Y

HUMAN MOVEMENT (ISSN 1899-1955)
2025; 26(2): 46-60

An analysis of 12-hour ultramarathon performance

. © Wroclaw University of Health and Sport Sciences
original paper

DOI: https://doi.org/10.5114/hm/202455

BEAT KNECHTLE'®, ELIAS VILLIGER?®, DAVID VALERO?®*®, KATJA WEISS2®,
RODRIGO LUIZ VANCINI*®, PANTELIS THEO NIKOLAIDIS®*®, VOLKER SCHEER?®,
THOMAS ROSEMANN?®, MABLINY THUANY®®

! Gesundheitszentrum St. Gallen, St. Gallen, Switzerland

2 Institute of Primary Care, University of Zurich, Zurich, Switzerland

3 Ultra Sports Science Foundation, Pierre-Benite, France

4 MoveAgeLab, Physical Education Sport Center of Federal University of Espirito Santo, Vitoria, ES, Brazil
5 School of Health and Caring Sciences, University of West Attica, Athens, Greece

® Department of Physical Education, States University of Para, Para, Brazil

ABSTRACT

Purpose. Ultra-marathon running is highly popular, with races including distance-limited, time-limited, and multistage
events. The 12-hour run is the second shortest time-limited ultra-marathon, though little is known about the origin of athletes
or where these races are preferably held. Therefore, the present study investigated where the fastest 12-hour runners originate
from and where the fastest 12-hour race courses are located.

Methods. A machine learning model based on the XG Boost algorithm was developed to predict running speed based on
athlete age, sex, country of origin, and the country where the races were held. After the model was built and trained, explain-
ability tools were used to investigate how each independent variable influenced the predicted running speed.

Results. A total of 103,334 race records of 53,700 unique runners from 69 countries participating in races held in 55 coun-
tries were analysed. The United States of America (USA) accounted for about one-third of the 12-hour race records for
country of origin and country of the event, followed by Taiwan, several European countries (e.g., Germany, France, Italy, and
Norway), and others from the Anglosphere (e.g., Australia, United Kingdom, and South Africa). Athletes from Lithuania, Israel,
Russia, Hungary, Croatia, and Namibia achieved the fastest average running speeds. The fastest running speeds were achieved
in races held in Russia, the Netherlands, Israel, Slovakia, the Czech Republic, Croatia, and Hungary. There was a positive
correlation between country of origin and country of event, indicating that athletes competed mainly in their home country.
Men were about 0.5 km/h faster than women on average. Most athletes were in the 45-49 age group, while the fastest run-
ners were in the 40-44 and 45-49 age groups.

Conclusions. Most 12-hour ultra-marathon athletes originated from the USA and competed in the USA. However, athletes
from Lithuania, Israel, Russia, Hungary, Croatia, and Namibia achieved the fastest running speeds.

Key words: ultra-endurance, ultra-marathon, ultra-running, event location, origin, country

Introduction

Various time-limited race formats exist in ultra-mar-
athon running, such as 6, 12, 24, 48, and 72 hours, as
well as six and 10 days [1]. The 12-hour race, being the
second shortest time-limited race, seems to have low
scientific interest, with only a few studies published on
topics such as changes in body composition [2] and
urine output [3] during the marathon, sex differences

in performance [4, 5], runner origin [6], and peak per-
formance age [7].

With the development of statistical models, various
approaches have been used to answer new research
questions in sports science. Among the different topics
of interest, one main focus is performance trends [5, 8].
Performance trends refer to the changes in velocity/
speed experienced by athletes over the years and can
be explored by considering their country’s character-
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istics, sex, age groups, or the location of the competi-
tion [9].

Numerous variables that predict ultra-marathon per-
formance have been identified [10]. Previous experi-
ence, such as the number of finishes in ultra-marathon
races and personal best time, have been reported as the
most important predictors of a successful ultra-mar-
athon performance [10]. Other factors, such as specific
anthropometric (e.g., low body mass index [BMI]| and
low body fat) and training (e.g., high volume and run-
ning speed during training) characteristics, also
seemed to predict performance [10]. However, infor-
mation on the fastest race courses is missing, though
it could be valuable to ultra-marathoners who spend
time and money training and participating in compe-
titions at various locations globally.

