 

testosterone used to prior correct the metabolomic dataset with a one-component OSC, maximal median GPR 

were obtained with 400 variables and 600-650 individuals; and were estimated to 91 and 93%, respectively 

(Figures 2B & 2C). A more important correction using four orthogonal components used to increase the 

prediction performance of the IGF1 phenotype could lower the training set size to about 350 individuals with 

400 variables or to 300 individuals with only 200 variables (Figure 2D). Again, the over-informed situation was 

well reflected in the median GPR curves obtained with 400 variables, which were lower than those obtained with 

only 200 variables, and/or when the training dataset had less than 300-350 individuals, but higher when the 
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training dataset had more than 300-350 individuals. This indicated clearly that a minimal size of the training 

cohort was necessary if we wanted to get a median GPR higher than 99% and to use most of informative 

variables for a given hormonal trait.  

4.3.  Estimation of a minimal cohort size to get a GPR above 99.9% 

The necessary training size of datasets built by using 200 or 400 variables preselected according to their cat 

score could be tentatively estimated directly from data as in the case of cortisol to get a 5%-quantile (Q5) value 

of GPR defining the lower limit of the GPR range, which would be above 99.9% (see above). However, for the 

two other endocrine phenotypes, estimation of a minimal cohort size to get a GPR higher than 99.9% required an 

estimation based on a robust statistical fitting (Figure 1, Block 3). To minimize prediction error rates, we used 

curves built from the Q5 values and tried to predict the minimal cohort size for which Q5 GPR values predicted 

from the fitted sigmoidal curves were above 99.9% (Table 1).  

With most informative learning datasets prepared from the 400 preselected variables, the non-linear least squares 

modelling of sigmoidal curves was efficient enough to get GPR higher than 99.9% for only cortisol with 1 OSC 

and IGF1 with 4 OSC components used to prior correct datasets (Table 1). For cortisol with 1 OSC component, 

the size of the present cohort used here (n = 646) was higher than the lower estimated limit, i.e. 433 and 503 

depending on the model used, respectively models (3) and (5) with for this latter a polynomials degree equal to 1 

(Table 1). For IGF1 with 4 OSC components, the minimal size requirement based on the sigmoidal curve model 

(4) was estimated to 603. When it was based on model (5) with polynomial degrees equal to 1 or 3, the minimal 

size was estimated to 836 or 820, respectively (Table 1). With testosterone and IGF1 datasets submitted to only 1 

OSC correction, no direct sigmoidal curve fitting using models (1) to (4) displayed a GPR prediction higher than 

99.9% (Table 1). Nevertheless, prediction of a minimal size could be obtained indirectly from a multiple 

regression between logit( ) and polynomials    using the model (5). For testosterone, the minimal size varied 

from 963 to 1342 depending on the degree of the polynomials used to fit the curve, respectively 3 and 1 (Table 

1). For IGF1, the minimal size estimated grew up to 1913 with a polynomials degree of 1 (Table 1).  

In brief, except for cortisol, the present size of the cohort giving a dataset, which was built from the 400 most 

informative variables and corrected with 1 OSC, was far from being sufficient to repeatedly get a GPR higher 

than 99.9% since required cohort sizes were estimated to 1913 and 963 statistical individuals for IGF1 and 

testosterone, respectively. For the dataset, which was built from the 200 most informative variables and 

corrected with 1 OSC, at least 929, 2346 and 1408 statistical individuals were necessary to repeatedly get a GPR 

higher than 99.9% for cortisol, IGF1 and testosterone, respectively. 

4.4.  Factorial exploration of the predictability of classes inside a given endocrine phenotype 

As anticipated from the study of median PR inside every class in a given endocrine phenotype, the GPR 

variation was highly depending on the size LS of the learning dataset, but also on the disequilibrium between 

numbers of individuals per class (Figure 3). But this global pattern did not give any indication on specific 

behaviour of some subsets of individuals which at this step were not yet considered as possible outliers. 

Nevertheless, the bootstrap procedure used here gave possibility to analyse at the individual scale the variation of 

the prediction performance when the parameter LS varied from 50 to 600, considering here the dataset prepared 

from the 200 most informative variables preselected on their cat score. Because the prediction performance was 

fully documented for every statistical individual all along the different prediction tests done by varying the size 

LS, a PCA could be easily applied (Figure 3).  

For the four datamining situations corresponding to cortisol, testosterone and IGF1 datasets corrected with 1 

OSC component and to IGF1 dataset corrected with 4 OSC components, the Normal class was projected with 

low absolute values of scores, both for the principal components 1 and 2 (PC1, PC2). This denoted that this class 

was predicted with a lower error risk by using relatively low-sized learning datasets. This meant also that with 

highly imbalanced classes, low-sized classes needed a larger learning dataset containing the necessary atypical 

metabolomic information to get higher quality predictions. This was true for testosterone and IGF1 phenotypes 

for which classes High and Low were equally under-represented (Figures 3B, 3C & 3D). For cortisol, only the 

Low class was under-represented (Figure 3A). Translated at the score plot level, these under-represented classes 

were projected on higher range values of PC1 and PC2. But, what was interesting with this synthetic datamining 

procedure was the possibility to detect, even in the most abundant classes like Normal ones, some statistical 

individuals that could still 'resist' to a satisfying prediction contrary to other individuals of the same membership. 
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This might attest existence of some probable metabolomic peculiarities for these outliers that were not shared by 

most of individuals belonging to these Normal classes. These outliers were outside the minimal 97.5% 

confidence limit, whatever the endocrine trait considered. 

