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ABSTRACT: This study examined the acute effects of exercise testing on immunology markers, established
blood-based biomarkers, and questionnaires in endurance athletes, with a focus on biological sex differences.
Twenty-four healthy endurance-trained participants (16 men, age: 29.2 =+ 7.6 years, maximal oxygen uptake (VO,;,,):
59.4+7.5 ml-min~"-kg~"; 8 women, age: 26.8 = 6.1 years, VO 52.9 3.1 ml-min~"-kg~") completed
an incremental submaximal exercise test and a ramp test. The study employed exploratory bioinformatics
analysis: mixed ANOVA, k-means clustering, and uniform manifold approximation and projection, to assess the
effects of exhaustive exercise on biomarkers and questionnaires. Significant increases in biomarkers (lymphocytes,
platelets, procalcitonin, hemoglobin, hematocrit, red blood cells, cell-free DNA (cfDNA)) and fatigue were
observed post-exercise. Furthermore, differences pre- to post-exercise were observed in cytokines, cfDNA, and
other blood biomarkers between male and female participants. Three distinct groups of athletes with differing
proportions of females (Cluster 1: 100% female, Cluster 2: 85% male, Cluster 3: 37.5% female and 65.5% male)
were identified with k-means clustering. Specific biomarkers (e.g., interleukin-2 (IL-2), IL-10, and IL-13, as well
as cfDNA) served as primary markers for each cluster, potentially informing individualized exercise responses.
In conclusion, our study identified exercise-sensitive biomarkers and provides valuable insights into the
relationships between biological sex and biomarker responses.
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INTRODUCT IO

Assessing the physiological response to exercise is important for
athletes, coaches, and sports scientists to optimize training load
management and improve performance. Acute and strenuous exer-
cise initiates stress and might lead to muscular damage, immune
response, and inflammatory processes [1-3]. Exercise-induced re-
sponses are commonly monitored through objective monitoring tools
(e.g., biomarkers) [4, B]. Established blood-based biomarkers (for
simplicity, we will continue to refer as biomarkers), such as blood
lactate (LA) and creatine kinase (CK), are widely used but have
limited informative value in the acute exercise setting when used
solely in the absence of other biomarkers. Therefore, further exercise-
sensitive biomarkers or biomarker panels have been suggested to
comprehensively assess the physiological exercise response [6, 71.
These include, for instance, cytokines (e.g., tumor necrosis factor-
alpha (TNF-a)-, interleukin-6 (IL-6)) or markers of aseptic

inflammation (such as cell-free DNA (cfDNA)) which have been
proposed as reliable markers of exercise sensitivity [3, 8-13]. Pre-
vious studies have found that IL-6 concentrations depend on exercise
intensity and increase immediately after exercise, possibly up to
100-fold after a marathon race [11, 14, 15]. In a professional soc-
cer setting, cfDNA showed promising results at rest [16] and di-
rectly after a soccer game, where median cfDNA increased 23-fold,
and correlated with the total distance covered [8].

However, athlete responses to exercise are highly intra- and in-
ter-individual as biomarkers are influenced by training status, exer-
cise duration and intensity [7, 17, 18]. To date, there is limited in-
formation on how acute exercise responses are influenced by biological
sex. This limitation arises in part from selective recruitment of men
in previous studies, due to the complexity of hormonal variations and
unique responses associated with the female menstrual cycle [19, 201.
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Lobo et al. showed that a single bout of strenuous aerobic exercise
induced similar responses in both sexes in leukocyte counts and cy-
tokine levels [20]. In contrast, Bernadi et al. observed higher base-
line concentrations in certain cytokines (i.e., IL-6, IL-1B, and TNF-a)
in men compared to women but found no association with testos-
terone levels, implying that hormone levels may not fully explain the
observed sex differences [21]. In addition, reference ranges for many
biomarkers do not yet exist in the athlete population, which compli-
cates their use for regular training load monitoring. Thus, the devel-
opment of a reliable and exercise-sensitive panel of biomarkers for
monitoring acute exercise responses is heeded to gain a comprehen-
sive understanding of immune responses to exercise. This may help
to elucidate the complex interplay between biological sex, hormon-
al variations, and exercise responses in athletes, ultimately advanc-
ing the knowledge in this field.

The aim of the present study was to examine the acute effects of
exhaustive exercise on various biomarkers (inflammatory cytokines,
blood count, cfDNA, CK, and urea) in well-trained endurance ath-
letes, with a focus on biological sex differences. This will be achieved
by using exploratory bioinformatic analyses (e.g., mixed analysis of
variance (ANOVA), k-means clustering, and uniform manifold approx-
imation and projection (UMAP)) to provide novel insights into the re-
lationships between sex, biomarkers, and exercise, ultimately
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contributing to the development of sex-specific biomarker assess-
ments. In addition, we examined the subjective exercise response us-
ing questionnaires to assess fatigue, vitality, motivation, and energy.
We hypothesized that blood markers would show a significant re-
sponse to the exercise test, with differential effects between sexes.

MATERIALS AND METHOD 'S 155
Ethics and experimental design

The study was registered (ClinicalTrials.gov identifier: NCTO5067426).
All procedures have been approved by a local ethical board (Univer-
sity of Salzburg, GZ 2/2021) and conform to the standards of the
Declaration of Helsinki. Participants were informed of the risks and
benefits of study participation and gave written informed consent.
The data described in the present manuscript were collected during
exercise testing [22]. Before and after exercise testing, participants
underwent venous blood sampling and completed questionnaires.

