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ABSTRACT 1 

Purpose: Autologous blood transfusion is performance enhancing and prohibited in sport but remains 2 

difficult to detect. This study explored the hypothesis that an untargeted urine metabolomics analysis 3 

can reveal one or more novel metabolites with high sensitivity and specificity for detection of 4 

autologous blood transfusion. 5 

Methods: In a randomized, double-blinded, placebo-controlled, cross-over design, exercise-trained 6 

males (n=12) donated 900 ml blood or were sham phlebotomized. After four weeks, RBCs or saline 7 

were reinfused. Urine samples were collected before phlebotomy and 2 h, 1, 2, 3, 5 and 10 days after 8 

reinfusion and analyzed by UPLC-QTOF-MS. Models of unique metabolites reflecting autologous 9 

blood transfusion were attained by partial least squares discriminant analysis.  10 

Results: The strongest model was obtained 2 h after reinfusion with a misclassification error of 6.3% 11 

and 98.8% specificity. However, combining only a few of the strongest metabolites selected by this 12 

model provided a sensitivity of 100% at days 1 and 2 and 66% at day 3 with 100% specificity. 13 

Metabolite identification revealed the presence of secondary di-2-ethylhexyl phtalate metabolites and 14 

putatively identified the presence of (iso)caproic acid glucuronide as the strongest candidate 15 

biomarker. 16 

Conclusion: Untargeted urine metabolomics revealed several plasticizers as the strongest metabolic 17 

pattern for detection of autologous blood transfusion for up to 3 days. Importantly, no other 18 

metabolites in urine appear of value for anti-doping purposes. 19 

Keywords: Exercise; blood transfusion; blood doping; antidoping; metabolites   20 



INTRODUCTION 21 

Detection of autologous blood transfusion is a major challenge in endurance sports. Currently, the 22 

only tool able to detect autologous blood transfusion is the Athlete Biological Passport (ABP) that is 23 

based primarily on hemoglobin concentration and reticulocyte percentage and thus requires a blood 24 

sample. Even though the ABP is valuable (1), it has limitations (2-5) and novel methods are 25 

warranted, preferably based on urine sampling to avoid blood collection. 26 

Multiple attempts to develop a sensitive detection method of autologous blood transfusion exist, albeit 27 

with critical shortcomings. In urine, high concentrations of di-2-ethylhexyl phthalate (DEHP) 28 

metabolites are detected for two days following autologous blood transfusion using a targeted 29 

metabolite analysis (6, 7), but exposure to DEHP from occupational and/or dietary sources may 30 

reduce specificity (8). To our knowledge no other biomarkers have been detected in urine.  31 

In blood samples, expression of at least 600 genes in T-cells are altered for up to 96 h after reinfusion 32 

(9) but a similar response may be induced by hemolysis or infection and therefore lower the 33 

specificity. Similarly, autologous blood transfusion increase selected micro-RNAs 3-4 fold for up to 34 

one day and combined with a reduced plasma erythropoietin concentration a detection for three days 35 

is possible (10). However, plasma erythropoietin concentration can be manipulated, e.g. by hypoxic 36 

exposure (11), which limits its applicability. Thus, novel analytical strategies for detection of 37 

autologous blood transfusion are required. 38 

One possible but unexplored methodology for detection of blood transfusion is metabolomics, the 39 

potential of which is highlighted by the distinct shift in the metabolome of cold-stored red blood cells 40 

(RBC) in vitro (12-15). Also, a metabolomics analysis demonstrates that reinfusion of cold-stored 41 

RBC induces acute alterations in the level of vasoactive, pro-oxidative, pro-inflammatory, immune-42 

modulatory metabolites and plasticizers in human plasma, but sensitivity or specificity for detection 43 

of autologous blood transfusion was not evaluated (16). Thus, it appears that metabolomics has the 44 



potential to detect autologous blood transfusion. However, it remains unknown whether changes 45 

observed in the blood translate to changes in urine composition. Urine is the most desired matrix for 46 

detection of autologous blood transfusion due to its frequent (17) and easy collection in sports, as 47 

well as its lack of specific storage conditions (18). Despite previous targeted metabolite analyses in 48 

urine (6-8), it remains unknown whether other markers of urine are sensitive to autologous blood 49 

transfusion. Thus, the present study applied an untargeted urine metabolomics analysis on urine 50 

samples collected from participants undergoing a large-volume autologous blood transfusion in a 51 

randomized double-blind placebo-controlled design. The aim was to provide the strongest possible 52 

answer to whether LC-MS based urine metabolic profiles can reveal hitherto unidentified patterns 53 

allowing specific and sensitive detection of autologous blood transfusion. It was hypothesized that 54 

untargeted metabolomics analyses can reveal novel biomarkers for detection of autologous blood 55 

transfusion.  56 



METHODS 57 

Study participants  58 

Twelve non-competing healthy, non-smoking, Caucasian, male subjects participated in the study. The 59 

mean±standard deviation (SD) for age, height, weight and maximal oxygen uptake was 28±5 years, 60 

185±8 cm, 80±8 kg and 56±2 ml×min-1×kg-1, respectively. Participants regularly engaged in 61 

endurance exercise and were instructed to maintain their training volume throughout the study period. 62 

Participants had not donated blood for three months or been exposed to high altitude (>1000m) for 63 

two months prior to the study. The local ethics committee of Copenhagen, Denmark approved the 64 

study (H-2-2014-109), which was performed in accordance with the Declaration of Helsinki. All 65 

subjects received oral and written information of potential risks and discomforts associated with 66 

participation before a written consent was obtained. 67 

Design 68 

A randomized, double-blinded, placebo-controlled, cross-over design was applied (Figure 1). 69 

Participants were randomly assigned to undergo an autologous blood transfusion (ABT) or placebo 70 

treatment (PLA) first. Randomization was established by use of a software algorithm 71 

(www.randomizer.org). In the ABT trial participants donated two whole-blood units (900 mL) 72 

whereas a sham phlebotomy was performed in the PLA trial. A needle was inserted into an antecubital 73 

vein during both interventions with subjects blinded to whether blood was flowing into the collection 74 

bag or not. Collection and processing was according to blood bank procedures: whole-blood units 75 

were collected in bags containing a citrate phosphate dextrose (CPD) solution (Baxter Healthcare, 76 