4.5.  Anomalous metabolic profiles inside seemingly normal endocrine populations 

For every endocrine phenotype, from performances of PCA applied to classification statistics, it was therefore 

possible to graphically select a subset of statistical individuals belonging to the Normal class that were 

considered as outliers (see above and Figure 3). Consequently, it was possible to select some common 
1
H NMR 

variables characterizing these subgroups that might explain this atypical predicted endocrine trait arising inside 

the Normal endocrine phenotype. This was obtained using the ICDA procedure based on an independent 

component (IC) analysis joined to a discriminant analysis (Habchi et al. 2017) (Figure 1). Then, a correlation 

was calculated between the resulting IC and metabolites which relative concentrations were estimated 

independently by the BATMAN procedure from raw 
1
H NMR fingerprints. The resulting BATMAN datasets 

were restricted to integrated metabolites which displayed a non-null variance and a mean above 0.001 as 

expressed in relative units. They covered 58 metabolites for the three endocrine phenotypes (Table S4). They 

were then OSC-corrected by taking into account two orthogonal components; the remaining part of variance 

corresponded to 53.2, 60.3 and 53.6% of the total initial variance for cortisol, IGF1 and testosterone metabolite 

datasets, respectively. Then, a bootstrap procedure was performed (n = 1000) from sampling the same number of 

normal individuals as outliers. This was a way to get repeatedly i) correlation between the variables present in 

metabolite datasets and the IC calculated from the 
1
H NMR bucket dataset, for which the one-way ANOVA 

between the normal and subgroups of outliers was maximal, ii) F1,p and iii) related p-values in the ANOVA of 

every 58 BATMAN-integrated metabolites. Quantiles in the 0.05-0.95 confidence range were obtained from 

bootstrapped data (Table 2). 

From the Normal class, we detected for the cortisol, IGF1 and testosterone phenotypes, respectively, 8, 9 and 9 

statistical individuals who could be considered as being non-representative enough to get a similar classification 

behaviour according to the progressive increase in the learning dataset size (Figure 3). Therefore, they could be 

used as atypical subsets to detect among them some common putative metabolic biomarkers that could explain 

significantly the construction obtained by ICDA of a single IC which explained a significant differentiation 

between true Normal individuals and the subset of outliers inside the Normal class. From the bootstrap-based 

validation procedure, a unique IC was obtained which represented the best contrast between the two balanced 

subsets of samples as revealed by a simple one-way ANOVA whatever the endocrine phenotype considered. A 

list of highly significant  variables with a statistical score equal to or higher than 900 or 883 over 1000 was 

obtained for cortisol and testosterone, respectively (Table 2). By contrast, only three  variables with a statistical 

score ranging from 359 to 455 over 1000 were detected for the construction of a unique IC characterizing the 

differentiation between normal individuals and outliers for IGF1 (Table 2). For cortisol, bucketed  variables, 

which displayed scores equal to or higher than 900 over 1000, were tentatively assigned to L-valine, L-

glutamine, lipids, glucose and citrate using an in-house metabolic database containing chemical shifts for most 

important metabolites (Table 2). For testosterone, bucketed  variables displaying scores equal to or higher than 

883 over 1000 were tentatively assigned to L-threonine, L-arginine, choline and α-glycerylphosphorylcholine 

(Table 2). 

Interestingly, when using, with default modelling parameters, a PHATE-supported factorial analysis performed 

on the Normal metabolomics subsets submitted to one OSC, outliers detected in the cortisol Normal class were 

classified in a unique subclass (Figure S8A) among the four possible classes of metabolomic heterogeneity that 

were used in the model, when outliers for testosterone and IGF1 were distributed among two and four classes, 

respectively (Figures S8B & S8C). The number of four classes describing the metabolomic heterogeneity inside 

the Normal class corresponded to the larger number of heterogeneous classes possibly used for cortisol trait for 

which outliers were projected in a unique subclass. 

Concerning the metabolites integrated by the BATMAN procedure from raw 
1
H NMR datasets for the three 

endocrine phenotypes, which were correlated to IC and were calculated at the previous step, only the cortisol 

trait could be characterized by a significant subset of two putative metabolites, glycine and 7-methylxanthine, 

which displayed a significant statistical score equal to or higher than 902 over 1000 (Table 2). For testosterone, 

three metabolites were detected with a very low statistical score (less than 18 over 1000). This meant that less 
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than 2% of samplings gave a significant correlation between IC and these assigned metabolites. Clearly, for 

testosterone, even though an IC could be repeatedly calculated from  variables, no metabolite present in the 

BATMAN-based dataset was correlated to a subset of  variables. For IGF1, no metabolite present in the 

BATMAN-based dataset was correlated to IC and none could be directly used to calculate a significant IC 

(Table 2).  