Participants

Twenty-four (16 men and 8 women) endurance-trained athletes were
recruited. All participants had been involved in regular endurance
training (running, trail running, triathlon, canoeing, biking, and soc-
cer), completing an average of 4.7 + 1.4 endurance training sessions
per week. Participants’ characteristics are presented in Table 1.

TABLE 1. Anthropometric data and physiological data of the exercise testing (mean =+ SD).

Variables Overall (n = 24) Men (n = 16) Women (n = 8)
Age (years) 28.4+7.1 29.2+7.6%* 26.8+6.1
Height (cm) 177+9 181 = 7%** 169+6
Weight (kg) 69.8+10.9 74.9+7.8%** 59.5+9.0
BMI (kg/m?) 222+2.2 22.9+1.8* 20.9+2.4
Body Fat (%) 11.8+5.6 9.3+3.2*%* 16.7+6.3
VOsmax (ml-min~t-kg=1) 57.2+5.4 59.4 + 7 5% 52.9+3.1
HR pax (bpm) 190+9 191+10 187+8
RPE (AU) 19.0+0.6 19.1+0.6 19+0.5
RER (AU) 1.20+0.06 1.21+0.04 1.19+0.08
peak LA (mmol-L™1) 9.7x24 10.4+1.7* 8.1+2.8
PPO (W) 39883 445 + 4] %%+ 300+ 52
Relative PPO (W -kg™1) 5.7+0.7 6.0+ 0.5%** 5.0+0.4
TTE total (min:sec) 26:35+2:07 26:25+2:15 26:56 + 1:54
TTE ramp (min:sec) 6:23 = 1:07 6:34 = 1:07 5:59 £ 1:05
HR at LT (bpm) 159+9 158=+9 162+7
LT (km/h) 122=x1.2 12.3x1.3 12.0=x1.2

BMI, body mass index; VO, Maximal oxygen uptake during ramp test; HR max, maximal heart rate; RPE, rate of perceived
exhaustion; RER, respiratory exchange rate; AU, arbitrary units; LA, lactate; PPO, peak power output during ramp test; TTE, time to
exhaustion; LT, lactate threshold during submaximal exercise test; *p < 0.05, **p < 0.01, ***p < 0.001 indicate significant

differences in men and women.
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Physiological exercise testing

Prior to exercise testing, participants were instructed to refrain from
strenuous exercise, alcohol, and caffeine for at least 24 h. Endurance
performance was tested with a two-phase test on a treadmill (Saturn,
HP Cosmos, Traunstein, Germany) with a breath-by-breath gas col-
lection system (Quark CPET, Cosmed, Rome, Italy) [22]. Brigfly,
participants performed an incremental submaximal running test (with
increases of 1.5 km/h every 3 min), followed by an 8 min recovery
period, and a running ramp test until voluntary exhaustion on a tread-
mill. Heart rate (HR) was measured during the treadmill tests via
a HR chest strap (HRM 3-SS, Kansas City, MO, USA). Running peak
power output (PPO) was measured with the Stryd footpod (Stryd
Wind V3, Stryd, Boulder, CO, USA) in absolute (W) and relative
(W-kg™1) terms. Lactate was measured from capillary blood taken
from the earlobe (Biosen S-line Clinic, EKF diagnostic GmbH, Mag-
deburg, Germany) throughout the incremental test. Peak LA was
determined as the highest concentration collected immediately, five
minutes, and 15 minutes after the ramp test. Rating of perceived
exertion (RPE) on a scale from 6 to 20 [23] was collected immedi-
ately after completion of the ramp test. VO,,., was determined as
the highest 10 s breath rolling average. Analysis of further param-
eters such as lactate threshold (LT) and total time of test duration
were determined, as described elsewhere [22], and are listed in
Table 1.

Blood parameters

Venous blood samples (3 ml EDTA and 3.5 ml serum) were obtained
from the antecubital vein prior to the exercise test in a fasted condi-
tion and immediate after the ramp test. Venous blood count, i.e.,
white blood cell count (WBC), red blood cell count (RBC), absolute
lymphocytes (LYM), percentage of lymphocytes (LYM%), absolute
monocytes (MO), percentage of monocytes (MO%), absolute granu-
locytes (GR), percentage of granulocytes (GR%), procalcitonin (PCT),
platelet (PLT), hemoglobin (HGB), hematocrit (HCT), red blood cell
distribution width (RDWCV), mean platelet volume (MPV), mean
corpuscular hemoglobin (MCH), mean corpuscular hemoglobin con-
centration (MCHC), mean corpuscular volume (MCV), and platelet
distribution width (PDW) were determined using fresh whole blood
by a Celltac MEK 6400 system (Nihon Kohden, Tokyo, Japan). EDTA
samples were centrifuged at 1600 x g for 10 min at 4 °C, and serum
samples were centrifuged at 3000 X g for 10 min at 4 °C. Samples
were separated into aliquots and stored at < —20°C until further
analysis.