One study investigating the origin of the fastest run-
ners in the 12-hour race used a relatively short time
frame and a small data set and reported that most of the
participants originated from Europe, and European
runners dominated this race format [6]. Since we do not
know the fastest race courses in the 12-hour format, the
present investigated the origin of the fastest 12-hour
ultra-marathoners and the location of the fastest 12-hour
events.

The study used a machine learning (ML) algorithm
(eXtreme Gradient Boosting [XG Boost]) that typically
attains the optimal trade-off between accuracy and com-
puting time (for both training and inference). In addi-
tion, XG Boost provides full support for graphics pro-
cessing unit (GPU) computation, which is of paramount
importance with large datasets, and it fully supports
some of the model interpretability libraries used in re-
search activities, for instance, the SHaplex Additive
exPlanations (SHAP) and partial dependence plot (PDP)
libraries. The primary advantage of these ML models
over simpler approaches, such as a multivariable linear
regression (MLR), is their ability to model non-linear
dependencies between targets and predictors [11]. Fur-
thermore, this approach has been used in recent studies
[12-15]. Based on recent findings, we hypothesised that
the fastest runners would be from Europe and that the
fastest race courses would also be in European countries.

Material and method
Data analysis
Data download

Race data was downloaded from the Deutsche Ul-
tramarathon Vereinigung (DUV) website [16] using

a Python script. Each race record included the name of
the runner, age group, sex, country of origin, race lo-
cation, year, race length (duration), and the athlete’s
achieved distance (km).

Data pre-processing

The data was checked for consistency, removing in-
complete or flawed records. The countries of origin and
event were ranked by the number of race records, for
which the data set was aggregated by the values in the
athlete country column (or event country column) and
then sorted by participation (i.e., number of records).
In both cases, race (running) speed descriptive statis-
tics [mean, standard deviation (SD), max, and min| and
the number of unique runners were presented for each
country. Race records from athletes or event countries
with less than 10 entries were removed to reduce noise
and obtain representative results. While these meas-
ures allow for straightforward interpretation of the re-
sults, we must acknowledge that, in doing so, some coun-
tries/runners might have been unwittingly omitted.

XG Boost regression model

The XG Boost regression model used the Athlete_
sex_ID, Age_group_ID, Athlete_country_ID, and Event_
country_ID variables as predictors or inputs. The pre-
dicted variable, or algorithm output, was race (running)
speed (km/h). Before the XG Boost model could be
trained, the predictor values were converted (encoded)
into numerical data. The athlete sex variable was en-
coded as women = 0 and men = 1. The age group var-
iable was already numerically encoded into five-year
groups, except group 18, which represents runners un-
der 20, and group 75, which represents 75 years and
older. The athlete country and event country variables
were encoded based on their position in the respec-
tive ranking tables, with the countries with the highest
participation ranked first. Two evaluation metrics,
mean absolute error (MAE) and the coefficient of de-
termination (R?), were calculated. A holdout evalua-
tion strategy was used to tune the model by iterative
training and evaluating instances with different test
splits and numbers of estimators/learning rates. The
best score (in-sample test) achieved by the simulation
was r* = 0.34. Meanwhile, MAE = 1.21 km/h, with 500
estimators (learners or trees) and a 0.5 learning rate.

Model interpretation

While the evaluation metrics give a view of the mod-
el’s predictive performance, more advanced tools pro-
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vide a look inside the model for associations between
the predictors and target variables. Among these tools,
the PDP library plots relative and absolute prediction
distribution charts, along with the mean values and
group sizes. The PDP plot shows the relative change in
the model output for the different values of each pre-
dicting variable, with respect to a reference value (0),
with prediction plots showing the range of outputs for
each predictor using boxplots. Model feature relative
importance was also computed. Pearson’s and Spear-
man’s correlations were displayed in correlation ma-
trices to investigate the correlation between model
variables.

