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Micro-pacing and performance determinants &=
in skiathlon: linking speed profiles, sub-
technique selection, and cycle characteristics

Lei Shang', Hongjun Yu', Ruiying Shi*'®, Dong Zhang® and Craig A. Staunton™?

Abstract

Purpose Performance analyses in cross-country skiing often focus on lap or terrain-level splits. However, few studies
have explored micro-pacing strategies—particularly in Skiathlon, an Olympic event requiring athletes to complete
both classical and freestyle techniques on the same course.

Methods Thirteen national-level male skiers were tracked during an International Ski Federation-certified Skiathlon
using GNSS and trunk-mounted sensors. Instantaneous speed profiles were analysed using one-dimensional
statistical parametric mapping (SPM) to identify “race-critical clusters”: contiguous intervals where speed significantly
predicted section time (a=0.05) across all eight laps (four classical, four freestyle).

Results Freestyle laps were 4% faster than classical, with greater terrain-specific speed differences and pacing
variability in classical, especially downhills. Seven race-critical clusters were identified: two uphill, four downhill, and
one flat. These accounted for 11.3 s (classic) and 10.9 s (freestyle) of the time gap between the fast and slow group.
In these segments, faster skiers used higher-gear sub-techniques and exhibited longer cycle lengths and/or higher
frequencies (p < 0.05).

Conclusions Within race-critical clusters, the faster skiers gained substantial time advantages. Secondary analyses
showed clear differences in sub-technique selection and kinematic profiles, suggesting that technical execution
plays a critical role in these performance gains. Athletes and coaches may consider integrating GNSS-based tracking,
SPM, and wearable-derived technique analysis into race evaluation to move beyond traditional split times and focus
training on the most decisive segments of the course.
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Introduction

The skiathlon, an Olympic discipline in cross-country
(XC) skiing, combines classical and freestyle techniques
within a single race. Athletes first complete a classical
technique segment of the race before transitioning to a
freestyle technique segment, navigating a course com-
posed of varied terrain, including steep climbs, technical
descents, and flat sections. Given the race’s dual-tech-
nique structure and varying terrain, performance opti-
mization depends on an athlete’s ability to effectively
distribute effort, adapt sub-technique selection, and
maintain efficient movement patterns throughout the
event [1, 2].

Previous research on XC skiing performance has estab-
lished that athletes typically employ a positive pacing
strategy, with gradual speed reductions across succes-
sive race segments [1]. Studies on 10-50 km classical and
freestyle XC skiing events indicate an average velocity
decline of 2.0% to 11.8% per lap, with terrain and tech-
nique influencing these reductions [3-7]. Welde et al.
(2017) demonstrated that speed losses tend to be more
pronounced on flat and intermediate terrain compared
to uphill sections, where skiers often maintain more
consistent velocities [3]. Additionally, studies suggest
that performance in earlier race segments can influence
later stages, particularly in events like the skiathlon that
require a transition between two techniques [8, 9].

Advancements in differential GNSS tracking and real-
time locating systems now enable detailed analyses of
skiing performance, while statistical parametric mapping
(SPM) techniques provide deeper insights into where sig-
nificant performance differences emerge [10—12]. While
previous research has examined pacing strategies and
technique selection in classical and freestyle events sepa-
rately [10, 13-16], few studies have explored which sec-
tions of a skiathlon course are most influential for race
performance and how skiing kinematics and sub-tech-
nique choices vary across these key sections.

As such, the aim of this study was to conduct a perfor-
mance analysis of a skiathlon race to identify which sec-
tions of the course had the greatest influence on overall
race times. Specifically, using SPM analyses, we aimed
to identify race-critical track sections that consistently
impacted performance across all laps in both the clas-
sical and freestyle segments. In these key sections, we
conducted deeper analyses focusing on sub-technique
selection and skiing kinematics, comparing top and bot-
tom performers. These comparisons provide insight into
pacing strategies and technique execution that may con-
tribute to performance optimization. By integrating per-
formance, sub-technique, and kinematic analyses, this
study offers valuable guidance for athletes and coaches
aiming to refine pacing strategies and enhance technical
efficiency in skiathlon racing.
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Methods

Participants

Thirteen male cross-country skiers competing at Tier
3/4 level [17] (age: 24 + 5 years; height: 178 + 5 cm; body
mass: 71 + 5 kg; FIS distance points: 81.5 + 30.5) from
the Chinese national team participated in this study dur-
ing the 2021-2022 season. All participants provided
written informed consent prior to data collection. The
experimental protocol received formal approval from the
Ethics Committee of China Institute of Sport Science,
ensuring full compliance with the ethical standards out-
lined in the World Medical Association’s Declaration of
Helsinki throughout all research procedures. Inclusion
criteria required participants to be active members of the
national team with a valid FIS license and free from mus-
culoskeletal injuries for at least six months prior to the
race.