Multiple cytokines (IL-2, IL-4, IL-5, IL-6, IL-9, IL-10, IL-13,
IL-17A, IL-17F, IL-22, TNF-qa, interferon-gamma (INF-y)), related to
different T-helper cell types were analyzed simultaneously, in dupli-
cates, using a bead-based immunoassay multiplex approach (LEG-
ENDplexTM HU Th Cytokine Panel (12-plex), BioLegend, San Di-
ego, California, U.S) and was measured via flow cytometry (CytoFLEX
S, Beckman Coulter, Brea, California, U.S). All steps were performed
according to the manufacturer’s protocol with some minor

changes: (i) downscaling of used kit components to a fifth based on
a preliminary titration of the standard (ii) and adding 50 ul of indi-
vidual sera without pre dilution. Venous cfDNA (cfDNA with 90 and
222 base pairs) was quantified by analyzing unpurified plasma via
quantitative real-time PCR, as described elsewhere [24]. CK and
urea were measured with a light emitting diode photometer (Euroly-
ser CCA180, Eurolyser Diagnostica GmbH, Salzburg, Austria).

Vitality and fatigue assessment

Questionnaires were administered prior (pre) to exercise testing and
in the evening between 6 PM and 8 PM (post). The modified German
Subjective Vitality Scale (SVS-GM) with the 3-item (“| feel alive and
vital”, “I am full of drive”, “I have energy and spirit”), as well as the
1-item (“I feel vital, full of drive, and spirited”) version were assessed
on an 11-point Likert scale (O = not true at all to 10 = totally
true) [25] to measure perception of vitality, motivation, and energy.
In addition, fatigue was assessed on an 11-point Likert scale (O = not
fatigued at all to 10 = total fatigue and exhaustion — nothing left) [26].

Statistical analysis

Data are reported as means = standard deviation (SD), while fold-
changes from pre- to post-exercise are presented as median (all blood
parameters; Tables 2 and 3) or mean fold-changes and 95% confi-
dence intervals (Cl) (all questionnaires; Table 4). To investigate the
effects of exercise testing on blood parameters, questionnaire scores,
and to identify differences between sexes in the physiological data
of exercise testing (Table 1), pairwise t-tests were conducted for
normally distributed data, and Wilcoxon-Tests for non-normally dis-
tributed data. Time X sex interactions were determined using mixed
ANOVA. Effect sizes are reported as partial eta squared (pn2; small:
|0.01] < ;n? < [0.06]; medium: |0.06| < ;n? < |0.14]; large
on? > 10.14|) [27]. The significance level was set at p < 0.05. The
analyses were performed using IBM SPSS Statistics 26 (IBM GmbH,
Munich, Germany).

To ensure mathematical comparability for unsupervised machine
learning, all continuous variables were normalized and scaled using
min-max scaling in R Studio (R Studio Inc., Boston, MA, United
States, version 4.2.1). Missing values (i.e., cytokine levels that were
below or exceeded the standard curve) accounted for 9% of the data.
Using the Mice package (version 3.15.0), these missing values were
imputed [28]. The “umap” package (version 0.92) was used to con-
struct a UMAP - a technique for visualizing high-dimensional data
in two dimensions, and subsequent control-correlations were per-
formed to compare athletes versus biomarkers (Figure 3B, Supple-
ment Figure A [29]).

For K-means unsupervised clustering, the “mlIr3” package (ver-
sion 2.19.1) was used [30]. Cytokines and blood markers were used
relative to absolute values. This decision was necessary because rel-
ative values reduce the risk of overfitting, which can occur when the
number of variables exceeds the number of observations. In addi-
tion, relative values account for differences in baseline values,
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inter-individual variances and better reflect each athlete’s physiolog-
ical status than absolute numbers. Finally, relative values can limit
the impact of extraneous factors like time of collection or modest
methodological variances, which may affect absolute levels but not
relative changes. The optimal number of clusters was determined
using a cluster screening technique, which suggested that three clus-
ters provided the best fit to the model, and three clusters were cho-
sen for further analysis (Supplement Figure B). Participants belong-
ing to each cluster and the weight of importance of each biomarker
for each cluster were obtained (Figure 3A).

Figures were generated using GraphPad Prism version 9 (Prism,
GraphPad Software, San Diego, CA, USA) and the package ggplot2
3.2.0 (R Studio Inc., Boston, MA, United States, version 4.2.1). The
overall statistical analysis process is illustrated in Figure 1.

RIES U LTS 15000000
Table 1 presents the characteristics of physiological data collected
from the 24 participants during exercise testing. Mean VO, Was
57.2 5.4 ml-min~!-kg~!, with men showing a slightly higher
value compared to women on both outcomes (p < 0.01). The mean
maximum LA concentration was 9.7 = 2.4 mmol-L"! for all par-
ticipants with higher concentrations in men compared to women
(p < 0.05). Mean PPO was 398 = 83 W, and the relative PPO was
5.7 +0.7 W-kg™! for all participants, with men showing higher
values compared to women (p < 0.001). Other physiological char-
acteristics showed no significant differences between the sexes.

Julia C. Blumkaitis et al.

Table 2 outlines time X sex interactions in biomarker concentra-
tions. Significant interactions were observed for cfDNA®® (p = 0.031,
pnz =0.20), cfDNA??2 (p = 0.044, pnz =0.18),and PCT (p = 0.028,
pT12 = 0.20). In these cases, male participants had higher fold-chang-
es than female participants (cfDNA%: 12.5 vs. 7.2, cfDNA%??; 11.6
vs. 8.7, PCT: 1.4 vs. 1.3). In addition, significant interactions were
found in LYM (p = 0.016, pnz = 0.24) and WBC (p = 0.038,
pnz = 0.18), with female participants showing higher fold-changes
than male participants (LYM: 3.1 vs. 2.6, WBC: 2.4 vs. 1.9; Figure 2A
i-v). No significant interactions were found for all cytokines (p > 0.05).