Deerfield, IL, USA) and immediately placed on Compocool buthane-1,4-diol plates (Fresenius-Kabi, 77 

Bad-Homburg, Germany) for ≥90 min until processing within 6 h. The whole-blood units were 78 

separated into buffy coat, plasma and RBCs by hard spin centrifugation (4700 rcf, 9 min.,  22°C, 79 

Hettich Roto Silenta 630, Hettict GmbH, Tuttlingen, Germany) followed by separation on a 80 

http://www.randomizer.org/


CompoMat G5 blood component extractor (Fresenius-Kabi, Bad-Homburg, Germany). RBCs were 81 

leucoreduced by leucofiltration and stored at 4°C in SAG-M (saline, adenine, glucose, mannitol). 82 

Leucodepletion is practiced in many European countries and justified by contributions to blood 83 

safety, blood efficacy and improved RBC recovery. RBCs were stored for the longest approved period 84 

of four weeks to allow maximal recovery of the participants lost blood volume. During the storage 85 

period, all subjects were instructed to daily ingest 100 mg iron supplementation (Ferro Duretter, 86 

Recipharm AB, Årsta, Sweden) to ensure sufficient iron stores for the expected increase in 87 

erythropoiesis but adherence was not evaluated. 88 

Reinfusion was performed in the morning, four weeks after phlebotomy in a semi recumbent position 89 

via an 18 G catheter inserted in an antecubital vein. The ABT group received two autologous units of 90 

RBCs in one reinfusion, lasting approximately 60-90 min, while the PLA group received <100 ml of 91 

saline. Subjects were blinded to the reinfusion procedure by a blanket. The RBC reinfusion volume 92 

was 500 ± 19 ml RBC (mean ± SD), determined as the weight of the reinfusion volume divided by a 93 

1.06 g/ml density of RBCs in SAG-M. A reinfusion volume of two units of RBCs was chosen to 94 

induce a high metabolic signal as the present study represents an explorative approach. 95 

A wash-out period of >3 months was applied to allow complete removal of the reinfused RBC which 96 

can maximally be expected to exist for ~120 days (19). The participants then crossed over to the other 97 

treatment and the procedure was repeated. 98 

Sample collection 99 

Urine samples were collected into a sterile container on two occasions separated by 4 days during the 100 

week before phlebotomy. In addition, urine samples were collected 2 h as well as 1, 2, 3, 5 and 10 101 

days after reinfusion. All urine samples were collected in the morning at 8:23 ± 00:54, except the 102 

sample collected 2 h after reinfusion, which was collected at 12:16 ± 00:36. Urine samples were 103 



immediately analyzed by a refractometer to confirm the specific gravity of all urine samples ≥ 1.005 104 

as required by the World Anti-Doping Agency (18), and aliquots were immediately stored at –80˚C. 105 

UPLC-QTOF analysis 106 

Urine centrifugation and dilution procedures were performed as described (20). The urine samples 107 

were diluted in aqueous 5 % 70:30 (v/v) acetonitril (ACN) : methanol (MeOH) (Optima grade LC–108 

MS, Fisher Scientific, US) containing an internal standard (IntStd) solution and placed in 96-well 109 

plates (21). Samples from each specific individual were placed on the same plate (analytical batch) 110 

while the individuals were randomized between batches and the order of samples was randomized 111 

within each batch. An ultraperformance liquid chromatography (UPLC) system coupled to a 112 

quadrupole time-of-flight mass spectrometer (Premier QTOF, Waters Corporation, Manchester, UK) 113 

was used for sample analysis. The mobile phase was 0.1% formic acid in water (solvent A), 10% 1 114 

M ammonium acetate in methanol (solvent B), methanol (solvent C) and isopropanol (solvent D) . 115 

Five microliters of each sample was injected into a HSS T3 C18 column (2.1 × 100 mm2, 1.8 µm) 116 

coupled with a VanGuard HSS T3 C18 column (2.1 × 5 mm2, 1.8 µm), and the gradient was operated 117 

for 10 min. The eluate was analyzed by electrospray ionization (ESI) in positive and negative mode, 118 

applying a capillary voltage of 3.2 and 2.8 kV, respectively, and a cone voltage of 20 kV. Ion source 119 

and desolvation gas (nitrogen) temperatures were set to 120 and 400°C, respectively. Blanks (5% of 120 

acetonitrile:methanol 70:30 v/v in water), external metabolomics standard mixtures and pooled 121 

samples comprised of a small aliquot of all the samples within each batch were injected after every 122 

17th sample throughout each analytical batch.  123 

Data preprocessing 124 

Initially, raw data were converted to intermediate MZdata using Databridge (Masslynx V4.1, , 125 

Waters, Ma, USA).  MZdata files were imported into MZmine 2.31 (22) for data preprocessing with 126 



the following steps: mass detection, chromatogram builder, chromatogram deconvolution (local 127 

minimum search), isotopic peaks grouper, peak alignment (join aligner), duplicate peak filer, peak 128 

list row filter and gap filling (peak finder). The settings for each step is available in supplemental 129 

material (see Table, Supplemental Digital Content 1). Throughout this paper, the term ‘feature’ to 130 

refers to an ion with a specific retention time and mass to charge ratio (m/z). 131 

MZmine-preprocessed data were imported into MATLAB R2017b (version 9.3.0.713579). Feature 132 

filtering was applied based on three criteria. First, the features detected earlier than 0.3 min and later 133 

than 9.3 min were removed. Second, if a feature had a significant peak area (>60, approximately 6 134 

times the maximal background noise) in the first blank sample in at least one of the analytical batches, 135 

the feature was removed from the entire set as background noise. Third, if a feature had a peak area 136 

lower than 10 (considered as a noise level or a gap filling error) in more than 60% of the samples 137 

within every sample group (time × condition), the feature was excluded (percent rule). 138 

Urine samples were normalized to unit-length to correct for urine concentration variations. To remove 139 

inter-batch variation, each feature detected in urine samples within each batch was divided with the 140 

overall mean for the entire batch and multiplied by the mean for the feature across all batched. This 141 

approach is justified by randomization of all samples from each individual within the same batch 142 

prior to analysis. Application of these preprocessing and normalization procedures was performed 143 

separately on negative and positive mode data. In order to ease identification, features within the 144 

retention time range of 0.02 were grouped and assigned as one feature group if they had a correlation 145 

coefficient higher than 0.7. Then each feature group was considered as a representation of one unique 146 

compound. 147 

Prediction analysis using overall metabolite patterns 148 



Data analysis was performed in MATLAB® (The Math-Works, Inc., Massachusetts, USA) 2017b 149 