Design

All measurements were recorded during a FIS-sanc-
tioned Skiathlon race conducted under stable weather
conditions (-5.0 to -13.0 °C ambient temperature,
52.0% humidity, 12-19 km-h~ ! wind speeds, and clear
skies). The race employed an interval start format with
30-second gaps between athletes, who wore ankle-
mounted timing chips (Yuandong Future, Beijing,
China) for precision timing. Competition occurred on
a machine-groomed course featuring moderately firm
snow prepared the morning of the event. Athletes were
equipped with differential GNSS/IMU sensors (AdMos,
Advanced Sport Instrument; 65 x 35 x 15 mm, 35 g
mass) sampling at 10 Hz (d-GNSS) and 250 Hz (triaxial
accelerometer [+ 16 g], gyroscope [+ 2000°/s], and mag-
netometer [+ 16 Gauss]). These devices enabled simul-
taneous quantification of micro-pacing strategies (via
positioning/speed data), sub-technique selection and
skiing kinematic data (cycle length/cycle frequency)
through Archinisis GmbH’s proprietary sensor fusion
algorithm, which has been used extensively in XC skiing
literature [10, 18-20]. The validity and reliability of the
AdMos/Archinisis sensor fusion system have been docu-
mented. Validation studies have reported position accu-
racy of < 1.0 m and speed estimation errors of < 0.1 m-s™
under dynamic conditions involving high speeds and
elevation changes [21-23]. Collectively, this framework
enabled quantification of performance metrics includ-
ing cycle frequency (CF), cycle length (CL), total cycles
count, and proportional time for each sub-technique.
The algorithms can detect sub-techniques in the clas-
sic portion, including double poling (DP), double poling
with kick (DPK) and diagonal stride (Diag) techniques
and sub-techniques within the freestyle portion, includ-
ing Gear 2 (V1 skate), Gear 3 (V2 skate) and Gear 4 (V2



Shang et al. BMC Sports Science, Medicine and Rehabilitation

Elevation [m

T
I\

-100

400 300 200 100

Easting [m]

-10% -9 -8 -7 -6 -5 -4-3

2-1-01

(2026) 18:88

J!

-200

-

Page 3 of 13

60
S0
40

ARNINY

——— 50

-300 -400 -500 -600 =700

EERRERRRREEN

345678910%

Fig. 1 Three-dimensional illustration of the 3.75 km competition track examined in the current study
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Fig. 2 Course and elevation profile of the 3.75 km racecourse used in the skiathlon competition, including different sections of terrain. Note: Section F1
was excluded after the first lap as it included the unique starting section, which was not present in the repeated loop used for the remaining laps

alternate) freestyle techniques. In addition, the downhill
(DH) technique is also detected.

Skiing course

The study was conducted at the Chinese National Skiing
Arena, utilizing a FIS-certified Olympic-standard race-
course (Figs. 1 and 2). Course characterization involved
dual-modality terrain mapping: GNSS geospatial track-
ing synchronized with barometric altimetry established a
validated 3,800-meter circuit containing 163 m of cumu-
lative elevation gain. It should be noted that the total dis-
tance for the first lap included the start corridor (Section
F1). For the subsequent repeated laps (Laps 2-8), this
section was excluded, resulting in a standard analysis
loop of 3.75 km. Following the FIS homologation pro-
tocols for cross-country skiing courses (2022 edition),
the track was divided into distinct terrain sections—
uphill (#=6), downhill (#=5), and flat (n=3)—based on

quantitative analysis of athlete-borne positioning system
data, complemented by expert video verification. Sec-
tion F1 was excluded after the first lap as it included the
unique starting section, which was not present in the
repeated loop used for the remaining laps.

Data analyses

The GNSS trajectory of the race winner was filtered
using a second-order low-pass Butterworth filter (4 Hz
cutoff frequency) to suppress high-frequency position-
ing artifacts. This filter cut-off frequency was selected
from visual inspection of the power spectrum and is in
line with the cut-off frequencies used in similar research
[11, 21, 24]. Filtered coordinates then underwent spatial
regularization via cubic spline interpolation, generating a
1-meter resolution reference trajectory that served as the
spatiotemporal benchmark for subsequent athlete com-
parisons. The GNSS trajectory of the single race winner
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was used solely as a spatial reference path to normalize
distance for all participants. This alignment procedure
enabled consistent spatiotemporal comparison but was
not used for statistical testing.