Tables 2 and 3 present the acute effects of exercise testing on
biomarker concentrations. Significant increases were found for both
the overall population, as well as male and female participants, in
cfDNA%, cfDNA???, LYM, LYM%, MO, WBC, GR, GR%, PCT, PLT,
HGB, HCT, RBC, MCH, MCV (p < 0.01; Figure 2C i-xiii). RDWCV
and CK increased in all participants (p < 0.001), as well as CK in
male participants (p = 0.005). IL-2 (p = 0.027) and IL-6 (p = 0.038)
increased in male participants, while no changes in the female par-
ticipants were found (Figure 2B i, ii). Other cytokines showed no sig-
nificant differences (p > 0.05). Individual changes for all significant-
ly increased variables are shown in Figure 2.

Table 4 presents the effects of exercise testing on vitality and fa-
tigue data. Neither changes nor interactions between time and sex
were found in vitality, motivation, and energy. However, fatigue in-
creased overall (p < 0.001), but no interactions of time X sex were
identified (p = 0.334; Figure 2C xii).

FIG. 1. Flowchart illustrating the statistical analysis process employed in the study. The root dataset was used for both data preparation
(scaling and imputation) and descriptive statistics (t-tests and Wilcoxon-Test). Data preparation was followed by UMAP visualization
and K-means clustering, while descriptive statistics were followed by mixed ANOVA analysis. The results from the mixed ANOVA,
UMAP visualization, and K-means clustering were then used to generate figures using GraphPad Prism and ggplot2 in R.
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TABLE 2. Acute changes in cfDNA and blood count.

Overall Men Women ANOVA
. FC FC FC Time X Sex
Variable Test Pre Post (95% Cl) p-value N Pre Post (95% Cl) p-value N Pre Post 95% C) p-value (p-value)
“ Pairwise 1032 11394 1178 125(103 1 72621
oD (rgim) TR 938 0 lae <00 16 904G NSl <0001 8 89QE oy N <000l 0031
N Painwise 521 108(89 597 11601 378 87 (6410
oDNAT (gim)"TEEE BOUD e ylpy <O 18 BAME T <0001 8 4408 o T <0000 004
Pairwise 2.7 (2410 26 (2310 31251
LYM (10°)u) o 1508 3808 “TT <0001 16 1508 3607 “°° <0001 8 1504 4207 770 <0001 0016
Pairwise 232110 231910 25(1.810
MO (1) e 0402 0903 “,007 <0001 16 0402 0802 7,77 <0001 8 0502 1104 7T <000 00%
Pairwise 2020t 1.9 (1910 24(19t
WC () TR’ 48(L0) 10009 7,01 <0001 16 47010 9508 7,7 <0001 8 5010 11104, <000 0038
Pairwise 1.8 (1.7t 1.7 (1.6t 20(16t0
GR (10 et 2909 53012 7,00 <0001 14 2907 51005 7,77 <0001 8 3002 5849 <)"° <0001 0172
Wicoon- 2033 3062 14 (LAto 1927 2925 16(L4to 28 314 14(131
oK Tt @314 0655 16 <00 B ey gy 1 M T G e 1p 018 08%
PCT (%) Wicoon-— o 1003 02 00 M 140 <0001 16 010080200940 <0001 8 01002 0200 B30 oo 0028
Test 1.6) 1.6) 1.4)
Wicoron- 2021 2790 14 (13t 2020 2811 14(13t 2003 2746 13(1310
PLT(10°) Tt @72 @85 15 <0 16 oy 3y qm <0000 B o @ip pg <0001 0¥
LYM (%) Painvise 4675 378658 120 o001 16 30907037660 0120 <0001 8 30068 381652 L0 gom 0443
T-Test 1.4) 1.3) 1.5
o Pairwise 12(10to 12(10t 12(0.7to
MO (%) et 87038 9529 T 016 16 80() 914 /S 0V 8 1024910269 o 0968 0.445
HGB (g/d) Paiwise 115 12 158 1.0 M M0 <0001 16 14708 16306 P <00 8 1330215000 0 <oom 0689
Test L1) L1) 12)
HCT (%) W”;::f”' 137 (31) 483 (36) 1'11(11')“" <0001 16 450 (18) 499 (14) 1'11(11')“" <0001 8 410(35) 450 (44) 1'11(11')“" <0001 0183
recaosy " 4903) 5304 1'11“1')1 © 0001 16 5002 5503 1'11(11')1 © o001 8 4604 5005 1'11(11')0 © oo 0233
ROWCV (%) Paivise 195 05) 126 06) 1100 <0001 16 12105 125050100 a8 12308 12906 000 0101 0396
T-Test 1.1) 1.1) 11
WPV (1) Wicoon- ¢y 6303 P00 0209 16 6205 eaas 20 oo 5 s0a2 saan 0O gee 0.149
Test 1.1 1.1) 1.0)
Pairwise 1(1.0to 1.0 (1.0to 1.0 (1.0to
MCH (pg) e 23002709 [pF <0001 16 2962030009 T 1 0008 8 28522910 " 0007 0508
Urea (mg/d) W";::t"”' 32.4(9.4) 326 (8.5) 1(10'19)“’ 0627 13 344(97) 345(7) 1'01(02')9 © 098 7 289(84)290093) 1'01(01')9 © 0916 0981
merc ) MO 3607326070 P00 0706 16 3260832708000 0s15 8 3230832500000 05 o7
Test 1.0) 1.0) 1.0)
MV () Painvise g3 518) 909 48) 1100 o001 16 90609 9179 000 o001 8 ssa e 8945 0100 g0 0709
T-Test 1.0) 1.0) 1.0)
PDW (%) Wicoon-— 175 4217309 1000 ouss 16 16809 16820 000 oogs 5 17908 18113 0000 g8 0734
Test 1.0) 1.0) Ll
o Pairwise 55.0 090810 57.0 0909t 59.9 0.8(0.810
GR (%) e 61501 oo ool <0001 14 €404 00 005 8 i SL7EDTT R 001 0389