(version 9.3.0.713579). PLS_Toolbox (version 6.5, Eigenvector Research Inc., MA, US) was used 150 

for partial least-squares discriminant analysis (PLS-DA). PLS-DA  is a standard method for 151 

discrimination between metabolic patterns (23, 24) and it was applied to differentiate the urine 152 

metabolic patterns between ABT and PLA for each specific time point (e.g. 2 h post reinfusion). The 153 

samples of the specific time point were divided into training and test sets in such a way that samples 154 

from ten out of twelve subjects were used to form the training set, while samples from the remaining 155 

two subjects were used as test set. This was repeated for all possible combinations of training and test 156 

sets, where the samples of the subjects were randomly assigned to training or test sets to construct 157 

random training-test set pairs. Using the training set samples for each pair, multiple PLS-DA models 158 

were built by repeated removal of variables with selectivity ratio and variable importance in 159 

projection values lower than 1 until no further increase in the cross-validation (8-fold) classification 160 

errors could be observed. The variables that were selected in at least 80% of the models were used to 161 

form the final feature set related to ABT at the specific time point. The average test set 162 

misclassification from all the PLS-DA models was used to evaluate the ability of the selected 163 

variables to discriminate between treatments. Furthermore, a PLS-DA model build on the selected 164 

variables at a specific time point was used to predict the classification of all placebo samples, 165 

excluding the placebo samples of the specific time point, to provide the specificity of the model. The 166 

placebo samples at the specific time point was excluded to avoid over-fitting since it was used for 167 

building the model. The individual features included in the developed models were visually inspected 168 

for their ability to discriminate between treatments. 169 

Metabolite identification 170 

The features presenting a clear separation between treatments were further investigated by recording 171 

their MS/MS spectra (10, 20 and 30 eV) with Vion IMS QTOF Mass Spectrometer (Waters, MA, 172 



USA) using the same UPLC separation as described above in order to obtain fragmentation 173 

information to compare with the spectral data in available databases, such as Metlin 174 

(http://metlin.scripps.edu), HMDB (http://www.hmdb.ca), ChemBank 175 

(http://chembank.broadinstitute.org/welcome.htm) and Chemspider (http://www.chemspider.com). 176 

Reference standards were purchased for the DEHP metabolites, mono-(2-ethylhexyl) (MEHP), 177 

mono-(2-ethyl-5-hydroxylhexyl) (5OH-MEHP) and mono-(2-ethyl-5-oxohexyl) (5oxo-MEHP) from 178 

Sigma-Aldrich (Missouri, USA) and mono-(2-ethyl-5-carboxypentyl) (5cx-MEPP) and mono-(2-179 

carboxymethylhexyl) (2cx-MMHP) from Cambridge Isotope Laboratories, Inc. (Massachusetts, 180 

USA). The conjugation of DEHP metabolites with glucuronic acid was performed by the procedure 181 

described previously (25). The MS/MS spectra of the reference standards were recorded and the 182 

fragmentation pattern was compared to the MS/MS of the candidate biomarkers detected in urine. An 183 

authentic standard of mono-(2-ethyl-5-oxohexyl) phthalate glucuronide was also purchased from 184 

Toronto Research Chemicals.  These standards were used to verify the identity of some of the 185 

candidate biomarkers. 186 

Prediction analysis using specific metabolites 187 

Following metabolite identification an additional set of PLS-DA models was built on the recordings 188 

of specific candidate biomarkers at 2 h (Calibration_Set) displaying a strong separation between 189 

treatments. The models were used to classify samples collected at 1, 2, 3, 5 and 10 days after 190 

reinfusion (Prediction_Sets). The complexity of the final calibration model was evaluated based on 191 

misclassification error rate (ER_Cal) (26). The models were built on all possible combinations of six 192 

metabolites (see results), with 1, 2, 3, 4, 5 and 6 candidate biomarkers combinations, and their 193 

classification performance was assessed based on the area under the receiver operating characteristics 194 

curve (AUROC) and misclassification error rate of the prediction_set (ER_Pred). ER_Pred was 195 

calculated as the average misclassification between the two classes. In cases where one of the classes 196 

http://metlin.scripps.edu/
http://www.hmdb.ca/
http://chembank.broadinstitute.org/welcome.htm
http://www.chemspider.com/


was correctly classified in its entirety (e.g. all placebo samples as in Figure 2D), ER_Pred was driven 197 

by the misclassification of the other class (e.g. autologous blood transfusion samples). The models 198 

with the highest AUROC and lowest ER_Pred were selected. For combinations of features with 199 

similar performances, parsimonious models (i.e., models with the least number of features) were 200 

considered optimal. The classification performance of the selected models was also used to determine 201 

the classification of all collected placebo samples, excluding those collected 2 h after reinfusion, in 202 

order to evaluate the specificity of the model in a larger sample pool.  203 



RESULTS 204 

Selection of metabolites associated with autologous blood transfusion 205 

In total, 166 out of 168 possible urine samples were collected and analyzed. Following feature 206 

filtering, 2623 and 2239 features remained for urine samples in positive and negative mode, 207 

respectively. 208 

Prediction of treatments by PLS-DA using overall metabolite patterns 209 

Table 1 displays the number of features included in the 80% of the developed PLS-DA models for 210 

each time point following reinfusion as well as the average test set misclassification error, i.e. the rate 211 

at which a sample is wrongly predicted to originate from a subject reinfused with RBC or placebo. 212 

The numerically lowest misclassification error was observed 2 h post reinfusion at 6.3% for urine 213 

analysis in positive mode, with the remaining time points having a misclassification error of ~20-214 

50%. Furthermore, Table 1 displays the specificity of the model developed for each time point as 215 

evaluated by the ability of the final PLS-DA model to predict the classification of all placebo samples 216 

except for the placebo samples at the specific time point (excluded to avoid over-fitting since it was 217 

used for building the model). The numerically highest specificity was observed 2 h post reinfusion at 218 

98.8% for urine analysis in negative mode and the remaining time points ranged between ~50-80%. 219 