Following creation of the reference GNSS trajectory,
the GNSS race coordinates of all athletes were initially
processed using an identical second-order low-pass
Butterworth filter (4 Hz), following established proto-
cols [10-12]. A trajectory correction method was then
applied, minimizing the Euclidean distance between
measured and reference trajectories, effectively aligning
course trajectories. Subsequently, speed data for every
1-m interval were smoothed using a 30-meter moving
average, consistent with smoothing procedures adopted
in previous course-profiling and GNSS-based cross-
country skiing studies [10, 11, 18]. This process allowed
for the calculation of trajectory and speed data at every
1-meter interval along the course enabling high-reso-
lution performance comparisons. Cycle characteristics
were derived using the validated algorithms provided
by Archinisis GmbH. A single cycle was operationally
defined based on the sub-technique. Cycle Length (CL)
was calculated as the distance covered during one com-
plete cycle and cycle rate (CR) as the reciprocal of the
cycle duration.

To characterize performance determinants, the cohort
(N=13) was stratified into two independent groups based
on overall race time ranking. The Fast Group (n=7) com-
prised the top 50% of finishers (Rank 1-7), and the Slow
Group (n=6) comprised the remaining finishers (Rank
8-13). All subsequent comparisons regarding sub-tech-
nique selection and kinematic variables were conducted
between these two independent groups.

Statistical analyses

Continuous variables are presented as mean + standard
deviation. To ensure appropriate statistical methods, the
Shapiro-Wilk test first assessed the normality of all con-
tinuous variables. Based on these results, we selected
Pearson’s (parametric) correlation coefficients to evalu-
ate relationships between 15 km classic/freestyle segment
performance and two key metrics: lap times and terrain-
specific durations (uphill, flat, downhill). Correlation
strengths were interpreted using the standardized scale
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proposed by [25]: trivial (r < 0.1), small (0.1-0.3), moder-
ate (0.3-0.5), large (0.5-0.7), very large (0.7-0.9), nearly
perfect (0.9), and perfect (1.0). Subsequently, a stepwise
linear regression model was constructed to predict over-
all skiathlon performance, with time spent on uphill, flat,
and downbhill sections as independent variables. This
approach aimed to quantify the relative contributions of
terrain-specific efforts to total race performance.

For the global performance analysis (Table 1), mean ski-
ing speed was calculated as the section distance divided
by the section duration. The Coefficient of Variation
(CV) was calculated as (SD/Mean) x 100 to assess the
relative variability of pacing across laps. CV was selected
to allow for a normalized comparison of pacing stability
between the distinct Classical and Freestyle techniques,
accounting for the differences in absolute velocity. One-
Way Repeated Measures ANOVA examined inter-lap
differences (lap 1-4) in both classic and freestyle seg-
ments, analyzing race times, speeds, sub-technique usage
proportions, cycle rates, and cycle lengths. Independent
Samples t-tests compared differences between classic and
freestyle segments across these same parameters. All sta-
tistical analyses were performed using IBM SPSS Statis-
tics version 26 (IBM Analytics, Armonk, New York), with
statistical significance set at o= 0.05.

Instantaneous speed profiles (1D data) were ana-
lyzed via statistical parametric mapping (SPM) using
the open-source SPM 1D toolbox in MATLAB R2024b
(MathWorks, Natick, MA) [26, 27]. To investigate rela-
tionships between instantaneous skiing speed for each
1-m interval of the course and performance outcomes,
we applied SPM 1D one-tailed linear regression mod-
els to assess speed-section time associations across all
course sections. This generated SPM(t) trajectories with a
significance threshold of o = 0.05, where supra threshold
regions (termed SPM clusters) denoted meter-specific
correlations between instantaneous speed and section
time. Clusters that consistently appeared at the same
course locations across all eight laps (with a minimum
spatial length of 10 m) were defined as ‘race-critical clus-
ters’ and prioritized for further analysis. This stringent
criterion was deliberately chosen to identify the most
robust and consistent terrain-specific determinants
of performance, ensuring these sections were critical

Table 1 Mean Time, skiing Speed, and coefficient of variation by terrain for 15 km classic and 15 km freestyle segments of a skiathlon

race
Terrain 15 km Classic Segment 15 km Freestyle Segment
Time (min:s) Skiing Speed (m s™') Coefficient of variation (%) Time (min:s) Skiing Speed (m s~') Coefficient of variation (%)
Total 445140149 54+02 43% 42:39+401:55 57402 2.5%"
Uphill 273640122 33+02 5.9% 27:07+01:37 34402 4.3%
Flat 05:33+00:14 6.1+03 4.8% 0427+00:09" 7603 4.2%
Downhill 11:43+00:19  9.9+0.3 38%" 11:06+00:14" 104+02 13%

*Significant differences between classic and freestyle within techniques (p <0.05)
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irrespective of the skiing technique used (Classical or
Freestyle) or the stage of the race. This approach aimed
to isolate fundamental performance drivers rather than
transient or lap-specific tactical efforts. The 10-m thresh-
old was selected to ensure that clusters represented
genuinely interpretable terrain sections with practically
relevant performance differences.