Pre and post values are shown in mean and SD; pre, before exercise test; post, immediate after exercise test; FC, median fold change;
95% Cl, 95% confidence interval; N, number of participants; time x sex ANOVA; cfDNA, cell-free DNA; WBC, white blood cell count;
RBC, red blood cell count; LYM, lymphocytes; MO, monocytes; GR, absolute granulocytes; CK, creatine kinase; PCT, procalcitonin;
PLT, platelet; HGB, hemoglobin; HCT, hematocrit; RDWCYV, red blood cell distribution width; MPV, mean platelet volume; MCH, mean
corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin concentration; MCV, mean corpuscular volume; PDW, platelet distribution
width; highlighted are significant p values < 0.05. N differences are due to analysis.
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Overall Men Women ANOVA
Variable Test Pre Post i ((:?)5 % p-value N Pre Post Ft ((:?)5 % p-value N Pre Post ke ((;?)5 % p-value  Time X Sex
Paise 295 367 14(0910 30 40 14070 21 257 13071
Lobem) et oy @m 29 "0 gy @y 3n M gy g 19 MB 0
Liapgm) O 7800 6860 PO g0 1 e500 598 MO0 013 4 11365 9465 0080 g1 o
Test 1.6) 1.9 1.1)
Paithise  ocsp 9557 120410 2769 2870 13(06 058 1932 10071
7 pglm)— TTost sy gy 34 O 2 gog) @05 wae P 8 sy amy 1y M 071
. 854 823 12(1000 566 606 12(L71 1395 1230 100510
I-4pgiml — WicoonTest 195 (1249 18 00 B g w3y 2n Bl 8 gegn (ms 1p 062 0464
Pairise 110910 129 100910 11031
w2pgm et wewanaent O o u 00 1062000 0ss 5 woeonzes N 0w osw
2egmy O 4o3s) 1260 OO0 g 11 39en 60 MO0 0o 8 a7w2 3860 MY o 0197
Test 14) 14) 16)
Wilcoxon- 334 337 11(10t 315 331 1.1(1.0to 37.1 349 1.0(08to
=3 {pgfm) Tt @7 @8 12 B g @ 1y MY @y @y 1y 6 039
10pgm) O 6o38) 6165 1O g5 13 s1wn 6166 000 05 8 6363 6166 ML 0ms oo
Test 12) 12) 15)
Paise 496 471 10(081 183 490 11080 525 430 090610
Wraem)  tiq @5 e 15 M @y g 19 MY g @ oy M8 04
Paise 665 721 10(0510 808 816 100l 566 660 110610
Fylem) ey son  @es  2n O 8 g g2 wis Y% () psg 20 00N 068
Wicoor- 277 229 10071 %9 256 11081 292 180 05010
=13 (pg/m) Tt @) w2 13 U™ % gy we 1m Y Y e oy 1y 0T 028
Wilcoxon- 20.7 185 09(08to 239 202 09(09t0 1.1(05t0
IL-5 (pgim) M X IS LA v e P B S TEY SR CEITE Rty SR KT

Pre and post values are shown in mean and SD; pre, before exercise test; post, immediate after exercise test; FC, median fold change;
95% Cl, 95% confidence interval; N, number of participants; time x sex ANOVA; IL, interleukin; TNF-«, tumor necrosis factor-alpha;
highlighted are significant p values < 0.05. N differences are due to analysis.

TABLE 4. Acute changes in vitality and fatigue.

Overall Men Women ANOVA

Variable Test Pre Post FC (95% Cl) p-value N Pre Post FC (95% CI) p-value N Pre Post FC é?)s ve p-value Time X Sex
Fatgie  Pairwise TTest 2.1(09) 48 (L8) 2'41(%6“’ <0001 16 19(09) 44(6) 2'43({5')9 © o001 8 2409 56019 2'54(17')“0 0005 033
SSGIS piviise Test 69 (17) 6505 080 035 16 7108 690) 0 0es 8 s500 5609 O ga5 0573
vitality 1.2) 12) 1.4)
SVSGM-3 - vise Test 7118 5918 2070 005 16 710n 6202 YO0 g 5 71n sz3en 8O3 g g
motivation 1.1) 1.1) 1.4)
SVS-GM-3 . 09 (0810 08 (0810 100410
o paivise Flest 73(19) 63018) | P 00m 16 7508 6603 00 oo 8 700 seuy MY 0 oms
SS-GL poiviise Tiest 71 (15) 6107 080 000 16 7403 6503 O o038 ss9) 5402 P8O0 o35 o738
overall 1) 10) 14)