Metabolite identification 220 

The glucuronide conjugates of MEHP, 5OH-MEHP, 5oxo-MEHP, 2cx-MMHP and 5cx-MEPP were 221 

identified as sensitive metabolites for discrimination between treatments (Table 2). A glucuronide 222 

conjugate that is highly correlated with 5-cx-MEPP-Glu was putatively annotated as (iso)caproic acid 223 

glucuronide (CA-Glu). Furthermore, a feature associated with reinfusion was putatively identified as 224 

mannitol or sorbitol. The list of unknown features is available in supplementary material (see Table, 225 

Supplemental Digital Content 2). 226 



Prediction of treatments by PLS-DA using specific combined biomarkers 227 

The six candidate biomarkers associated with DEHP, i.e. the five identified glucuronide conjugates 228 

of MEHP, 5OH-MEHP, 5oxo-MEHP, 2cx-MMHP and 5cx-MEPP and the putatively annotated CA-229 

Glu were used to predict the exposure to autologous blood transfusion. A total of 378 combinations 230 

of candidate biomarkers were thereby tested (63 models per time point, including 1, 2, 3, 5 and 10 231 

days after reinfusion). Overall, single biomarkers and combinations of 2-3 biomarkers performed 232 

better than all six candidate biomarkers together (see Table, Supplemental Digital Content 3). CA-233 

Glu alone or in combination with MEHP-Glu, 5-oxo-MEHP-Glu or 2cx-MMHP-Glu classified the 234 

exposure to autologous blood transfusion with a sensitivity and specificity of 100% up until 2 days 235 

after reinfusion (Table 3, Figure 2A and 2B). Three days after reinfusion CA-Glu alone or in different 236 

combinations with MEHP-Glu, 5-oxo-MEHP-Glu and 5cx-MEPP-Glu displayed a sensitivity of 50-237 

66% at a specificity of 100% (Table 3, Figure 2C and 2D). At days 5 and 10 the sensitivity of the 238 

models ranged from 8-42%. 239 

Additionally, the selected models included in Table 3 provided a specificity of 100% (AUROC of 1) 240 

when classifying placebo samples collected at all seven time points.  241 



DISCUSSION 242 

The main finding of the present study is that reinfusion of red blood cells obtained from a 900 ml 243 

phlebotomy 4 weeks earlier is detectable by a model based on ~40 features derived from the global 244 

urine metabolite pattern with a misclassification error <25% 24 h post reinfusion. Specific selection 245 

of metabolites displaying the strongest prediction between treatments within the model allowed, 246 

however, development of an additional detection model with a sensitivity and specificity of 100% for 247 

up to two days after reinfusion. The developed models were based on plasticizers, demonstrating that 248 

other urine metabolites are unlikely to be useful for detection of autologous blood transfusion. 249 

Urinary metabolites predictive of autologous blood transfusion 250 

Five DEHP metabolites were identified to be associated with autologous blood transfusion, 251 

specifically glucuronide conjugates of MEHP, 5OH-MEHP, 2cx-MMHP, 5cx-MEPP and 5oxo-252 

MEHP. The metabolites were all included in the model based on the overall urine metabolite pattern 253 

at 2 h following reinfusion, but only the latter three and two DEHP metabolites were present in the 254 

models at days 1 and 2 after reinfusion, respectively.  255 

Blood bags used for RBC storage contain DEHP, which migrates out of the plastic bag and enter the 256 

RBC during storage (27). DEHP is rapidly hydrolyzed to MEHP and subsequently metabolized to 257 

form several secondary metabolites, including 5OH-MEHP, 5oxo-MEHP, 5cx-MEPP and 2cx-258 

MMHP, which are excreted in urine following conjugation with glucuronic acid (28). Several of these 259 

metabolites have been demonstrated to be candidate biomarkers in urine for autologous blood 260 

transfusion for up to 48 h after reinfusion (6-8, 29), even in supposedly plasticizer-free bags although 261 

the urine concentration of the phthalates was significantly lower (8). Indeed, 5cx-MEPP and 2cx-262 

MMHP appear the most sensitive metabolites for detection of blood reinfusion and provide the 263 



longest window for detection (8) possibly due to a longer half-life compared to other secondary DEHP 264 

metabolites (30), which for 5cx-MEPP is confirmed by the present findings.  265 

Additionally, the fatty acid CA-Glu was putatively identified to be associated with autologous blood 266 

transfusion. CA-Glu contributed to the overall metabolite pattern models up until day 3 after 267 

reinfusion and thereby appear to represent the longest window of detection. In addition, a model based 268 

only on CA-Glu classified all samples correctly at days 1 and 2 after reinfusion and provided a 269 

sensitivity of 50% at day 3. This was only surpassed by combining CA-Glu with MEHP-Glu, 5-oxo-270 

MEHP-Glu and/or 5cx-MEPP-Glu providing a sensitivity of 58-66% at day 3 (Table 3). The origin 271 

of CA-Glu remains unknown but it is hypothesized to be a sidechain of the 2cx-MMHP metabolite, 272 

and this is corroborated by a high correlation (r > 0.8) between CA-Glu and 2cx-MMHP. 273 

One limitation of the identified candidate biomarkers is the risk of natural exposure. For instance, 274 

diet is a significant pathway for DEHP exposure (31) and CA-Glu exists in foods such as dairy 275 

products (32) and oils (33). Previously, samples from 4 out of 127 (6) and 4 out of 468 (29) athletes 276 

were found to have high levels of DEHP metabolites overlapping with the levels following a blood 277 

reinfusion, but whether the athletes performed a blood transfusion remains unknown. Importantly, in 278 

more than 180 control subjects, which are less likely to perform a blood transfusion compared to 279 

competing athletes, only one subject exceeded the secondary metabolites of DEHP levels observed 280 

following a blood reinfusion (6, 8, 29). Thus, the risk of a false-positive result exist but appear small, 281 

which is likely the reason for plasticizers apparently not being utilized in routine measures in anti-282 

doping laboratories and as an indirect proof of blood reinfusion. However, information of athletes 283 

demonstrating a highly suspicious plasticizer signature can be used to develop a strategic testing 284 

schedule to increase the chance of detecting blood manipulations by existing methods. The extent of 285 

natural exposure to CA-Glu in athletes or control subjects remains unknown. 286 



We also putatively identified mannitol and/or sorbitol as a predictive candidate biomarker 2 h 287 

following reinfusion. Mannitol is a sugar alcohol, which is a part of the standard additive solution, 288 