All computations and analysis employed Jupyter
Notebook (Google Colab) and Python, along with asso-
ciated libraries (Pandas, NumPy, XG Boost, PDPbox,
sklearn, Matplotlib, and sns).

Table 1. Athlete country ranking

Athlete Running speed (km/h) Race Unique
country mean SD min max records runners
0 USA 5385 147 2.82 14.07 33997 20052
1 TPE B07Y 159 376 11.73 7454 3065
2 GER 195 3.75 12.72 5494 2664
3 FRA 1.71 3.45 12.62 5416 2924
4 ITA 1.76  3.75 12.87 4096 1560
5 AUS 1.79 3.75 1343 3414 1614
6 MAS 498 1.05 3.75 947 2808 1354
7 GBR BOBN 209 375 1341 2669 1725
8 NOR 1.82 3.77 1244 2457 1348
9 RSA 1.35 3.75 12.66 2241 1108
10 RUS 194 377 1350 2131 762
11 POL 1.92 376 13.16 2017 968
12 HUN 1.72  3.77 1347 1957 806
13 CHN 1.68 3.75 1246 1843 1199
14 CAN | 6.64 159 3.75 14.08 1842 967
15 BRA 1.58 3.75 12.53 1823 1025
16 AUT 1.80 3.75 12.60 1814 783
17 FIN 1.70 3.76 12.39 1522 647
18 JPN 2.04 375 1340 1519 837
19 SWE 1.87 279 12.69 1449 794
20 SGP 492 1.01 3.75 10.44 1422 524
21 ESP 1.88 3.75 13.22 1237 520
22 IND 1.32 3.75 11.19 1044 695
23 CZE 164 3.78 12.26 1003 383
24 KOR 1.63 3.75 1195 847 498
25 SUI 1.88 3.75 13.17 818 353
26 NED 1.76 3.76 1233 789 354
27 GRE 161 377 1353 715 378
28 ARG 146 3.84 12.02 654 345
29 DEN 1.67 3.81 1210 608 314
30 UKR 202 379 1294 514 272
31 SRB 1.67 3.75 12.62 508 267
32 BEL 198 377 1291 435 217
48

Results

After all necessary processing, the final 12-hour
race sample used to compute the country rankings con-
sisted of 103,334 race records of 53,700 unique run-
ners from 69 countries who participated in races held
in 55 countries.

Country rankings by number of race records
and unique runners

Table 1 summarises the race records by the 69 coun-
tries of origin of the athletes and lists the countries by
the number of recorded race results. Mean running
speed is colour-coded, where darker colours corre-
spond to faster running speeds. The United States of
America (USA) accounted for about one-third of race
records in terms of country of origin and country of the

33 cro B 171 379 1220 411 235
34 MEX 577 142 375 1073 347 260

35 NZL 1.73 3.83 11.23 317 184
36 ROU 1.67 417 1342 315 165
37 LAT 191 3.77 12.69 303 149
38 URU 1.53 3.77 11.70 287 156
39 SVK 1.74 377 1235 286 111
40 EST 194 377 1196 283 106
41 SLO 214 377 1237 277 123
42 IRL 1.78 386 11.87 265 142
43 HKG 1.72 385 11.12 238 144
44 MDA 1.79 3.77 1236 207 100

45 MGL | 652 163 375 11.25 189 124
46 PHI =~ 588 159 4.01 1045 155 103

47 BUL 1.80 379 1178 145 78
48 BIR 172 377 1258 138 45
49 1TU 200 419 1478 75 26
50 BIH 1.78 383 1072 75 36
51 POR 202 376 1238 65 36
52 ISR 139 425 1066 52 24
53 PAR 139 453 1022 48 24
54 MKD 206 417 1110 46 19
55 KAZ 214 378 11.88 43 32
56 THA 593 128 375 7.85 28 11
57 TUR 172 476 10.88 22 13
58 LUX 1.86 383 10.76 20 15
59 CYP 107 437 917 19 8
60 ISL | 621 179 391 9.06 17 8
61 ALG IS 128 447 984 16 2
62 BRU 521 123 397 767 15 10
63 INA 506 081 417 671 14 11
64 NAM [ 113 681 1081 14 4
65 MNE | 665 | 1.07 467 804 14 13
66 IRl 604 034 554 644 11 1