Pre and post values are shown in mean and SD; pre, before exercise test; post, evening post-exercise test; SVS-GM, 1-item, and
3-item modified German Subjective Vitality Scale; FC, mean fold change; 95% Cl, 95% confidence interval; N, number of participants;
time x sex ANOVA; highlighted are significant p values < 0.05.
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A) B)
i ii iii iv v i i
-
250 ok 140 *kk 6 14
225 120
12
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FIG. 2. Acute increases of blood-based biomarkers and questionnaires. A) Blood-based biomarkers with significant time x sex ANOVA.
B) Female vs. male acute increase of cytokines. C) Overall acute increases of blood-based biomarkers and questionnaires. Red dots,
female participants; blue triangle, male participants; bars represent mean values; white bar, pre; grey bar, immediate post-exercise;
CK, creatine kinase; WBC, white blood cell count; RBC, red blood cell count; HGB, hemoglobin; HCT, hematocrit; MCV, mean
corpuscular volume; MCH, mean corpuscular hemoglobin; PLT, platelet; LYM, lymphocytes; MO, monocytes; GR, absolute granulocytes;
RDWCYV, red blood cell distribution width; PCT, procalcitonin; ROF, rate of fatigue; * p < 0.05, *** p < 0.001, # male.
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FIG. 3. Characterization of three distinct athlete clusters based on key biomarkers. A) UMAP plot illustrating the distribution of athletes
according to sex and k-means clustering with three clusters: “Cluster 1” (n = 3), “Cluster 2" (n = 13, 2 females), and “Cluster 3”
(n = 8, 3 females). Female athletes are represented by unfilled triangles, while male athletes are represented by colored filled triangles.
B) Heatmap displaying the standardized values of 46 variables (rows) for each athlete (columns), with row annotations indicating
the sex (F: Female, M: Male) of each athlete. Clusters are color-coded according to the same scheme used in (A). The top markers
are represented as colored bars in the names, being green (Cluster 1), red (Cluster 2), and blue (Cluster 3).The three clusters exhibit
distinct patterns of biomarkers, with significant differences in their sex compositions (X-squared = 7.9471, df = 2, p-value = 0.02).
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K-means clustering identified three distinct groups of athletes with
differing proportions of female participants, which could be classi-
fied as “cluster 1” (n = 3, 100% female), “cluster 2" (n = 13, 85%
male), and “cluster 3" (n = 8, 37.5% female and 65.5% male) (Fig-
ure 3A). The correlation revealed distinct patterns among the three
groups of athletes (Figure 3B). Each cluster was distinguished by
a particular combination of biomarkers and exercise testing perfor-
mance parameters. Loadings derived from k-means clustering offer
insights into the distribution of variables within each cluster and serve
as descriptive summaries of the central tendencies of variables with-
in each cluster (Supplement Figure C). Specifically, a positive load-
ing for a particular variable within a cluster signifies that cluster mem-
bers exhibit higher values for that variable in comparison to members
of other clusters. Conversely, a negative loading implies the
opposite.

Cluster 1 was characterized by negative loadings for weight,
VO,max Maximal HR (HR,,,,), and relative PPO but a positive load-
ing for RPE. Most of the inflammatory markers had negative load-
ings, suggesting lower levels of these markers in this cluster. This
aligns with the observation that relative I1L-2, relative IL-10, relative
IL-13, relative cfDNA®C, total TTE, LT, and body weight served as the
primary markers for the cluster consisting of females, only. Cluster
2 had a negative loading for VO, and relative PPO but a positive
loading for HR ... The loadings for inflammatory markers were mixed,
but many were positive, suggesting higher levels of these markers
compared to cluster 1. This is characterized by relative MO, relative
IFN-y, relative LYM, relative CK, relative urea, relative PPO, total TTE,
and LT serving as the primary markers for the cluster consisting pri-
marily of men. Cluster 3 exhibited predominantly positive loadings
for most of the exercise testing performance parameters. In terms of
the inflammatory markers, the loadings were mixed, with many show-
ing a positive, indication a diverse immune response. Nevertheless,
it is crucial to recognize the variability in sex distribution within this
cluster. A chi-squared test was performed on the contingency table
of clusters and sex, and the results showed a significant difference
(X-squared = 7.9471, df = 2, p = 0.02).

To provide a comprehensive understanding of this process, a full
description of the variable importance is included in the supplemen-
tary data, which is represented in the form of a heatmap of the cen-
ters (Supplement Figure C). This heatmap serves as a visual repre-
sentation of the variables’ contribution to the k-means clustering and
provides insight into their relative importance for each level of clus-
tering (1, 2, and 3), rather than for the individual levels of the ath-
letes’ variables.

DISCU'S'S 1O /N 15
The present study examined established and novel biomarkers, such
as various cytokines and cfDNA, in an acute exhaustive exercise
setting with respect to sex differences. Acute increases in venous
blood count markers and cfDNA were observed in male and female
athletes, while cytokines were unaffected, except for IL-2 and IL-6,
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which showed larger increases in men. Male and female athletes
exhibited similar acute responses in blood count markers. Cell-free
DNA??2 and cfDNA® increased significantly in male and female
athletes, with male athletes showing higher increases than their
female counterparts. In contrast, post-exercise WBC and LYM con-
centrations were higher in female athletes. For questionnaires, only
fatigue was affected by the exercise test. This study innovatively
applies the k-means clustering method to detect potential distribu-
tions in biomarker profiles between biological sexes. Three distinct
groups of athletes with varying proportions of female participants
were identified. Notably, in the exclusively female cluster, relative
changes in cytokines such as IL-2, IL-10, IL-13, and cfDNA% were
the primary markers that differed from the other clusters.