SAG-M, used to preserve RBC in Europe (27). It is therefore highly likely that the reinfusion of blood 289 

stored in a SAG-M solution caused an increase in mannitol. However, mannitol does not appear to 290 

be a strong candidate biomarker for detection of autologous blood transfusion as it is widely used in 291 

food products (34). Furthermore, mannitol is rapidly excreted in urine as it is filtered but not 292 

reabsorbed by the kidney (34), limiting the window of detection in the present study to 2 h. Sorbitol 293 

is a sugar alcohol as well that can be obtained by reduction of glucose. Under hyperglycemic 294 

conditions, e.g. during RBC storage in SAG-M, the RBC produce three to five times more sorbitol 295 

causing an intracellular accumulation over time (35); this may be reflected in an increased excretion 296 

of sorbitol immediately following reinfusion. Nevertheless, as the half-life of sorbitol is only 35 min 297 

(36), the applicability of sorbitol as a candidate biomarker is weak. 298 

Although other specific metabolic biomarkers are altered during RBC storage (12-15), these were not 299 

identified in urine as candidate biomarkers for autologous blood transfusion in the developed 300 

detection models. The presence or level of the altered biomarkers during RBC storage were not 301 

investigated directly in the present study as they are likely not valuable for detection of autologous 302 

blood transfusion in urine if they do not appear in the developed models. 303 

In summary, the present findings confirm the value of secondary DEHP metabolites as evidence for 304 

detection of autologous blood transfusion with a detection window of up to 3 days with at least ≥50% 305 

sensitivity and 100% specificity. 306 

Perspectives 307 

The derived detection models in the present study were developed using the entire dataset, with the 308 

aim of obtaining the strongest detection model. To validate the sensitivity and specificity of the 309 



developed models, an independent validation test-set, i.e. samples not included in the development 310 

of the models, is required. Moreover, the present study represents the first step to identify the 311 

metabolic profiles reflecting autologous blood transfusion by an untargeted metabolomics-based 312 

explorative approach. The next step is validation (37) of the candidate biomarkers in terms of 313 

sensitivity/selectivity, time-response, dose-response and intra/inter-individual variation. 314 

Furthermore, a targeted approach allowing the quantification of the candidate biomarkers of 315 

autologous blood transfusion is needed. The second step is therefore likely to improve both specificity 316 

and sensitivity of the derived models. Finally, the metabolome of the red blood cells or plasma could 317 

be investigated following reinfusion to determine whether those matrices contain undiscovered 318 

metabolites sensitive to autologous blood transfusion. 319 

Based on the current findings, we propose that analyses of secondary DEHP metabolites and CA-Glu 320 

is implemented in the standard screening of urine samples, although a small risk of false-positive 321 

results exist. We consider such an approach to help direct future targeted analyses and support 322 

suspicious fluctuations in the Athlete Biological Passport. Although the window of detection appear 323 

limited to 3 days, which may be avoided by reinfusing the RBCs more than 3 days prior to 324 

competition, this time slot is highly relevant in detection of athletes reinfusing blood immediately 325 

before competition as recently revealed (38). Importantly, removal of the blood after the race is 326 

unlikely to remove the plasticizer signature of urine. Additionally, anti-doping authorities may target 327 

highly suspicious athletes for urine analysis 3-4 days before competition as well, which would provide 328 

a high chance of detecting any reinfusions for almost a week before competition. 329 

CONCLUSION 330 

The present study demonstrates that several metabolites from plasticizers in urine provide the 331 

strongest candidate biomarker for detection of autologous blood transfusion for up to 3 days, which 332 



confirm previous targeted research. Importantly, the untargeted approach applied in the present study 333 

suggest that autologous blood transfusion does not induce other valuable metabolic traces in urine of 334 

the investigated metabolome for anti-doping purposes. 335 
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FIGURES 448 

Figure 1. Timeline illustrating the procedure of the study. Following baseline sampling, two units 449 

(900 ml) of phlebotomized blood were stored for four weeks as packed red blood cells (RBCs) 450 

before reinfusion. Urine samples were collected 2 h as well as 1, 2, 3, 5 and 10 days following 451 

reinfusion. Following at least three months of wash-out the subjects crossed over and repeated the 452 

protocol in a randomized double-blind placebo-controlled design.  453 



Figure 2. Predicting exposure to autologous blood transfusion by using combination of markers. A 454 

and B, prediction of samples collected 1 day after reinfusion with CA-Glu and 5-oxo-MEHP-Glu; C 455 

and D, prediction of samples collected 3 days after reinfusion with CA-Glu and 5cx-MEPP-Glu. A 456 

and C, AUROC curves; B and D, PLS-DA scores plot (diamonds represent the reinfusion class 457 

(ABT), circles the placebo class (Pla); filled marks represent the Calibration-set (Cal, samples 458 

collected at 2h), empty marks the Predicted-set (Pred, samples collected at 1 day or 3 days, 459 

respectively).  460 



Table 1. Prediction by PLS-DA using overall metabolite pattern 

 461 

 462 

 463 

 464 

 465 

 466 

The table provide the number of features included in 80% of the developed PLS-DA models using 467 

overall metabolic patterns and the mean classification error of the all the developed models for each 468 

time point following reinfusion. Furthermore, a PLS-DA model was built for each time point using 469 

the included features at the specific time point and used to predict the classification of all placebo 470 

samples except the ones collected at the specific time point, providing the specificity of the model. 471 