67 MAR 1.99 6.09 1143 10 6
68 NGR 092 563 835 10 3
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Table 2. Event country ranking

event, followed by Taiwan and some European coun- Fvent Running speed (km/h) Race Unique
tries, such as Germany, France, Italy, and Norway. Other country mean SD  min  max records runners
nations highlighted included those of the Anglosphere, 0 USA 584 146 2.82 14.07 34088 20148
such as Australia, the United Kingdom (UK), and South 1 TPE 1.68 3.76 13.40 8000 3362
Africa. The fastest average running speeds were achieved 2 FRA 182 345 1353 6096 3615
by athletes from Lithuania, Israel, Russia, Hungary, 3 GER 1.95 375 1296 4409 2441
Croatia, and Namibia (the latter had 14 records from 4 ITA 184375 1425 4130 1852
. 5 AUs [BSEN 176 3.75 1343 3548 1752
four unique runners). 6 MAS 503 110 375 1044 2845 1460
7 NOR | 6.62 183 3.77 1244 2825 1652
Event country ranking table 8 GBR 694 204 375 1419 2305 1672
9 RSA 646 135 3.75 12.10 2240 1115
Table 2 summarises the events for the 55 different 10 RUS 1.92 3.83 1350 2035 767
countries and lists the countries by the number of re- 11 AUT 1.83 375 13.16 1978 927
corded race results. Mean running speed is colour-cod- 12 POL 1.92 376 13.09 1947 1001
ed, where darker colours correspond to faster running 13 SGp 497 102 375 967 1908 824
speeds. The fastest running speeds were achieved in 14 HUN L74-3.77 1347 1879 893
races held in Russia, the Netherlands, Israel, Slovakia, 15 CHN 1.68 375 1246 1786 1199
R . 16 BRA 1.53 3.75 11.81 1732 1003
the Czech Republic, Croatia, and Hungary. 17 ESP 182 375 1342 1731 902
18 CAN | 6.69 | 158 3.75 14.08 1702 971
Correlation between model variables 19 SUI 183 3.76 13.17 1701 1030
20 FIN 1.66 3.76 1239 1698 872
To investigate a potential correlation between the 21 NED 1.78 3.77 1291 1330 901
country of origin of the athlete and the country where 22 CZE 161 377 1226 1231 647
the races were held, we performed Pearson (Figure 1) 23 JPN 184 375 1205 1081 748
and Spearman (Figure 2) correlations. Sex has a value 24 SWE 1.84 279 1269 1063 715
of 0 for women and 1 for men. Running speed showed 25 IND 123377 1078 962 669
. . . . 26 KOR 1.60 375 1195 808 484
a shg’ht positive correlation Wlt}‘l sex (hence faste.r speeds 27 GRE 154 377 1275 754 453
for 1’s). The age group consisted of sorted integers 28 SRB 178 375 1262 654 385
(18, 20, 25, 30, etc.) and the distribution followed an 29 ARG 143 384 1165 615 373
inverted U shape, so the correlations showed no simple 30 DEN 163 379 12.10 444 313
linear pattern. An increasing Athlete_country_ID in- 31 EST 1.90 377 1196 420 230
dicated only a minor representation in the sample for 32 CRO 1.81 379 1237 372 256
the country the ID represents, which was similar to 33 UKR [16.69 1.65 3.79 1092 347 235
the Event_country_ID. As such, care must be taken 34 MEX 559 124 375 1022 312 238
when interpreting the positive correlation (Pearson = 35 URU 149387 1170 284 190
0.23 and Spearman = 0.31) between the country var- 36 ROU 158 469 12.22 270 173
. P . . .. Y 37 SLO 206 3.77 1273 236 157
iables and running speed since a one-unit increase 38 MDA 192 377 1236 219 119
represents a 0.23 km/h (or 0.31 km/h by Spearman) 39 NZL 171 377 1149 217 145
increase in running speed. However, the unit increase 40 BEL 170 378 1095 190 140
in the country variable is meaningless as it only indi- 41 MGL 630 149 375 1125 172 109
cates a change of country. There were also positive cor- 42 SVK 1.78 3.80 1223 140 91
relations between sex and the country of origin and 43 HKG 1.50 385 11.63 119 115
event. The highest correlation was between the coun- 44 BUL 1.86 379 11.78 108 67
tries of origin and countries of event, indicating that most 45 MON Ny 159 3.79 1043 65 62
runners competed in races in their country of origin. 46 RL [ESEN 168 400 1187 64 56
47 PHI 550 099 4.01 840 62 57