Finally, from this bootstrap-supported validation of the possible existence of outliers in the Normal subset of 

individuals, only for the cortisol endocrine phenotype, two metabolites generated by the BATMAN-integration 

of raw 
1
H NMR data were considered as statistically significant to base on them a possible analysis of the 

deviation of metabolism in these outliers. These were glycine and 7-methylxanthine for which a complementary 

unbalanced ANOVA could be further done and gave highly significant results (Table 2). 

5. Discussion 

5.1. Parameters influencing GPR 

A high complementarity emerges from combination of PLS-based correction (OSC) of 
1
H NMR data and 

shrinkage in Mahalanobis distance calculation which results in a higher discrimination efficiency than by using 

PLS-DA, and hence on GPR. Indeed, this chemometric property had never been noticed before. Clearly, the 

noisy information, which corresponds to the part of information discarded by a PLS-based OSC, is highly 

detrimental to obtain high classification performances by SDA when no correction was applied to the initial 

dataset. This efficiency is mainly explained by the James-Stein shrinkage estimate of correlations, variances and 

priors used together to calculate Mahalanobis distances (Ahdesmäki & Strimmer 2010), and hence probabilities 

to predict a final class attribution of unknowns (see details given in Supplementary information, § 4.1). In 

addition, James-Stein shrinkage used in SDA not only improves classification performance but also ensures the 

interpretability of fitted models by setting some parameters to zero (Samworth 2012). Yet, in an extended 

validation procedure applied to a larger cohort, a systematic OSC would be achieved prior to SDA in every 

iteration of the bootstrap procedure to better control some sources of over-information. Classification 

performances were higher for cortisol than for testosterone and, lastly, for IGF1. For this latter endocrine 

phenotype, four OSC were necessary to get a satisfying GPR; this showed for IGF1 phenotype a more 

ambiguous differential metabolic signature between classes than for the two other endocrine phenotypes. 

Probably, the IGF1 phenotype (Holt & Sönksen 2008) could be now better characterized by using 

simultaneously and complementarily two other biomarkers of GH action, i.e. procollagen III peptide (Holt et al. 

2010; Lehtihet et al. 2019) and fibronectin 1 (Sieckmann et al. 2020). Moreover the qualitative status of either 

hypo- or hyper-secretion of cortisol, IGF1 and testosterone, respectively, is also probably not defined with the 

same qualitative clinical consensus. Indeed, the three endocrine phenotypes were highly contrasted in their 

respective minimal cohort size which was estimated to be at least 433, 1913 and 963 for cortisol, IGF1 and 

testosterone, respectively, with 400 variables to get a GPR higher than 99.9%. A longitudinal follow-up of every 

cyclist, as for the constitution of the longitudinal ABP (Zorzoli & Rossi 2010, 2012), should bring more 

precision on how to consider a supposedly ‘normal’ hormonal status by contrast with ‘abnormal’ ones 

considering every cyclist as his own reference. Until now, no longitudinal omics follow-up has been assessed for 

a possible integration in ABP, even this promising approach has been claimed for more than a decade (Reichel 

2011; Pitsiladis et al. 2014; Robinson et al. 2017; Wang et al. 2017). 

The bootstrapped procedure used to study the variability of prediction rules built at each iteration, which are 

depending on the learning samples and their size, ends up in a variability in the prediction calculation of the 

Normal class unknowns. It was well represented through the two first components of a PCA, which were useful 

to detect at the same time some outliers of Normal classes in the three endocrine phenotypes outside to 97.5%-

confidence limit. Thus, their existence may question the status of the quantitative variable, i.e. concentrations of 

every hormone assayed in serum, used as a unique covariate to get distribution of samples into the three classes. 

These outliers were well predicted in the Normal class only when the size of the learning dataset was sufficient; 

otherwise their prediction was random. This indicated that a constitutive metabolic heterogeneity might exist in 

the class of normal subjects that could have detrimental effect in the GPR of this group if it was not well 

represented in the sampled learning dataset. Such a heterogeneity was well revealed by the PHATE analysis of 

normal subjects in the three endocrine phenotypes, which indicated existence of some distinct subgroups (Figure 
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S8). PHATE gave a low-dimension embedding which preserved both global, as PCA, but also local non-linear 

informational structure and, therefore, could be used to get access to the intrinsic metabolic heterogeneity, 

present in a high-dimension dataset (Moon et al. 2019). For cortisol, normal class outliers were included inside a 

unique larger size subgroup among four possible. This was not the case for outliers of testosterone neither nor for 

IGF1 ones for which the metabolic outlier situation is questioned. This is again in favor of a requirement for 

larger cohorts to get more robust discriminants and to better reveal intra class heterogeneity. 