ESI: electrospray ionization 472 

  473 

No. of features included 2 h 1 day 2 days 3 days 5 days 10 days 

ESI mode positive 40 25 14 22 17 14 

ESI mode negative 41 22 18 13 23 23 

Mean classification error       

ESI mode positive 0.063 0.197 0.489 0.424 0.371 0.349 

ESI mode negative 0.064 0.250 0.466 0.424 0.352 0.380 

Specificity       

ESI mode positive 0.964 0.476 0.476 0.560 0.595 0.560 

ESI mode negative 0.988 0.619 0.821 0.595 0.655 0.542 



Table 2. Identified candidate biomarkers 474 

 475 

Identified urine metabolites associated with autologous blood transfusion in negative (neg) and 476 

positive (pos) electrospray ionization (ESI) mode. Time represents the time points at which the 477 

metabolite were included in the model. Level of identification is set according to previous 478 

guidelines(36).  m/z: mass to charge ratio, RT: retention time. 479 

  480 

ESI 

mode 
m/z RT Time Suggested compound 

Level of 

identification 

Pos 205.07 0.62 2 h Mannitol and/or sorbitol Level II 

Neg 181.05 0.65 2 h Mannitol and/or sorbitol Level II 

Neg 291.10 4.65 2 h, 1 day, 2 days, 3 days Glucuronide of (iso) caproic acid Level II 

Neg 453.18 6.66 2 h Glucuronide of mono-(2-ethylhexyl) phthalate Level I 

Neg 469.17 6.16 2 h Glucuronide of mono-(2-ethyl-5-hydroxyhexyl) phthalate Level I 

Neg 467.16 6.08 2 h, 1 day, 2 days Glucuronide of mono-(2-ethyl-5-oxohexyl) phthalate Level I 

Neg 483.15 6.13 2 h, 1 day, 2 days Glucuronide of mono-(2-carboxymethylhexyl) phthalate Level I 

Neg 483.15 6.21 2 h, 1 day Glucuronide of mono-(2-ethyl-5-carboxypentyl) phthalate Level I 



Table 3. Prediction by PLS-DA using specific combined candidate biomarkers 481 

Performance of prediction models to classify exposure to autologous blood transfusion, where calibration sets are always built on samples 482 

collected at 2 h after reinfusion and used to classify samples collected at subsequent time points (1-10 days). The x indicates whether the 483 



marker is included. I and II denotes the level of metabolite identification according to previous guidelines(36). ‘All placebo’ include two 484 

baseline samples and placebo samples from 1-10 days after reinfusion. CA-Glu: glucoronide of (iso) caproic acid, MEHP-Glu: glucuronide 485 

of mono-(2-ethylhexyl) , MEHHP-Glu: glucuronide of mono-(2-ethyl-5-hydroxyhexyl), 5-oxo-MEHP-Glu: glucuronide of mono-(2-ethyl-486 

5-oxohexyl), 5cx-MEPP-Glu: glucuronide of mono-(2-ethyl-5-carboxypentyl), 2cx-MMHP: glucuronide of mono-(2-carboxymethylhexyl), 487 

AUROC: area under the receiver operating characteristic curve, ER: misclassification error, Pred: prediction set. 488 

  489 



Supplemental Digital Content 1 490 

Table. Batch steps and parameters applied for preprocessing of the raw data in MZmine2.31.  491 

Batch Step MZmine 2.31 Parameters 

Mass detection  Noise level: 13 (Centroid) 

Chromatogram builder  Min time span (min): 0.01; Min height: 3.0E1; m/z tolerance 

0.04mz or 40ppm 

Chromatogram 

deconvolution 

Chromatographic threshold: 90%, Search minimum in RT 

rage (min): 0.01; minimum relative height: 5%; Minimum 

absolute height: 5.0E1; Min ratio of peak/top edge: 1.4; Peak 

duration range (min): 0.01-0.2 

Isotopic peak grouper m/z tolerance: 0.06 or 60ppm; absolute min RT tolerance: 

0.01; maximum charge: 1; representative isotope: most 

intense  

Duplicate peak filter m/z tolerance: 0.4 or 5ppm; absolute min RT tolerance: 0.01 

Join aligner 

 

m/z tolerance: 0.03 or 5.0ppm; Weight for m/z tolerance: 10; 

weight for RT tolerance: 10; absolute RT tolerance: 0.2 

Duplicate peak filter m/z tolerance: 0.1 or 5ppm; absolute min RT tolerance: 0.01 

Peak list rows filter Min peaks in a row: 6; minimum peaks in an isotope pattern: 

1; m/z range: 50-1500; RT range: 0.02-10; peak duration 

range: 0.01-0.20 

Peak finder Intensity tolerance: 50%; m/z tolerance: 0.03 or 5ppm; 

absolute min retention time tolerance: 0.05 

Export to csv  

  492 
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Table. Unidentified urine metabolites of the PLS-DA models based on overall metabolite patterns 494 

associated with autologous blood transfusion in negative (neg) and positive (pos) electrospray 495 