PAR 140 377 9.77 58 34

XG Boost regression model 188 437 1269 46 37

5%
2

50 KAZ | 633 1.75 3.78 10.67 34 28

Evaluation metrics and feature relative importance 51 ISR 208 401 1478 21 20

52 LUX 2.02 3.83 10.76 19 17

The model was trained and tested with all 103,334 53 POR . 1.38 526 10.88 17 16

records, with the accuracy (r* = 0.34) indicating a mod- 54 THA 6.02 1.68 432 1141 17 16
49
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Pearson correlation between model variables

- 1.0
Sex_ID 0.08 0.088 0.16
- 0.8
Age_group_ID -0.051 -0.087
- 0.6
Athlete_country_ID 0.08
- 0.4
Event_country_ID 0.088
- 0.2
Race speed (km/h) 0.16 oo

a) a a 2 <
| I [ [ =
s a > > £
L = ] ] v
0 o =

ey c c
= 3 S =]
| o o )
L Y Y a

o

< g o n
s : g
£ o o]
b P

Figure 1. Pearson’s correlations between model variables
Spearman correlation between model variables
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Figure 2. Spearman’s correlations between model variables
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Event_country_ID

Athlete_country 1D

Sex_ID

Age_group_ID

0.0 0.1 0.2 0.3 0.4

12h model features importances

05
Figure 3. Optimal model feature relative importance

erately weak effect of the predictor variables in the
model output and suggesting that additional predictor
variables should be added to improve its predictive
power. The country of the event was considered the
most important predictor of performance (based on data
entropy reduction), with a score of 52%, followed by the
athlete’s country, sex, and age group (Figure 3).

PDP for feature Sex_ID
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Ny s > ®
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o
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PDP for feature Age_group_ID
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Partial dependence plots

Regarding sex, men were ~0.45 km/h faster than
women (Figure 4). The PDP for the 30-34, 35-39 and
40-44 age groups was flat, indicating a broad range of
ages positively contributing to the best running speed
predictions (Figure 5). The results by athlete country
peaked at ID 49 (Lithuania) (Figure 6), while the re-
sults by event country peaked at ID 21 (The Nether-
lands) (Figure 7).

Prediction distributions and target value diagrams

The mean difference between male and female pre-
dictions was ~0.6 km/h (middle chart). However, the
median difference (top chart) was over 1.2 km/h, em-
phasising the performance gap between men and
women (Figure 8). The fastest runners were recorded
in the 40-44 and 45-49 age groups, obtaining the
highest predictions (Figure 9). In the athlete country
charts, distinctive peaks can be seen for Lithuania and

Figure 4. Partial dependence plots for sex

Figure 5. Partial dependence plots
for age group
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N
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PDP for feature Athlete_country_ID
Number of unique grid points: 69

Figure 6. Partial dependence plots for
athlete’s country of origin

Figure 7. Partial dependency plots for
the country where the race was held

Figure 8. Interpretability charts of the sex model
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Model interpretability charts for feature: Event country
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Figure 11. Model interpretability charts for the country where the events were held

Israel, with predictions well over the 9 km/h mark (Fig-
ure 10). In the event country charts, Israel, Latvia, Slo-
vakia, Romania, Croatia, Czech Republic, Netherlands,
Russia, and Hungary obtained prediction distributions
over 8 km/h, pointing at a dominance of eastern Euro-
pean countries in fast 12-hour races. On the contrary,
12-hour races in Asian countries (Singapore, Philip-
pines, Thailand) were among the slowest, as were those
in the USA and Mexico (Figure 11).