5.2.  Putative biomarkers of heterogeneity in Normal endocrine classes  

5.2.1. General considerations 

As underlined above, no systematic bias was detected for every Normal outlier subgroup that would be explained 

by a classification in one given false class. Besides, as revealed by a PHATE procedure, the accessible 

metabolomic information supported a substructure of the Normal class across four subsets in which only one 

subset contained all Normal outliers for the cortisol phenotype (Figure S8A), whereas two subsets were 

necessary to classify Normal outliers for testosterone one. Therefore, only one IC as given by ICDA would be a 

priori necessary to describe Normal cortisol outliers, when at least two IC would characterize Normal 

testosterone outliers. A large number of bucketed  variables documenting IC were repeatedly found with high 

statistical scores equal to or higher than 883 and 900 over 1000 for these two Normal endocrine phenotypes, 

respectively (Table 2). Yet, for the testosterone dataset (Table 2), even some putative biomarkers could be 

‘manually’ assigned from bucketed  variables which regularly arose by bootstrap, hence characterizing robustly 

these outliers, none of these bucketed  variables was clearly related to any of the metabolites of the BATMAN-

integrated dataset, probably because the targeted set of metabolites did not cover a sufficiently large  region 

(see details in Supplementary information, § 4.2.1). 

5.2.2. Testosterone 

Relative concentrations of all manually assigned candidate biomarkers explaining IC with a high statistical 

score, i.e. choline, α-glycerylphosphorylcholine, L-threonine and L-arginine, were decreased in outliers of the 

Normal class of the testosterone phenotype (Table 2). α-Glycerylphosphorylcholine has been recognized recently 

as an emerging ergogenics (Bellar et al. 2015; Marcus et al. 2017) which could favour biosynthesis of choline 

(Kawamura et al. 2012), which depletion was thought to play a possible role in fatigue (Conlay et al. 1992) and 

which is a precursor of acetylcholine, a neurotransmitter, also involved in enhancement of muscular power and 

strength (Bellar et al. 2015; Zeigenfuss et al. 2008). An oral choline supplementation might only increase 

endurance performance (Penry & Manore 2008). Here, in testosterone Normal outliers, both choline, α-glyceryl-

phosphorylcholine and probably the related acyl-derivatives of α-glyceryl-phosphorylcholine were decreased 

when compared to values of subjects from the true Normal class (Figure 4A). This situation could result in this 

outliers’ subgroup from strenuous effort training that could thereby affect endurance characteristics; indeed, as 

shown by Marcus et al. (2017), a daily supplementation for 7 days of α-glyceryl-phosphorylcholine to young 

men improved maximum velocity and maximum mechanical power on the counter movement jump. This same 

hypothesis could be also invoked to explain the relative decrease in L-threonine and L-arginine observed in 

serum of this subgroup of cyclists. Kingsbury et al. (1998) have shown that, when compared to a group of field 

athletes, plasmatic concentrations of L-threonine, a glucogenic amino acid, and L-arginine were significantly 

decreased in a judo sportsmen group submitted to a higher intensity training revealing that an inadequate protein 

intake would be a privileged causative factor. 

5.2.3. Cortisol 

The two significant candidate BATMAN-processed biomarkers putatively assigned to glycine and 7-

methylxanthine were related to a unique metabolic trait which would explain metabolic heterogeneities detected 

inside the Normal cortisol group; their serum concentration would be significantly increased in the outliers’ 

subgroup (respectively, p = 2.5 × 10
-3

 and p = 2.8 × 10
-2

, Table 2). A metabolic network filtered from the Kegg 

Homo sapiens one summarizes these two metabolites correlated to some other metabolites tentatively assigned 

from chemical shifts that also explained construction of IC with a high statistical score (Table 2), i.e. L-valine, 

glucose, citrate, L-glutamine and lipids (Figure 4B). 
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Diet variation would explain the existence of glycine and 7-methylxanthine as putative biomarkers. First, 

presence of 7-methylxanthine can sign high consumption of caffeine (1,3,7-trimethylxanthine), which is 

sequentially metabolized by hepatic cytochrome P450 CYP1A2, alone or with CYP2E1, to get N-1- and N-3-

demethylation reactions (Carrillo & Benitez 1994, 1996; Kim et al. 2019). Caffeine can be supposedly used as 

pharmacological ergogenics, mostly in competition periods, to enhance performance in endurance sports by 

stimulating the central nervous system (Costill et al. 1978; Erickson et al. 1987; Spriet et al. 1992; Maughan et 

al. 2018). Thus, in elite cycling sportsmen, caffeine may improve endurance-based time trial by 3-7% (Spriet et 

al. 1992; Schneiker et al. 2006). But, here, samples were not specifically collected during competition periods 

and, as a consequence, the probability of the detection of caffeine as ergogenics would be low. More probably, a 

possible genetic variability of the CYP1A2 may relate this group to a specific high caffeine metabolizer 

phenotype (Nehlig 2018). Yet, in absence of any personal dietary recording at the blood collection time, this 

functional hypothesis cannot be validated. 