Results

Comparison of Overall Performance with correlation
analysis during the 15 km classic and freestyle segments
Table 1 compares average time, skiing speed, and CV
by terrain for 15 km classic and 15 km freestyle seg-
ments of the skiathlon competition. The total time of the
15 km freestyle segment was 4.9% faster than the Clas-
sic (p<0.05, ES=1.1), with significant speed variations
across uphill, flat, and downhill terrains (all p <0.05). CV
analysis revealed pacing variability (1.3%-5.9%), includ-
ing lap times and terrain-specific segments. The classic
segment exhibited a 1.8% higher total time CV than free-
style (p<0.05, ES=1.0), and a notably larger CV differ-
ence in downhill terrain (p <0.01, ES =3.0).

Strong correlations emerged between total time spent
on the uphill, flat and downbhill terrain and overall perfor-
mance. In the 15 km classic segment, uphill (r=0.98), flat
(r=0.95), and downbhill (r=0.79) terrain times all corre-
lated significantly with overall performance (p <0.01). The
freestyle segment showed similar patterns with »=0.99
(uphill), »=0.81 (flat), and r=0.79 (downhill) (all p<0.01).
The uphill terrains exhibited the highest correlation with
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overall performance (r>0.95), identifying them as the
primary discriminator between higher and lower-ranked
athletes, whereas downhill performance showed a weaker
association (r>0.75).

In addition, significant relationships were found
between section skiing time and lap-time for different
sections for both classic and freestyle segments (Fig. 3).
During the classic, U3, U5, U7, U9, and U13 consistently
exhibited lap-time associations (r=0.60-0.98, p <0.05) in
at least 3 laps. In freestyle, similar relationships (r=0.65—
0.94, p<0.05) occurred in U3, U5, U7, U9, and U13 (sec-
ond-longest climb) across at least 3 laps.

SPM analyses and race-critical clusters

Figure 4 displays the course altitude profiles and corre-
sponding statistical parametric mapping (SPM) clusters
(grey shaded areas) for each lap of the classic and free-
style segments of the skiathlon race. These clusters repre-
sent sections of the course where significant relationships
were identified between instantaneous skiing speed and
section skiing time. Race-critical clusters(i.e., clusters
overlapping across all eight laps) are marked by vertical
dotted lines and corresponding black shaded areas.

The SPM regression analyses revealed that these race-
critical clusters occurred across various types of terrain,
including uphill (section 5UH and 7UH), downbhill (sec-
tions 4DH, 8DH, 10DH and 12DH) and flat terrain (sec-
tion 14 F) (Fig. 4).

Specifically, during uphill terrain race-critical clusters
were identified over an 18-metre stretch (171-189 m)
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Fig. 4 Altitude profile (top panel) and statistical parametric mapping (SPM{t}) curves for the 15 km classic (@) and 15 km freestyle race (b) (i.e,, the course
sections where section time was significantly related to instantaneous skiing speed). The shaded area on the SPM{t} curves show the course locations
where a significant relationship exists between race time and instantaneous speed. Vertical dotted lines and corresponding black shaded areas indicate
clusters that overlapped across all eight laps of the race, highlighting race-critical clusters

within section 5UH and a 27- meter stretch (59-86 m)
within sections 7UH (p <0.01). On downhill terrain, race-
critical clusters were identified at the beginning of sec-
tions 4DH, 8DH, and 10DH—immediately following the
crest of the preceding uphill—as well as within the turn
in section 12DH. These clusters ranged from 11 to 56 m
in length and consistently showed that better section

times were linked to higher velocities during these down-
hill phases (p<0.01). Finally, in the flat terrain of section
14 F, a race-critical cluster was found within the middle
portion of the section, where faster section times were
similarly associated with higher instantaneous speeds
(p<0.01).



Shang et al. BMC Sports Science, Medicine and Rehabilitation

Table 2 presents the detailed characteristics of the race-
critical clusters. For each race-critical cluster, the table
includes the terrain type (uphill, downhill, or flat), the
cluster start and end positions relative to the beginning
of the section, and the average gradient. Performance
metrics are also presented separately for the classic and
freestyle segments, including the mean+SD of time
spent within each race-critical cluster, average speed, and
time gain, defined as the time difference between the fast
and slow group in that race-critical cluster.

The time gain within a single race-critical cluster was
observed on the uphill terrain of section 7UH during
the freestyle segment, where the fast group gained 5.0 s
over the slow group over section of just 27 m long. When
aggregated across all race-critical clusters in the classic
and freestyle segments, the fast group gained a total of
11.3 s and 10.9 s, respectively. Stratified by terrain, the
total time gain across all race-critical clusters was 14.3 s
on uphill sections, 6.7 s on downhill sections, and 1.2 s
on flat sections.