Discussion

This study was designed to determine the origin of
the fastest runners competing in 12-hour ultra-mar-
athons with the hypothesis that Europe would have
the fastest runners and the fastest race courses. The
main findings were that the event location was the most
important predictor, followed by the origin of the ath-
lete, sex, and age. In addition, most of the runners origi-
nated from the USA, most of the races were held in the
USA, the fastest runners originated from Lithuania,
Israel, Russia, Hungary, Croatia and Namibia, the fast-

54

est running speeds were achieved in races held in Rus-
sia, the Netherlands, Israel, Slovakia, the Czech Repub-
lic, Croatia, and Hungary, men were ~0.5 km/h faster
than women, most athletes were recorded in the 40-44
and 45-49 age groups, and the fastest runners were in
the 40-44 and 45-49 age groups.

Event location was the most important predictor
variable

The regression model found that the event location
was the most important predictor, followed by the ori-
gin of the athlete, sex, and age. Whilst this result does
not imply causality in any way, the information adds
value to the scientific discussion on predictors of per-
formance in the ultra-marathon. Most studies consid-
ered individual attributes as the most critical factors
in running performance, which differs from the present
findings. The importance of event location on running
speed may be related to environmental characteristics
that impair performance, including weather [17, 18].
For example, non-elite runners spend roughly five hours
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running a marathon, which harms performance and
health. In this regard, statistics from 830,255 non-
elite runners who completed the New York City Mar-
athon between 1999 and 2019 showed that tempera-
ture and humidity slowed the pace of competitors of
various ages but had more influence on those aged 20
to 59 [17]. Similar findings were obtained for runners
who completed the Berlin Marathon, where increas-
ing temperatures and decreasing humidity through-
out the day were negatively related to running speed,
with men being more affected than women [18].

Event locations, as a crucial predictor, may involve
physiological factors such as altitude and climate. Coun-
tries like Russia and Israel, where top runners origi-
nated and achieved high running speeds, may offer en-
vironmental conditions that favour endurance, with
altitude potentially affecting oxygen utilisation and car-
diovascular adaptation. The variation in running speeds
at different locations suggests that training environ-
ments also play a crucial role [19]. Factors such as ac-
cess to varied terrains, advanced training facilities, and
coaching expertise can influence an athlete’s physio-
logical adaptation and overall preparedness for ultra-
marathon events [20].

Most 12-hour runners were from the USA,
but the fastest were not

The USA accounted for about one-third of the 12-
hour race records, both in terms of country of origin
and country of event, followed by Taiwan and some
European countries (e.g., Germany, France, Italy, and
Norway), along with others from the Anglosphere (i.e.,
Australia, the United Kingdom, and South Africa).
However, the fastest runners were from Lithuania,
Israel, Russia, Hungary, and Croatia, confirming our
hypothesis.

The higher frequency of runners from the USA is in
agreement with previous literature. A macro-to-micro
analysis of runners competing in 100-mile ultra-mar-
athons showed the highest frequency of runners [21],
as did a by Hoffman covering events held between 1977
and 2008 [22]. The high of runners from the USA was
previously explained alongside the history of running
in the USA and globally, as well as the increase in par-
ticipation among women and older athletes [23, 24].
However, a higher participation rate does not equate
to higher performance. For example, in 100-mile ultra-
marathons, the fastest runners in the top three, top 10,
and top 100 for women were from Sweden, Hungary,
and Russia, and Brazil, Russia and Lithuania for men
[21].