ionization (ESI) mode. m/z: mass to charge ratio, RT: retention time. 496 

No. ESI mode m/z RT Time 

1 neg 112.04 0.75 2 h 

2 neg 113.02 6.18 2 h 

3 neg 113.02 6.08 2 h, 5 days 

4 neg 121.03 5.98 2 h 

5 neg 148.03 0.64 2 h 

6 neg 159.10 6.35 2 h 

7 neg 165.04 5.98 2 h 

8 neg 175.02 6.29 2 h 

9 neg 175.02 6.08 2 h, 5 days 

10 neg 175.02 6.19 2 h 

11 neg 175.02 6.15 2 h, 5 days 

12 neg 201.11 6.00 2 h 

13 neg 219.05 0.63 2 h 

14 neg 275.11 5.52 2 h, 10 days 

15 neg 279.07 0.64 2 h 

16 neg 291.11 4.51 2 h, 1 day, 2 days, 3 days 

17 neg 291.11 6.08 2 h, 1 day 

18 neg 293.13 6.25 2 h, 1 day 

19 neg 293.14 6.15 2 h, 1 day 

20 neg 305.16 6.47 2 h 

21 neg 307.12 6.12 2 h, 1 day, 2 days 

22 neg 319.14 6.24 2 h 

23 neg 321.15 5.66 2 h, 10 days 

24 neg 321.15 5.64 2 h, 10 days 

25 neg 321.15 6.07 2 h 

26 neg 377.14 0.63 2 h 

27 neg 391.19 6.33 2 h 

28 neg 399.13 0.64 2 h 

30 neg 469.18 6.25 2 h 

31 neg 854.49 6.26 2 h 

32 neg 919.44 6.67 2 h, 1 day 

33 neg 931.51 6.71 2 h 

34 neg 935.32 6.08 2 h 

35 neg 183.01 1.16 1 day 

36 neg 188.73 5.01 1 day 



37 neg 309.10 5.94 1 day 

38 neg 331.17 6.61 1 day 

39 neg 351.25 7.74 1 day 

40 neg 377.07 5.78 1 day 

41 neg 407.28 6.67 1 day 

42 neg 465.25 6.72 1 day 

43 neg 474.15 5.81 1 day 

44 neg 628.40 6.86 1 day 

45 neg 632.20 0.67 1 day 

46 neg 795.42 6.61 1 day 

47 neg 100.00 5.23 2 days 

48 neg 141.09 5.80 2 days 

49 neg 183.14 6.40 2 days 

50 neg 188.10 0.71 2 days 

51 neg 217.11 5.83 2 days 

52 neg 261.13 5.76 2 days 

53 neg 275.02 5.23 2 days 

54 neg 314.14 6.37 2 days 

55 neg 330.03 4.64 2 days 

56 neg 349.15 5.62 2 days 

57 neg 366.08 4.25 2 days 

58 neg 397.11 5.38 2 days 

59 neg 821.51 6.49 2 days 

60 neg 125.02 3.70 3 days 

61 neg 145.05 3.89 3 days 

62 neg 238.97 3.92 3 days, 10 days 

63 neg 335.04 4.29 3 days 

64 neg 399.16 5.56 3 days 

65 neg 401.17 5.45 3 days 

66 neg 401.17 5.48 3 days 

67 neg 403.18 5.57 3 days 

68 neg 403.18 5.61 3 days 

69 neg 489.29 6.72 3 days 

70 neg 525.27 6.47 3 days 

71 neg 103.04 2.19 5 days 

72 neg 165.09 5.92 5 days 

73 neg 171.05 5.32 5 days 

74 neg 185.10 6.19 5 days 

75 neg 193.03 6.48 5 days 

76 neg 193.03 6.08 5 days 

77 neg 231.00 4.94 5 days 

78 neg 241.11 5.96 5 days 

79 neg 251.14 5.97 5 days 



80 neg 270.15 5.97 5 days 

81 neg 278.07 4.14 5 days 

82 neg 283.12 6.19 5 days 

83 neg 304.12 5.51 5 days 

84 neg 307.13 5.88 5 days 

85 neg 330.18 5.77 5 days 

86 neg 371.10 5.46 5 days 

87 neg 429.20 6.37 5 days 

88 neg 445.19 5.78 5 days 

89 neg 539.31 5.97 5 days 

90 neg 161.03 6.00 10 days 

91 neg 165.04 3.43 10 days 

92 neg 167.03 4.92 10 days 

93 neg 181.04 2.08 10 days 

94 neg 185.08 5.74 10 days 

95 neg 188.80 5.01 10 days 

96 neg 197.07 2.25 10 days 

97 neg 197.07 2.06 10 days 

98 neg 203.10 4.45 10 days 

99 neg 208.11 4.41 10 days 

100 neg 264.78 4.97 10 days 

101 neg 336.07 5.06 10 days 

102 neg 347.17 6.23 10 days 

103 neg 363.08 3.07 10 days 

104 neg 372.11 5.40 10 days 

105 neg 405.03 1.15 10 days 

106 neg 452.19 6.09 10 days 

107 neg 492.11 4.20 10 days 

108 neg 532.15 5.65 10 days 

1 pos 81.07 4.64 2 h, 1  day, 2 days, 3 days 

2 pos 125.09 6.36 2 h 

3 pos 129.12 6.15 2 h, 1 day 

4 pos 141.02 0.69 2 h 

5 pos 143.10 6.38 2 h, 1 day 

6 pos 146.03 0.74 2 h 

7 pos 146.03 0.80 2 h 

8 pos 147.07 0.61 2 h 

9 pos 149.02 6.47 2 h, 1 day 

10 pos 149.02 6.68 2 h, 1 day 

11 pos 149.02 6.16 2 h, 1 day 

12 pos 149.09 6.20 2 h 

13 pos 159.03 6.47 2h 

14 pos 165.07 0.62 2h 



15 pos 167.04 6.21 2 h, 1 day 

16 pos 167.04 6.13 2 h, 1 day, 2 days 

17 pos 167.04 6.67 2 h, 1 day 

18 pos 192.03 0.75 2 h 

19 pos 221.05 0.62 2 h 

20 pos 273.22 6.68 2 h 

21 pos 277.14 6.22 2 h 

22 pos 277.14 6.16 2 h 

23 pos 277.15 6.27 2 h 

24 pos 293.14 6.10 2 h 

25 pos 295.16 6.14 2 h 

26 pos 295.16 6.26 2 h 

27 pos 309.14 6.13 2 h, 1 day 

28 pos 331.11 6.39 2 h 

29 pos 471.19 6.16 2 h 

30 pos 471.22 6.26 2 h 

31 pos 472.22 6.67 2 h, 1 day 

32 pos 477.18 6.68 2 h, 1 day, 2 days 

33 pos 486.19 6.10 2 h, 1 day 

34 pos 488.21 6.16 2 h 

35 pos 493.17 6.16 2 h 

36 pos 493.21 6.25 2 h 

37 pos 502.19 6.21 2 h, 1 day 

38 pos 106.85 4.89 1 day, 5 days 

39 pos 129.06 4.97 1 day 

40 pos 132.05 4.97 1 day 

41 pos 147.06 5.06 1 day 

42 pos 177.05 5.31 1 day 

43 pos 200.11 4.94 1 day 

44 pos 266.77 4.97 1 day, 2 days, 3 days 

45 pos 333.24 6.34 1 day 

46 pos 344.13 5.68 1 day 

48 pos 114.23 0.64 2 days 