SPM analyses and race-critical clusters
Sub-technique selection

(2026) 18:88
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Sub-technique selection

Figure 5 illustrates the distribution of skiing sub-tech-
niques used by the fast group and slow group within the
race-critical clusters, shown separately for the four clas-
sic and four freestyle laps.

Classic technique

In Section 4DH, both the fast and slow groups predomi-
nantly utilized DP (92 +5% vs. 93 +3%), supplemented by
a smaller proportion of DPK (8 +5% vs. 7 £ 3%). However,
in the uphill cluster of Section 5UH, sub-technique selec-
tion diverged: the fast group primarily employed DPK
(49 £ 16%), whereas the slow group relied more heavily on
Diag (44 +7%). In Section 7UH, both groups relied almost
exclusively on Diag (95+1% vs. 97 £1%). Conversely, no
significant differences in sub-technique distribution were
observed in the remaining race-critical clusters (Sections
8DH, 10DH, 12DH, and 14 F).

Freestyle technique

I In Section 4DH, the fast group employed a significantly
higher proportion of G3 compared to the slow group
(17 £14%; p<0.05). In Section 5UH, both groups exhib-
ited similar sub-technique profiles, comprising combi-
nations of G2 (18+6% vs. 21 +3%) and G3 (82+6% vs.

Table 2 Characteristics of race-critical clusters identified by SPM, consistently present across all eight laps (four classic and four
freestyle) of the skiathlon, where section time was significantly associated with instantaneous speed

Section (m) Cluster start(m) Cluster end (m) Cluster average Cluster average Cluster average Time
gradient (%) duration(s) Speed (ms™") gain
(s)
4DH (47 m)
Classic 4 51 —-6.9% 0.8 03
Freestyle +04 + 1.7
5UH (18 m)
Classic 171 189 6.3% 5606 33+04 2.4%*
Freestyle + + 3.0
7 UH (27 m)
Classic 59 86 18.2% 10.5+1.0 6+0. 5.0%*
Freestyle 98+038 28+0.2 3.8*
8 DH (31 m)
Classic 0 31 -11.5% 55+09 58+ 1.2
Freestyle 40+0.2 78+04 04
10 DH (56 m)
Classic 4 60 —8.1% 106+0.9 53+04 1.5%
Freestyle 6.8+0.3 83+03 1.4%
12DH (11 m)
Classic 98 109 —7.9% 1.240.1 88+1.1 0.3*
Freestyle 1.1+0.1 99+0.2 0.2
14F (16 m)
Classic 18 34 -33% 3.0£0.1 54+02 0.9*
Freestyle 21401 75403 03

Note: Only clusters identified by SPM as significantly associated with instantaneous speed and consistently present across all eight laps (four classic and four
freestyle) are included. Each cluster had a minimum spatial length of 10 m. Time gain refers to the time difference between the fast and slow group within each
cluster. * = the slow group is significantly higher than the fast group (p <0.05), ** = the slow group is significantly higher than the fast group (p <0.01)



Shang et al. BMC Sports Science, Medicine and Rehabilitation

Fast Group_Classic (N=7) Slow Group_Classic (N=6)

4DH- 4DH-

SUH SUH

8 DH - 8 DH-

10 DH- 10 DH-

12DH - 12DH -

14F- 14F-

' ' ' " ' . ' N ' N
o e o (g oo Wl el e g o

'
ofe

(2026) 18:88 Page 8 of 13

Fast Group_Skating (N=7) Slow Group_Skating (N=6)

4DH- 4DH-

8 DH- 8 DH-

HEDiag

Bopr
DPK

[ Ter
G3
G4

10 DH- 10 DH- DH

12DH - 12DH -

14F- 14F-

' ' ' ' '
ole oo ofe  oolo o

' ' ' ' ' ' '
RO L LY o USROS S gl \%Qo(a

° W

Proportion (%) Proportion (%)

Proportion (%) Proportion (%)

Fig. 5 The fast group (n=7) and slow group (n=6) in skiing sub-technique distribution during the same SPM clusters of 15 km classic race and 15 km

freestyle race

79+3%). Similarly, in Section 7UH, both groups pri-
marily incorporated G2 (90+6% vs. 87 £5%). In Section
8DH, the groups utilized comparable combinations of G3
(28 +6% vs. 21 +3%) and G4 (39+5% vs. 46 +3%). In Sec-
tion 10DH, the fast group utilized a significantly greater
proportion of propulsive techniques—specifically G3—
than the slow group (6 +4%; p <0.05). No substantial dif-
ferences in sub-technique usage were evident in Sections
12DH and 14 F.

Kinematic characteristic

Figure 6 displays skiing kinematic variables (cycle speed,
cycle rate, and cycle length) for the fast group and slow
group across the race-critical clusters during the four
classic and four freestyle laps.