The factors explaining that the fastest runners origi-
nated from Lithuania, Israel, Russia, Hungary, Croa-
tia, and Namibia are unclear in the literature. However,
these results can be related to the characteristics of
the event. Our analyses revealed that the fastest run-
ning speeds were achieved in races held in Russia, the
Netherlands, Israel, Slovakia, the Czech Republic, Cro-
atia, and Hungary, which can increase runner partici-
pation in events in these countries. In addition, cultural,
historical, and weather characteristics can benefit run-
ners living near the place of competition. Identifying
Lithuania, Israel, Russia, Hungary, Croatia, and Na-
mibia as the origins of the fastest runners also raises
questions about genetic predispositions, cultural in-
fluences, motivation, and training. Genetic factors im-
pacting endurance, such as muscle fibre composition,
as well as cultural attitudes toward long-distance run-
ning, could contribute to superior performance [25].

Exploring the idea that European ultra-maratho-
ners are the fastest involves considering diverse ter-
rains, cultural influences, and advanced training re-
sources. The periodisation of ultra-marathon training
is highly individualised and involves factors such as race
specificity and athlete experience and goals [26]. Moni-
toring fatigue levels, adjusting training intensity, and
incorporating adequate recovery are crucial aspects of
successful ultra-marathon training [27]. Furthermore,
mental preparation and nutrition planning play an
integral role in ensuring that athletes are well-pre-
pared for the mental and physical demands of ultra-
marathon races [28]. Therefore, training periodisation
involves a structured approach to optimise physical
and mental readiness for the unique challenges of ultra-
marathon distances [29].

What drives an individual to choose a sports dis-
cipline that exposes and pushes the limits of human
physical and psychological limits? Understanding the
motivations behind participating in ultra-marathons
involves delving into the interconnected aspects of an
athlete’s biology, psychology, and social influences [30].
Biopsychosocial factors collectively contribute to shap-
ing the mindset and drive of these extraordinary indi-
viduals [31]. Biologically, exploring the physiological
adaptations that occur in ultra-marathon runners is
fascinating. Endurance training induces changes in
cardiovascular efficiency, muscle strength, and met-
abolic pathways, allowing athletes to maintain pro-
longed efforts [32]. Additionally, genetic predisposi-
tions may play a role in an individual’s aptitude for
ultra-marathon distances [33]. From a psychological
perspective, delving into the mindset of ultra-mara-
thoners unveils a complex interplay of mental resilience,
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motivation, and goal setting [34]. These athletes often
have an intrinsic motivation to challenge themselves,
seeking personal growth and accomplishment [35].
The ability to endure prolonged physical exertion also
requires a robust mental framework, including coping
strategies for pain, fatigue, and the psychological toll of
long-distance running [36]. Social factors contribute
significantly to the appeal of ultra-marathons, with
community and camaraderie within the ultra-running
world fostering a supportive environment [37]. Athletes
often find inspiration and encouragement from their
peers, creating a shared identity among those who em-
brace the challenges of ultra-marathon distances [38].
Social networks, events, and online communities fur-
ther contribute to the diffusion of ultra-running cul-
ture [39]. Examining the biopsychosocial profile of ultra-
marathon athletes provides valuable insights for sports
science and understanding human motivation, resil-
ience, and the pursuit of extraordinary challenges [40].
It showcases the intricate interplay between biological
predispositions, psychological factors, and social in-
fluences that collectively shape the mindset of those
who choose to venture into the realm of ultra-mara-
thons [41].

Correlations between country of origin
and country of event

We found a strong correlation between the country
of origin of the athlete and the country of the event,
indicating that athletes prefer to compete in their home
country. We also found a correlation between the coun-
try of the event and running speed, indicating that
countries with substantial participation had lots of
average or poor performers, which brought the average
performance down. In contrast, the overall quality of
runners was higher in countries with a lower number
of participants. We also found a positive correlation
between sex and country and both the athlete/event
country variables, which suggests that as participation
reduced, the men-to-women ratio seemed to increase.