This specific outliers’ subgroup may use also glycine in designed nutritional supplements as it can be supplied 

for numerous endurance athletes (Buford & Koch 2004; Jacobs et al. 2009; Wax et al. 2013). In human, the 

normal glycine concentration in plasma results from dietary intake which varies from 1.5 to 3 g/day depending 

on protein intake, de novo synthesis from serine, sarcosine (N-methylglycine), and glyoxalate on one side and 

the glycine biotransformation into serine, the glycine oxidation and urea synthesis, but also some minor 

conversions of glycine into glyoxalate, glycocyamine or sarcosine, and last from conjugation to benzoate and 

hydroxybenzoate on the other side, as reviewed recently (Alves et al. 2019). A high intake of glycine and more 

generally a higher bioavailability of glycine may lower insulin resistance index (Gao et al. 2017). Here, as 

already anticipated in the general population regarding effect of glycine and as reinforced by a sustained physical 

exercise as it was shown in Type 2 Diabetes Mellitus patients (Umpierre et al. 2011; Colberg et al. 2016; Zheng 

et al. 2020), this targeted subgroup of cyclists would probably display some very specific metabolic properties 

regarding a very efficient energy regulation and a very low insulin resistance index as compared to the remaining 

part of the Normal group of the cortisol trait. Of note, the health benefit of glycine is also accompanied by an 

improvement in the biosynthesis of glutathione and, hence, by an increased protection towards pro-oxidative 

compounds (Díaz-Flores et al. 2013; McCarty et al. 2018). 

Last, glutamine, another putative biomarker of the outliers' subgroup in the Normal class, is a key anaplerotic 

precursor of the Krebs cycle and a non-essential glucogenic amino acid in normal energy expenditure conditions. 

But it is considered as conditionally essential in case of metabolic stress (Earnest & Rasmussen 2015). This 

explains its large use as nutritional supplement with its supposed anti-proteolytic effect on skeletal muscle as 

well as anti-catabolic effect on branch-chain amino acids (BCAAs) (Raizel et al. 2016). A too low glutamine 

availability may define a specific outlier metabolic picture in case of elite sportsmen at overreaching 

physiological risk (Rowbottom et al. 1996) as it could be the case for this outlier Normal cortisol subgroup 

which displayed glutamine concentrations in serum significantly lower than those found in the true Normal 

group. In connection with this atypical metabolic picture displayed by this outlier subgroup, glucose and citrate 

concentrations are also lower than in the true normal one (Figure 4B), which is coherent with an apparent 

reduced energy availability in this subgroup, also in line with the global decrease in 
1
H NMR lipids markers. 

Again, at this step, no available anthropometric, dietary or clinical metadata could confirm these putative 

biomarkers of such a heterogeneity found inside the Normal cortisol class. 

6. Conclusion 

The present pilot metabolomic epidemiological study of the disrupted hormonal status in sportsmen, regarding 

circulating cortisol, IGF1 and testosterone, thanks to the intensive data modelling approach based on a combined 

OSC of raw 
1
H NMR signals and a SDA used to discriminate Normal, High and Low classes of every endocrine 

phenotype, was useful to get some critical parameters to size a fully informative cohort. Therefore, the number 

of statistical individuals should be above 929, 2346 and 1408 for cortisol, IGF1 and testosterone traits, 

respectively, to get a global discrimination error risk lower than 0.1% when considering a dataset built from the 

200 most informative variables only, this error risk being in total agreement with the credibility value of 99.9% 

considered by WADA for the Athletics Biological Passport.  

In addition, such an intensive statistical modeling gives access to a fine characterization of a sub heterogeneity in 

the true Normal classes. For cortisol and testosterone phenotypes, few statistical individuals may be considered 
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as apparent outliers. Diet is probably the main causative factor. Functional hypotheses regarding i) the 

inadequate protein intake when considering a possible strenuous exercise to which these outliers could be 

submitted, and ii) intake of ergogenic nutritional supplements, as glycine or glutamine, might explain 

heterogeneous metabolic profiles in a supposedly Normal cyclist class.  

In the present study, neither correlative dietary nor clinical nor anthropometric metadata was recorded at the 

blood collection time to get any further confirmation of these hypotheses. Beside the cohort size, this represents 

a clear limitation. To fully validate this present pioneering metabolomic approach in sport, future follow-up of 

cycling sportsmen should record these metadata. In conjunction with 
1
H NMR fingerprinting used here, a better 

access to some very specific markers of diet or physical overload would be brought by LC-MS platforms. 