Classic technique

In Section 5UH, utilizing the DPK technique, the fast
group demonstrated significantly higher cycle speed
(mean difference: 0.4+0.3 ms™; p<0.01) and a longer
cycle length (mean difference: 0.5+0.4 m; p<0.01) com-
pared to the slow group. In Section 7UH, where both
groups employed Diag technique, the fast group achieved
greater cycle speed (mean difference: 0.4+0.3 m-s™;
p<0.01), principally attributable to a longer cycle length
(mean difference: 0.6+0.5 m; p<0.01). Conversely, no

observable kinematic differences were noted in Section
8DH. In Section 10DH, where both groups utilized DP,
the fast group exhibited superior cycle speed (mean dif-
ference: 0.8+0.7 ms™'; p<0.01) and longer cycle length
(mean difference: 1.2+1.1 m; p<0.01). Similarly, Sec-
tion 12DH (downhill gliding) revealed no significant
kinematic variations between the groups. In Section
14 F, where both groups again engaged in DP, the fast
group maintained higher cycle speed (mean difference:
0.6+ 0.5 m-s™'; p<0.01) and longer cycle length (mean dif-
ference: 1.1+1.0 m; p<0.01), while cycle rate remained
similar.

Freestyle technique

In Section 4DH, using the G3 technique, the fast group
demonstrated significantly higher cycle speed (mean
difference: 1.0+0.8 m:s™; p<0.01) and higher cycle rate
(mean difference: 0.04+0.03 Hz; p<0.01). Similarly, in
Section 5UH—where both groups utilized G3—the fast
group exhibited superior cycle speed (mean difference:
0.7+0.4 m-s™; p<0.01), characterized by a higher cycle
rate (mean difference: 0.03+0.02 Hz; p<0.01) and lon-
ger cycle length (mean difference: 0.9+0.7 m; p<0.01).
In Section 7UH, with both groups employing G2, the
fast group again achieved higher cycle speed (mean dif-
ference: 0.5+ 0.4 m:s™; p<0.01), driven primarily by an
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Fig. 6 The cycle characteristics of the fast group (n=7) and slow group (n=6) in most used sub-technique during the race-critical clusters of 15 km Classic
and 15 km Freestyle Segments. Note: * = the slow group is significantly lower than the fast group (p<0.05), ** = the slow group is significantly lower than
the fast group (p<0.01), # = the fast group is significantly lower than the slow group (p<0.05).

increased cycle rate (mean difference: 0.08+0.06 Hz;
p<0.05). In Section 10DH, the fast group employed G4 to
reach higher cycle speed (mean difference: 0.8 0.6 m-s™;
p<0.01) and cycle rate (mean difference: 0.04+0.02 Hz;
p<0.01). Conversely, in Section 12DH, where both
groups adopted the DH gliding technique, no significant
kinematic differences were observed. In Section 14 F,
utilizing G4, the fast group attained greater cycle speed
(mean difference: 0.7+0.5 m-s™; p<0.01) and longer
cycle length (mean difference: 1.4+ 1.2 m; p <0.05).

Discussion

This study applied a novel performance analysis
approach to Skiathlon racing by combining SPM analy-
ses to identify key moments that influenced competi-
tor performance across all laps and both techniques.
These race-critical clusters identified through SPM were

subsequently examined in secondary analyses to explore
how and why these sections were associated with speed
and time differences, focusing on sub-technique distribu-
tion and kinematic patterns.

The main findings were: (1) SPM analysis identified
race-critical clusters—specific sections where instanta-
neous speed was significantly related to overall race per-
formance across all laps; (2) Major time gains occurred
in these clusters, with the fast group consistently out-
performing the slow group in these sections; (3) Race-
critical clusters were associated with differences in both
sub-technique selection and skiing kinematics, highlight-
ing the role of technical execution in time gain.