Sex differences in performance and the age of
peak running performance

Men were, on average, 0.5 km/h faster than women.
Performance differences between sexes are well es-
tablished in the scientific literature [42, 43]. The ob-
served sex disparity in running speeds is consistent
with established physiological differences between men
and women. Men typically exhibit greater muscle mass,
higher aerobic capacity, and different fat metabolism

56

patterns, contributing to their overall faster running
speeds in ultra-marathons [44]. Studying the evolution
of women’s performance compared to men’s in ultra-
marathon races holds significant interest for several
reasons since it comprehensively explores sex-spe-
cific physiological adaptations and capabilities in re-
sponse to extreme and prolonged physical exertion [45].

Understanding how women’s performance in ultra-
marathons has evolved compared to men’s provides
valuable insights into the progress, challenges, and po-
tential advancements in female endurance sports [46].
This research can help break down sex-related stereo-
types and promote equal opportunities and recognition
in ultra-marathon competitions [47]. Future studies
need to investigate the trend in sex differences over
time to estimate whether women can close the gap with
men in the future.

Understanding sex differences is instrumental for
coaches, athletes, and sports scientists in tailoring
training programs that optimise the performance of
both male and female ultra-marathon runners [48].
Additionally, highlighting the achievements of women
in ultra-marathons can inspire a broader cultural shift,
encouraging more women to participate in these chal-
lenging events and fostering inclusivity within the
sporting community [49]. In essence, studying the evo-
lution of women’s performance compared to men’s in
ultra-marathons not only contributes to the scientific
understanding of athletic capabilities but also pro-
motes sex equality, encourages participation, and en-
hances overall awareness of the diverse achievements
in endurance sports [50].

Athletes in the 40-44 and 45-49 age groups were
fastest. The concentration of participants and top per-
formers in these age groups indicates potential advan-
tages associated with these age ranges. Factors such as
accumulated training, previous experience, enhanced
endurance capabilities, and optimised pacing strate-
gies may contribute to the superior performance ob-
served in these age groups [51].

Limitations

This analysis was not free of limitations. An ath-
lete could be born in one country and change nation-
ality when moving to another country later in life. Also,
specific characteristics that influence ultra-running
performance, such as training, race experience, or
anthropometric characteristics, were not considered.
The r*-value of 0.34 is insufficient for robust predic-
tions using the investigated variables or indicating that
other variables might be of higher importance. Future
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studies could include more variables such as training,
previous experience, and anthropometry.

Other metrics, such as root mean square error
(RMSE) and mean absolute percentage error (MAPE),
could provide a more comprehensive view of the mod-
el’s performance. While the study provides valuable
insights, the model’s accuracy needs to be improved to
ensure more reliable and comprehensive predictions.
A more detailed exploration of specific environmental
factors in top-performing locations, such as altitude
and climate conditions, would enrich the argument.
Furthermore, the comparison between the high partici-
pation of runners from the USA and the superior per-
formance of runners from Lithuania, Israel, Russia,
Hungary, Croatia, and Namibia could be deepened by
addressing sociocultural differences and training in-
frastructure that may influence these outcomes.

Identifying event location as the most important
predictor suggests that future research should consider
a more qualitative approach to better understand the
impact of training environments, athlete motivations,
and management and life balance dynamics on com-
petition participation. Additionally, the inclusion of
more predictor variables and the use of advanced mod-
elling techniques are recommended to enhance pre-
dictive power and the understanding of physiological
adaptations contributing to ultra-marathon success.

Conclusions

In 12-hour ultra-marathon running, most athletes
originated from the USA and competed in the USA.
However, athletes from Lithuania, Israel, Russia, Hun-
gary, Croatia, and Namibia obtained the fastest run-
ning speeds. There was a positive correlation between
country of origin and country of event, indicating that
athletes primarily competed in their home country.
In conclusion, the study findings underscore the multi-
faceted nature of ultra-marathon performance, which
is influenced by a complex interplay of environmental,
genetic, cultural, and physiological factors. A deeper
understanding of these elements provides valuable
information on the intricacies of endurance running
and can inform training strategies, event planning,
and appreciation of the diverse physiological adapta-
tions that contribute to success in ultra-marathons.
Future studies should consider a more qualitative ap-
proach to understanding training background, moti-
vations, and management and life balance dynamics
for participating in competitions in different parts of
the world.
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