Nevertheless, the present results are in favor of the systematic use of metabolomic scores to complete the ABP-

supported assessment of doping. An extended validation of coordinated metabolic deviations supporting major 

endocrine changes between Normal classes and either Low or High ones is planned in future to get a specific 

statistical modelling of negative hormonal feedbacks.  
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Tables



Table 1. Fitting the lower limit value of Q5 values of GPR for the different endocrine phenotypes considering either 200 or 400 variables to predict the minimal sample size to get GPR higher than 

99.9%. The Q5 curves were built thanks to a bootstrapped approach with LS varying between 50 and 600 statistical individuals as shown in Figure S7. Two types of models were used to fit the 

sigmoidal curves, either directly with a family of different sigmoid equations (models 1 to 4), or indirectly (model 5) with a multiple regression between logit(y), y corresponding to the Q5 GPR 

values, and polynomials of x, which is the size of the cohort, using degrees ≤ 7. Rows in light blue: maximal reference values; rows in light green: defective fitting models with predicted maximal 

GPR lower than 99.9%; rows in white: selected fitting models. 

Hormones OSC
1
 

Sigmoidal 

models 

200 variables 400 variables 

Model 

number 

Degree of 

polynomials 

GPR 

Q5 

value 

Predicted 

cohort 

size
2
 

Residual 

variance 

Model 

number  

Degree of 

polynomials 

GPR 

Q5 

value 

Predicted 

cohort size  

Residual 

variance 

cortisol 1 

no   97.4 500    100.0 500  

nls
3
 (3)  97.8 508 0.980 (3)  99.9 433 1.105 

polynomials (5) 1 99.9 929 7.320 (5) 1 99.9 503 7.368 

testosterone 1 

no   74.6 600    80.6 600  

nls (1)  75.2 1000 0.870 (2)  84.2 746 1.622 

polynomials 
(5) 1 99.9 1408 2.485 

(5) 
1 99.9 1342 2.385 

     3 99.9 963 2.372 

IGF1 

1 

no   41.0 600    46.8 600  

nls (1)  44.7 2000 0.382 (1)  58.4 2000 0.471 

polynomials (5) 1 99.9 2346 0.626 (5) 1 99.9 1913 0.642 

4 

no   98.7 600    98.8 600  

nls (4)  99.9 643 1.209 (4)  99.9 603 1.072 

polynomials (5) 
1 99.9 908 7.129 

(5) 
1 99.9 836 6.356 

3 99.9 750 6.988 3 99.9 820 6.319 

1
 Number of orthogonal signal components calculated from raw 

1
H NMR data prior fitting the GPR Q5 curves. 

2
 Size of population estimated for a Q5 value of GPR fixed at 99.9%.  

3
 Non-linear least squares fitting of Q5 values of GPR.   
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Table 2. Putative metabolites correlated to the IC describing the common traits explaining heterogeneities inside every normal endocrine group which were detected for the validation procedure 

by a bootstrapped-based classification.  

Endocrine 

traits 

(# outliers vs  

# normal 

samples) 

Bootstrap results (n = 1000) 

Chemical shifts-based datasets BATMAN-processing datasets 

Variance 

explained by 

IC [Q5–Q95] 

(%) 

 variables (ppm), variation and 

putative assignment between brackets 

Statistical 

scores of  

variables (‰) 

Metabolite variables 

significantly correlated 

to IC 

Quantiles [Q5-Q95] Statistical 

scores of 

metabolite 

variables (‰) 

p-values for 

imbalanced 

t-test |correlations| 

to IC 
F1,p p-values 

cortisol 

(8 vs 252) 
5.92 – 21.00 

 2.285*** (↓), 2.275*** (↓), 2.265*** (↓) 

[L-valine] 

 3.435*** (↓) [glucose]  

 2.745*** (↓), 2,725*** (↓) [lipids] 

 2.695*** (↓), 2.715*** (↓) [citrate] 

 2.435* (↓), 2.445* (↓) [L-glutamine] 

 945, 953, 

931 

 902 

 900, 937 

 954, 901 

 929, 940 

7-methylxanthine
*
 (↑) 0.25 – 0.88 14.81 – 59.20 1.0 10

-4
 – 2.3 10

-2
 984 2.8 10

-2
 

glycine
**

 (↑) 0.23 – 0.77 7.74 – 33.44 1.3 10
-3

 – 9.3 10
-2

 902 2.5 10
-3

 

IGF1 

(9 vs 413) 

4.63 – 16.50  1.505, 1.495, 1.515, 1.155 
 455, 388, 

359, 224 

No significant 

metabolite correlated 

to IC 

     

6.24 – 10.85 
Direct correlation to IC from BATMAN-supported 

metabolites dataset 

7-methylxanthine 0.09 – 0.78 1.99 – 11.40  1.7 10
-1

 – 9.2 10
-1

 66 nd
1
 

L-lactic acid 0.07 – 0.75 0.83 – 10.64 2.1 10
-1

 – 9.6 10
-1

  46 nd 

testosterone 

(9 vs 368) 
6.48 – 16.22 

 4.075*** (↓),4.065*** (↓) [choline] 

 4.205*** (↓), 4.215*** (↓) [?] 

 4.255*** (↓), 4.265*** (↓), 4.285*** (↓), 

4.275*** (↓) [L-threonine] 

 4.295*** (↓), 4.305*** (↓) [?] 