Seven distinct race-critical clusters were identified
across seven different course sections: two uphill (UH),
four downhill (DH), and one flat (F) segment. Two of
these sections, 5UH and 7UH, were uphill segments
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where the climbs differed in gradient, with 5UH being
moderate (~ 6%) and 7UH steep (~ 18%). This highlights
that athletes capable of generating and sustaining greater
propulsive force on climbs of various gradients gain a
performance advantage. On the moderate uphill (5UH),
this advantage appeared linked to technique selection.
The fast group predominantly used DPK during the clas-
sic portion and exclusively used the G3 technique in the
freestyle portion. In contrast, the slow group relied more
on Diag and combined with the lower-gear G2 tech-
nique during freestyle. On the steep uphill (7UH), sub-
technique differences were less pronounced. However,
notable differences in kinematics emerged. The faster
skiers employed the Diag technique with a longer cycle
length and the G3 technique with both longer cycle
length and higher frequency than the slow group. These
findings support previous research showing that elite
skiers tend to favour faster, higher-gear sub-techniques,
even on uphill terrain, while others revert to slower tech-
niques under similar conditions [14, 28]. Furthermore,
the observed performance benefits associated with lon-
ger cycle lengths at a given or higher cycle rate support
earlier findings that emphasize the role of efficient pro-
pulsion mechanics [4, 6, 7, 29-32]. Generating greater
propulsion with each cycle allows athletes to travel fur-
ther down the terrain before initiating the next cycle.
This highly efficient sub-technique reduced the number
of cycles needed to cover a given distance, thereby con-
serving energy while maintaining speed [14]. Addition-
ally, inter-athlete variations in skiing kinematics, such
as those observed here, have also been reported in prior
work reinforcing the link between technical execution
and uphill performance outcomes [1, 33]. It is impor-
tant to note that the sub-technique differences observed
likely reflect a fatigue-induced technical regression rather
than a fundamental skill deficit. While the Slow Group
consists of national-level skiers physically capable of per-
forming these techniques, the physiological demands of
the race-critical sections may have forced a regression to
less demanding sub-techniques.

Further, the race-critical cluster within the steepest
uphill terrain (7UH) emerged as one of the most deci-
sive sections across laps, with the largest time differences
observed between the fast and slow group. This highlights
the importance of sustaining velocity on steep climbs as a
race-defining factor. A well-timed sprint or high-tempo
effort on this slope may allow faster skiers to create sepa-
ration, supporting prior findings that the steepest and
longest uphill sections are among the most performance-
differentiating in XC skiing [1, 9, 18]. An effective race
strategy might involve treating such climbs as tactical
focal points, using a micro-pacing approach: conserv-
ing energy on less demanding terrain and strategically
increasing effort on these critical sections. Whether this
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pacing strategy translates into improved overall perfor-
mance remains to be tested. Future research incorpo-
rating an SPM-informed feedback loop could provide
valuable insight into optimizing such tactical approaches.
Interestingly, performance on sections 3UH and 11UH
did not consistently correlate with overall lap time. These
sections are characterized by moderate gradients where
the homogeneous cohort of skiers likely prioritized draft-
ing and energy conservation (group skiing). In these
‘non-decisive’ zones, individual speed is often dictated by
the group pace rather than physiological capacity, reduc-
ing the statistical association with final race time.

Also noteworthy were the race-critical clusters identi-
fied within four downhill sections (4DH, 8DH, 10DH,
and 12DH). With the exception of a brief cluster in
12DH—which occurred mid-section during a downbhill
turn—all clusters were located at, or close to, the very
start of the downbhill sections, immediately following the
crest of the preceding uphill. These transition zones, typi-
cally lasting 3—4 s, represent key moments, where main-
taining or increasing momentum after climbing played a
decisive role in overall performance. Although these clus-
ters were technically located in downhill sections, the fast
group consistently used DP during the classic portion
and maintained a propulsive sub-technique during the
freestyle portion, indicating sustained effort to preserve
or increase momentum into the descent. In contrast, the
slow group tended to switch earlier to the DH glide tech-
nique [34]. Kinematic analysis further showed that, com-
pared to the slow group, the faster skiers had a longer DP
cycle length in section 10DH, and higher cycle rate and
length in G3 during section 4DH, as well as a higher cycle
rate in G3 during section 10DH. These transition clusters
mark critical moments when skiers shift from climbing
to high-speed descent. An aggressive cresting of the hill,
with added effort in the final metres appears to pay off,
as that cycle speed carries into the subsequent downhill
section. This emphasis on downhill sections as time-gain
opportunities challenges the traditional view of downhills
as primarily recovery zones [2, 35], and studies that have
primarily identified uphill segments as performance-
decisive. Previous research using SPM analysis in a clas-
sic sprint race has also identified transition zones to be
race-critical [12]. Coaches and athletes could prioritize
training transition zones, in particular this study implies
the maintaining of propulsive technique over the crest
of hills, more specifically, the faster athletes did so with
greater DP cycle length and greater G3 cycle rate.