Cell-free DNA and cytokines have been increasingly adopted in
studies of acute and chronic stress responses in recent years [31].
Particularly, cfDNA has demonstrated good reliability with marked
acute responses during aerobic running [12], incremental testing [32],
and intermittent exercise, even demonstrating a relationship with
distance covered in soccer players [8]. In line with previous findings,
cfDNA significantly increased after exercise testing, further highlight-
ing cfDNA as an exercise responsive biomarker. For the first time,
sex differences were shown for both cfDNA% and cfDNA?%? (Fig-
ure 2A i, ii, and Table 2). The more pronounced increases in cfDNA
concentrations in males may be attributed to the longer duration of
the exercise test, higher LA concentration, and a higher relative PPO
(Table 2) [31]. Hormonal differences, including menstrual cycle fluc-
tuations in women, could also contribute to sex differences in rela-
tive changes in cfDNA [33], although literature on this topic is
scarce [34]. To our knowledge, only Polcher et al. [34] have shown
that cfDNA levels do not differ during the different phases of the
menstrual cycle when studying healthy participants and cancer pa-
tients. Our study did not control for the menstrual cycle, which could
have affected the immune response. Therefore, it remains to be de-
termined which factors impact sex differences in cfDNA.

Previous studies have shown an increase in cytokine concentra-
tions during prolonged running [11, 14] with athletes generally show-
ing an attenuated response [3, 35]. Our results showed slight sig-
nificant increases in IL-2 and IL-6 in males (Table 3), while other
studies have demonstrated acute increases in other cytokines as well
(e.g., TNF-q, IL-10, IL-1 receptor antagonist) [3, 10, 14, 18, 20, 35].
In particular, IL-6 has been identified as an exercise-sensitive bio-
marker [18]. Lobo et al. [20] observed similar responses in IL-6 lev-
els in females and males (2.8- and 2.3-fold) after a fatiguing aero-
bic exercise protocol, suggesting similar immunological responses
between sexes. Conversely, we found a significant increase in IL-6
concentrations in male participants, while baseline values in females
were lower and did not change significantly. Bernardi et al. [21]
found higher baseline values in IL-6, IL-1B, and TNF-a in healthy
males compared to females.

Whole blood count markers (e.g., MCV, HGB, PLT, RBC, HCT,
and MCHC) have been shown to be reliable and sensitive to acute
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exercise [18]. This is consistent with our results, as 15 biomarkers
were acutely elevated in male and female participants, as an exer-
cise-induced stress response (Table 2). The highest overall increas-
es (2.0-2.7-fold) were observed in leukocytes (i.e., WBC, LYM, MO)
which is in line with other studies [10, 20, 36]. Our data disagrees
with the findings from Lobo et al. [20] who reported similar chang-
es in both sexes in WBC and LYM. However, the training protocol
differed from the current protocol with participants having a lower
training level compared to our participants [20]. Alis et al. [37] re-
ported, concurring with our results, an increase in platelets after ex-
haustive exercise. Low HGB concentration in athletes, specifically in
females can be to the results of iron deficiency [38], even though
our results showed no acute differences in male and female partic-
ipants. Conflicting results regarding sex differences and limited in-
formation for athletes persist about haematological markers and re-
quire further investigation [371].

Creatine kinase has been used in acute and chronic situations to
monitor internal load and an immediate exercise-induced increase
has been observed in various modes of exercise, in accordance with
our data [39]. However, peak levels can be observed 48 hours to
five days after exercise, and men generally have higher resting se-
rum CK concentrations than women [40-42]. Similarly, in our study,
CK levels immediately increased after the exercise in two partici-
pants who had higher baseline values, while others increased slight-
ly (Figure 2B i). This shows that post-exercise CK levels have high
variability, e.g., due to different types of responders [43, 44].

We observed no significant changes in subjective vitality, motiva-
tion, or energy (Table 4). However, motivation declined from morn-
ing to evening and reached borderline significance (p = 0.05). The
original SVS by Ryan and Frederick [45] has shown to be influenced
by long-term exercise, however, the SVS-GM has not been used in
an acute exercise setting. Buchner et al. [25] reported an increase
in vitality throughout the day in an everyday life scenario rather than
an acute response. Hereby, it requires further investigation if lower
exercise intensities than in our study lead to increases in subjective
vitality. Fatigue increased significantly in male and female partici-
pants, reflecting the exhaustive nature of the exercise test (RPE > 19).

The study identified three distinct groups of athletes with differ-
ing proportions of female participants, which emphasizes the rele-
vance of sex-specific biomarker profiles and individualized exercise
response within athletic populations. In the exclusively female clus-
ter, markers such as IL-2, IL-10, IL-13, and cfDNA% were identi-
fied, suggesting the possibility of targeted interventions to modulate
immune responses specifically in female athletes. In cluster 2 (pri-
marily composed of males), relevant markers included MO, IFN-y,
LYM, and CK, whereas cluster 3 (featured both males and females)
exhibited RBC, LYM, and CK markers. Since previous studies have
reported mixed findings regarding sex-related differences in exercise-
induced immune responses [11, 14, 20, 21, 46, 47], it remains
uncertain whether biological sex influenced the observed negative
correlation between IL-2, IL-10, and IL-13 and female participants

in cluster 1 (Supplement Figure C). In addition, our cluster classifi-
cation accounts for all levels of cytokine distributions, which is es-
sential for a comprehensive understanding of immune response. Sim-
ilar to a study by Xiong et al. [48], where k-means clustering was
employed as part of a machine learning approach, aiming to eluci-
date the distribution patterns of cytokines and their significance in
the context of cytokine release syndrome detection. Despite prior re-
search investigating biomarkers associated with exercise and phys-
ical performance, only one study has explored the potential differ-
ences in biomarker profiles based on biological sex and resulting
clustering patterns [49].