 4.325*** (↓), 4.315*** (↓), 4.335*** (↓), 

4.345*** (↓) [α-glycerylphosphoryl-

choline] 

 1.615*** (↓), 1.625*** (↓), 1.635*** (↓), 

1.645*** (↓), 1.655*** (↓), 1.665*** (↓) 

[L-arginine] 

 959, 974 

 909, 919 

 988, 975, 

975, 963 

 978, 978 

 917, 976, ?, 

923 

 

 ?, 883, 900, 

910, 910, ? 

 

methyl-isobutyl ketone 0.035 – 0.543 0.13 – 9.01 3.6 10
-1

 – 9.8 10
-1

 17 nd 

L-threonine 0.015 – 0.482 0.01 – 6.98 5.2 10
-1

 – 9.9 10
-1

 14 nd 

deoxycholic acid 0.077 – 0.721 0.04 – 7.70 4.4 10
-1

 – 9.9 10
-1

 11 nd 

1 nd: not done. 
* p < 0.05, ** p < 0.01, *** p < 0.001 



Figure captions 
Figure 1. Flow-chart of the different statistical analyses sequentially used to mine the 1H NMR dataset and data 

subsets used to predict the endocrine phenotypes of cyclist sportsmen. It was divided in four blocks corresponding to 

parts of results indicated between brackets as following: [3.2.1 & 4.1], [4.2], [4.3 & 4.4] and [4.7]. Objectives of these 

specific parts are indicated in conclusive items colored in light violet. Specific statistical tools are indicated in bold 

black on green background. 

Figure 2. Abacuses describing the variation of the median GPR and the confidence interval at 90% according to LS 

(50-650) and NV, the number of prior selected informative variables (50, 100, 150, 200 and 400) thanks to the cat 

scores. The confidence interval limits (in dotted lines) were colored as their respective median curve. Only one 

orthogonal component was used to correct the dataset for cortisol (A), IGF1 (B) and testosterone (C). Four orthogonal 

components were used to significantly increase the GPR performances for IGF1 (D). 

Figure 3. Score plots and frequency distributions along the two first PCs for cortisol (A), IGF1 (B) and testosterone 

(C) with one orthogonal component (1 OSC), and IGF1 with 4 orthogonal components (4 OSC) (D). The 3 classes are 

given in green, violet and red for classes Normal, Low and High of every endocrine phenotype. Light grey squares 

marked with a green line focus on the apparent outliers of the Normal class excluded from the ellipses drawn at a 

confidence limit above 97.5%.  

Figure 4. Metabolic modules containing the putative biomarkers characterizing the outliers of the testosterone (A) 

and cortisol (B) Normal classes and connected metabolites as summarized in the respective sub-networks defined from 

a significant enrichment according to a Benjamini-Hochberg correction of the prior selected biomarkers using the 

MetExplore web tool. 1-Methylhistidine (meat consumption) also detected as marker for cortisol Normal class was not 

enclosed in the prior selection and enrichment analysis of targeted metabolic biomarkers. 
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Supplementary figure captions 
Figure S1. Distribution of cortisol (A), IGF1 (B) and testosterone (C) concentrations of the cyclist cohort as a function 

of age. A distinction was done between the groups they belonged to, i.e. the hormonally normal group in green, the 

hormonally higher than normal group (group High) in red and the hormonally lower than normal group (group Low) 

in violet. For every subgroup inside a hormonal trait, a linear regression between serum concentration and age [20-34 

yrs.] was performed. Although a very significant variation of IGF1 concentration with age was observed only in the 

normal IGF1 group studied here, the slope value was not sufficient to conclude that age would be considered as a 

possible confounding factor when older cycling athletes with very low IGF1 concentration in serum would be still 

considered as normal ones. 

Figure S2. Example of a 1H NMR metabolic fingerprint obtained at 600.13 MHz on a serum collected on an 

anonymous subject. Some assignments to known chemical shifts were done from those usually recorded for analytes 

detected in serum or plasma. Glu, Gln and Val corresponds to L-glutamate, L-glutamine and L-valine, respectively. 

Figure S3. Score plot of the different statistical individuals from a PCA analysis of the raw dataset comprising 

bucketed 1H NMR fingerprints (p = 419 variables) acquired on two different NMR sessions (1 and 2). Three types of 

factors were encoded differently according to the color of plot symbols for cycling discipline, their shape for season 

where blood samples were collected, and their size for the NMR session of samples fingerprinting. 