49 pos 144.10 0.70 2 days, 5 days 

50 pos 146.08 1.35 2 days, 3 days, 5 days 

51 pos 155.10 5.83 2 days 

52 pos 167.09 5.55 2 days 

53 pos 177.16 6.01 2 days 

54 pos 257.01 4.64 2 days 

55 pos 266.45 4.97 2 days, 3 days 

56 pos 288.21 6.05 2 days 

57 pos 330.23 6.45 2 days 

58 pos 107.04 4.89 3 days 



59 pos 127.04 3.70 3 days 

60 pos 135.08 6.22 3 days 

61 pos 139.00 1.27 3 days 

62 pos 146.06 0.72 3 days 

63 pos 149.02 7.84 3 days 

64 pos 171.14 6.03 3 days 

65 pos 235.16 5.71 3 days 

66 pos 242.28 7.00 3 days 

67 pos 286.13 3.09 3 days 

68 pos 362.24 7.74 3 days 

69 pos 384.40 7.23 3 days 

70 pos 406.21 6.16 3 days 

71 pos 437.25 6.73 3 days 

72 pos 454.72 6.96 3 days 

73 pos 455.17 6.93 3 days 

74 pos 455.35 6.77 3 days 

75 pos 504.21 5.90 3 days 

76 pos 638.17 7.24 3 days 

77 pos 120.07 0.72 5 days 

78 pos 144.07 2.22 5 days 

79 pos 144.08 4.88 5 days 

80 pos 149.09 5.60 5 days 

81 pos 165.08 4.66 5 days 

82 pos 165.09 6.08 5 days 

83 pos 223.10 6.13 5 days 

84 pos 228.18 6.49 5 days 

85 pos 235.12 1.65 5 days 

86 pos 243.13 5.16 5 days 

87 pos 287.15 4.93 5 days 

88 pos 287.20 0.70 5 days 

89 pos 315.14 6.22 5 days 

90 pos 391.28 7.74 5 days 

91 pos 166.08 5.15 10 days 

92 pos 167.06 3.40 10 days 

93 pos 171.09 1.60 10 days 

94 pos 171.09 2.06 10 days 

95 pos 171.09 1.97 10 days 

96 pos 171.09 2.12 10 days 

97 pos 171.09 2.10 10 days 

98 pos 171.09 2.00 10 days 

99 pos 171.09 1.86 10 days 

100 pos 199.08 2.12 10 days 

101 pos 199.08 1.89 10 days 



102 pos 209.16 7.45 10 days 

103 pos 228.18 6.92 10 days 

 497 
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Table. Performance of prediction models to classify exposure to autologous blood transfusion, where calibration set is always built on 499 

samples collected at 2 h after reinfusion and used to classify samples collected at subsequent time points (1-10 days). The x indicate 500 

whether the marker is included. I and II denotes the level of metabolite identification according to Sumner et al., 2007. AUROC, area under 501 

the receiver operating characteristic curve; ER, misclassification error; Pred, prediction set; Cal, calibration set. 502 

  Selection of best results per individual time point 

Calibration 
Set 

Prediction 
Set 

Markers in 
combination 

1. CA-
GluII 

2. MEHP-
GluI 

3. MEHHP-
GluI 

4. 5-oxo-MEHP-
GluI 

5. 5cx-MEPP-
GluI 

6. 2cx-MMHP-
GluI 

AUROC 
(Pred) 

AUROC 
(Cal) 

ER 
(Pred) 

ER 
(Cal) 

T1 T2 #1 x      1.00 1.00 0.08 0.03 

T1 T2 #1    x   1.00 1.00 0.05 0.16 

T1 T2 #1     x  1.00 1.00 0.08 0,00 

T1 T2 #2 x x     1.00 1.00 0.04 0.03 

T1 T2 #2 x  x    1.00 1.00 0.08 0.00 

T1 T2 #2 x    x  1.00 1.00 0.04 0.00 

T1 T2 #2 x   x   1.00 1.00 0.00 0.00 

T1 T2 #3 x   x x  1.00 1.00 0.04 0.00 

T1 T2 #3  x  x x  1.00 1.00 0.00 0.00 

T1 T2 #3 x x   x  1.00 1.00 0.00 0.00 

T1 T2 #4 x x  x x  1.00 1.00 0.04 0.00 

T1 T2 #6 x x x x x x 1.00 1.00 0.08 0.00 

T1 T3 #1 x           1.00 1.00 0.04 0.02 

T1 T3 #1     x  0.97 1.00 0.12 0.00 

T1 T3 #2 x   x   1.00 1.00 0.04 0.00 

T1 T3 #2 x    x  1.00 1.00 0.04 0.00 

T1 T3 #2 x     x 1.00 1.00 0.04 0,00 

T1 T3 #3 x    x x 1.00 1.00 0.04 0,00 

T1 T3 #3 x   x  x 1.00 1.00 0.04 0.00 

T1 T3 #3 x   x x  1.00 1.00 0.04 0.00 

T1 T3 #3 x x   x  0.99 1.00 0.04 0.01 



T1 T3 #4 x   x x x 1.00 1.00 0.04 0.00 

T1 T3 #6 x x x x x x 1.00 1.00 0.12 0.00 

T1 T4 #1 x           0.94 1.00 0.25 0.03 

T1 T4 #2 x  x    0.96 1.00 0.25 0,00 

T1 T4 #2 x    x  0.94 1.00 0.25 0.01 

T1 T4 #2 x   x   0.94 1.00 0.25 0.01 

T1 T4 #2 x     x 0.96 1.00 0.25 0.00 

T1 T4 #3 x x x    0.93 1.00 0.20 0.00 

T1 T4 #4 x x x x   0.92 1.00 0.20 0.00 

T1 T4 #4 x x  x x  0.90 1.00 0.16 0.01 

T1 T4 #5 x x x  x x 0.94 1.00 0.20 0.00 

T1 T4 #6 x x x x x x 0.94 1.00 0.29 0.00 

T1 T5 #1 x           0.54 1.00 0.41 0.03 

T1 T5 #1   x    0.64 1.00 0.49 0.04 

T1 T5 #2   x   x 0.71 1.00 0.45 0.02 

T1 T5 #2 x   x   0.52 1.00 0.41 0.01 

T1 T5 #3   x x  x 0.72 1.00 0.45 0.02 

T1 T5 #3  x  x  x 0.70 1.00 0.45 0.04 

T1 T5 #4  x x x  x 0.69 1.00 0.45 0.00 

T1 T5 #6             0.56 1.00 0.45 0.00 

T1 T6 #1 x           0.59 1.00 0.45 0.03 

T1 T6 #1     x  0.67 1.00 0.54 0.00 

T1 T6 #2 x  x    0.65 1.00 0.50 0.00 

T1 T6 #2     x x 0.65 1.00 0.50 0.03 

T1 T6 #3 x  x  x  0.68 1.00 0.50 0.00 

T1 T6 #4 x  x x x  0.69 1.00 0.50 0.00 

T1 T6 #6 x x x x x x 0.59 1.00 0.50 0.00 
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