Utilizing cluster analysis based on biological sex may provide in-
sights into potential sex-related differences in biomarker response to
exercise. Furthermore, the holistic examination of multiple biomark-
ers remains essential for a comprehensive understanding of immune
responses to exercise. Through k-means clustering, we identified dis-
tinct patterns among the biomarkers. However, it is important to note
that the small sample size may limit the generalizability of the find-
ings. One inherent limitation of k-means clustering is its sensitivity
to unbalanced group sizes. The algorithm aims to minimize within-
cluster variance, which can be dominated by larger clusters, poten-
tially overshadowing smaller but significant clusters [50]. To address
these limitations and improve the robustness of our analyses, a larg-
er sample size with a more balanced sex distribution would be ben-
eficial. This would enable more robust statistical analyses and fur-
ther improve the machine learning predictions, enhancing the
evaluation of the predictive power of the identified biomarkers. Con-
sequently, replication studies on a larger sample size would advance
work in this area.

Our observations are limited to two time points and do not indi-
cate whether there are any cluster-specific effects in the kinetics of
these biomarkers returning to baseline. In addition, the evaluation of
the subjective assessment in the evening may have been influenced
by uncontrolled factors (e.g., stress in personal and work life). This
study did not control for the menstrual cycle phase of female partic-
ipants, which could have impacted the biomarker concentrations.
Investigating menstrual shifts in hormonal status could provide fur-
ther detail regarding sex differences in the acute exercise response.
Lastly, further analysis for biomarker sensitivity is essential as refer-
ence ranges for athletes are missing, and there are high intra-indi-
vidual differences. In particular, the cytokine results showed a cer-
tain variability and data were missing because there was not
a concentration detected for each cytokine.

CON CLU'S O/ S 000000
In summary, our results identified exercise-sensitive biomarkers
(cfDNA®, cfDNA???, and blood count markers) for monitoring the
acute exercise response. While sex differences were found in certain
blood count markers and cfDNA, the k-means cluster analysis revealed
three distinct groups with varying proportions of female participants
and different cytokine levels. This suggests that investigating
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sex-specific cytokine profiles, particularly related to IL-2, IL-10, IL-
13, and cfDNA%°, may play a crucial role in exercise research and
practice. Differences between women and men in certain biomarkers
highlight the need for establishing a set of biomarkers for exercise
testing and to further investigate sex differences in athletes.
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SUPPLEMENT FIGURE A: Heatmap of Spearman’s correlation matrix of log-scaled data. This figure shows the heatmap of the
Spearman'’s correlation matrix of the log-scaled data. The heatmap provides a visual representation of the correlations between each
pair of variables, with red indicating positive correlations and blue indicating negative correlations.
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SUPPLEMENT FIGURE B: Plot of WSS versus number of clusters. This figure shows the plot of the Within-Cluster-Sum-of-Squares
(WSS) versus the number of clusters in the K-means algorithm. The WSS is a measure of the sum of distances between data points
and the centroid of their respective clusters. The plot provides a visual representation of how the WSS changes with the number of
clusters, and can be used to determine the optimal number of clusters.

a BioLoay oF SporT, VoL. 41 No3, 2024 ]. 17




Julia C. Blumkaitis et al.

Relativ_HCT (%)
total_TTE (min)
Relativ_RBC [1076 /...1]
LT velocity (km/h)
Relativ_GR [1073/...]]
Relativ_MCH (pg)
Relativ_HGB (g/dI)
Relativ_PDW [%]
Relativ_MCHC (g/dl)
RER

RPE
Relativ_RDWCV [%]
Relativ_MCV [fl]
Relative Peak Power
Relativ_GR [%]
VO2max (ml/min/kg)
Relativ_MO [10/3/...]]
Relativ_LYM [%)]
Relativ_MO [%]
Relativ_CK_Serum
Relativ IL17F
Relativ_Urea_Serum
Relativ IFN-y
Relativ_WBC [1043 /...]]
Relativ IL-22
Relativ_LY [1073/...1]
LT HF (bpm)
TTE_Rampe (min)
Relativ_PLT [1073/...]]
RelativiL-17a

Relativ IL10

Relativ IL2

Relativ IL-6

Relativ IL-4

Relativ IL9
Relativ_90bp_cfDNA
Relativ IL13

Weight (kg)
Relativ_PCT [%]
HFmax (bpm)
Relativ_222bp_cfDNA (ng/ml plasma)
Relativ TNF-a
Relativ_MPV [fl]
Relativ IL-5

max La (mmol/L)

Heatmap of Cluster Centers. This figure shows the heatmap of the cluster centers after being clustered

SUPPLEMENT FIGURE C

using the K-means algorithm with 3 clusters. The heatmap provides a visual representation of the cluster centers, which are the
average of the data points in each cluster. The center values represent the importance of each variable in representing the cluster.
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