Figure S4. Score plot of the different statistical individuals from a PHATE analysis of raw dataset comprising 

bucketed 1H NMR fingerprints (p = 419 variables) acquired on two different NMR sessions (1 and 2) appearing in 

filled circles and triangles, respectively. PHATE analysis was performed on a data subset (n = 633) for which all 

samples were completely phenotyped for the three endocrine traits with no non-phenotyped (NP) data. Circled 

numbers give the number of samples collected in a longitudinal follow-up for every subject and which are projected 

on a barycenter corresponding to the mean score point calculated from these different points acquired respectively on 

the 1st (red circles), 2nd (green circles) or both NMR sessions (blue circles). Most of mean points with a number of 

samplings per cyclist above one are projected in the center part of the factorial map. Lines connect respective 

barycenters to the different points corresponding to samples collected for every cyclist and are colored according to 

the different subjects. Using MANOVA between the two coordinates of the factorial map on one part and, on another 

part, the set of following factors, i.e. the ‘NMR session’ factor, the number of samples in a longitudinal series, the 

Euclidean distance calculated from barycenters to samples inside a longitudinal series, all these factors being joined to 

the dummy matrix built from subjects phenotyped more than one time, shows in addition to a highly significant ‘NMR 

session’ effect and a ‘barycenter-to-sample distance’ effect, an effect of some rare subjects whose barycenters are 

projected close to the extreme parts of the 2nd component of the factorial map and are indicated by the following 

labels: ● when p < 0.10, * when p < 0.05, ** when p < 0.01 and *** when p < 0.05. The 21 specific endocrine 

phenotypes appear as differently colored from dark blue to light yellow for disrupted samples and in grey for controls 

(or equivalent to the combined normal endocrine phenotype ‘Cortisol N / IGF1 N / Testo N’). Insert gives only the 

PHATE scores of the different samples on the plan 1 × 2 with circles corresponding to samples analyzed on the 1st 

NMR session and signs + for samples analyzed on the 2nd one.  

Figure S5. Progressive building of a generic classification algorithm. Partial least squares-discriminant analysis (PLS-

DA) without (A) or with a prior PLS-based orthogonal signal correction with one orthogonal component (1 OSC) (B) 

considering the cortisol grouping factor. Shrinkage discriminant analysis (SDA) without (C) or with a prior OSC with 

1 component (D). Mahalanobis distance plots used to calculate probabilities to predict belonging of one individual to a 

given phenotypic subgroup by SDA without (E) or with a prior OSC with 1 component (F). Legend: the different 

phenotypic subgroups are given with normal cortisol concentrations in serum in green, lower cortisol concentrations 

than normal in violet, and higher cortisol concentrations than normal in red. 

Figure S6. Density plots of the distribution log10-transformed F-values coming from a MANOVA test (Hotelling-

Lawley criterion) applied to SDA components repeatedly calculated in a bootstrap procedure using at each iteration a 

permutation test (line curves in red). True values for cortisol (A), IGF1 (B) and testosterone (C) datasets, all corrected 

by OSC with one orthogonal component, and for IGF1 dataset prior submitted to 4 OSC components (D), were 

indicated by a narrow distribution obtained by bootstrap (n = 1000, line curves in black). All these specific 

distributions were significantly different from those resulting from random permutations (p < 2 10-16). 

Figure S7. Variation of the prediction rates of classification of individuals in one of the different phenotypic 

subgroups for either cortisol (A), IGF1 (B and D) or testosterone (C) assayed in serum according to the size of the 

training set, which varied from 50 to 650. One PLS-based correction component (1 OSC) was used to get a prior 

correction of the dataset for the different hormonal traits. Influence of a correction with 3 supplementary orthogonal 

components (4 OSC) was also tested on the prediction rates of the IGF1 status. For every hormonal trait, prediction 

rates were presented for the different subgroups. A global prediction rate (GPR) corresponding to the multiplication 

of the three specific ones for a given hormonal trait was done at every training set size. Thanks to the resampling 

procedure used (n = 1000), a confidence interval (in light grey) was calculated in the 5%-95% quantile range (dotted 

lines). 

Figure S8. PHATE analysis of the distribution of individuals belonging to the class Normal of the following endocrine 

phenotypes: cortisol (A), IGF1 (B) and testosterone (C) through 4 groups. This number of groups in the Normal class 

corresponded to the maximal one for which all outliers of the cortisol Normal class were assigned to a unique 

subgroup. The same number of subgroups was used to display the metabolomic heterogeneity inside IGF1 and 



21 
 

testosterone Normal classes and then to check the distribution of outliers inside the respective different subgroups. 

Outliers prior detected by a PCA analysis of the bootstrap supported cross-validation data are marked with larger 

size points (circle or triangle). Only for the normal cortisol trait, outliers belonged to only one group. 

Figure S9. Clustering of bucketed δ variables involved in the building of the most important independent component 

discriminating outliers from true normal individuals for the testosterone endocrine phenotype. All selected variables 

displayed a score above 700. A: Heatmap focused on selected δ variables, B: spectrum plotting of selected δ variables, 

and C: expert-based putative assignment of chemical shifts.  

Figure S10. Clustering of bucketed δ variables involved in the building of the most important independent component 

discriminating outliers from true normal individuals for the cortisol endocrine phenotype. All selected variables 

displayed a score above 899. A: Heatmap focused on selected δ variables, B: spectrum plotting of selected δ variables, 

and C: expert-based putative assignment of chemical shifts.  
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