Additionally, a race-critical cluster identified in a sharp
downhill turn (12DH) suggests that effective turning
technique is a meaningful and often underappreciated
performance factor in cross-country skiing. Although
the time differences observed within the turn itself were
small, the consistent appearance of this cluster across all
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laps underscores its cumulative importance. In tightly
packed races, even minor speed losses in technical down-
hill sections can influence not only time but also tactical
positioning, which is crucial in events with mass starts
or sprint finishes [36]. Previous studies have generally
treated downbhill sections as recovery zones and focused
analyses on uphill and flat terrain as the primary differen-
tiators of performance [2, 35]. However, such work often
relied on split times or coarse segment analysis, which
may have overlooked subtle but consistent time gains
in downhill transitions and turns. Our findings support
and extend recent work [16, 24], which used high-reso-
lution GNSS data to show that maintaining velocity on
descents and through curves can affect overall race out-
comes, especially when terrain is technical. For coaches
and athletes, this suggests that downhill technique train-
ing, particularly navigating sharp turns at race speed,
should be an intentional part of preparation, not just an
afterthought. Drills simulating race-day scenarios, like
descending into sharp corners after a hard uphill, can
prepare athletes to minimize deceleration and maxi-
mize flow, which in turn may preserve momentum and
improve tactical placement. In mass start formats like the
Skiathlon, this may be the difference between holding a
draft, avoiding collisions, or creating separation from
competitors.

Finally, a race-critical cluster was identified on a
flat section (14 F) near the end of the lap. This cluster
stood out due to its high speeds, approximately > 5.0
m-s~ ! in the classic portion and > 7.0 m-s™ ! in the free-
style portion, which required athletes not only to sustain
momentum but to apply effective propulsion despite
near-maximal velocity. Interestingly, sub-technique usage
was consistent between the fast group and slow group,
with both exclusively employing DP in classic and G4 in
freestyle. However, kinematic analysis revealed clear dif-
ferences: the faster skiers achieved a longer cycle length
in DP and a longer cycle length in G4 during this race-
critical cluster. This suggests that even when athletes
are using the same sub-technique, efficiency and effec-
tiveness in execution, through better rhythm, range of
motion, and neuromuscular coordination, can provide
meaningful time gains, especially under fatigue. This
aligns with earlier work [37-41], which showed that
elite skiers are distinguished by their ability to maintain
technical effectiveness at high speeds and under fatigue,
particularly in DP and G4 skate. This finding reinforces
the value of technical precision and conditioning for
flat, high-speed segments. Classic skiers may benefit
from developing the strength and maximize technical
efficiency in DP at high speeds, while freestylers should
train to extend cycle length in G4 without compromising
frequency.
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Limitations

A small, single-sex sample reduced statistical power and
precludes extrapolation to women or junior athletes.
Future work should recruit larger, sex-balanced cohorts
and evaluate age-specific responses. Whether the iden-
tified pacing strategy actually enhances overall race out-
come remains unknown; controlled trials that apply
SPM-informed biofeedback are needed to verify its effi-
cacy and refine tactical prescriptions. Furthermore, our
strict definition of ‘race-critical clusters’ (requiring sig-
nificance across all eight laps) prioritized consistency but
consequently excluded segments that may be decisive
only during specific techniques or specific laps (e.g., the
final sprint). Future research could employ less conser-
vative thresholds or analyze lap-specific SPM clusters
to capture these dynamics, particularly when analyzing
mass-start formats where tactical interactions are more
prevalent.

It is important to note that the participants were a
homogeneous group of national-level (Tier 3/4) skiers.
Consequently, the time differences and kinematic pat-
terns observed should be interpreted as descriptive of the
specific race dynamics and pacing strategies employed
on the day, rather than universal determinants of elite
performance. Differences may reflect acute tactical deci-
sions (e.g., waxing, fatigue management) as much as
technical capacity. Finally, we acknowledge the specific
methodological limitations associated with the analytical
strategy employed. While stratifying participants based
on a median split of overall race time was necessary to
facilitate a robust group-level comparison and avoid
pseudo-replication, we recognize that dichotomizing a
continuous performance variable may inherently result in
a loss of statistical power and obscure intermediate vari-
ability. Additionally, the resulting sub-group sizes (n=7
in the Fast Group and n =6 in the Slow Group), although
reflective of the exclusive nature of this elite cohort, war-
rant caution regarding the generalizability of the findings.

Conclusion

SPM analysis revealed discrete “race-critical clusters”—
brief course segments where instantaneous speed was
significantly correlated with performance, consistently
occurring in the same course locations across both clas-
sic and freestyle techniques. Within these clusters, the
faster skiers gained substantial time advantages. Second-
ary analyses showed clear differences in sub-technique
selection and kinematic profiles, suggesting that techni-
cal execution plays a critical role in these performance
gains. Coaches and performance staff may consider
integrating GNSS-based tracking, SPM, and wearable-
derived technique analysis into race evaluation to move
beyond traditional split times and focus training on the
most decisive segments of the course.
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Practical application

This study highlights several race-critical clusters in
a Skiathlon race and provides actionable insights for
coaches and athletes aiming to optimize race strategies
and performance.

First, uphill segments, especially steep climbs, were
consistently linked to the greatest time gains or losses
between skiers in both classic and freestyle segments.
This reinforces the importance of targeted uphill train-
ing, with a focus on both sub-technique selection and
kinematic efficiency (e.g., maximizing cycle length and
frequency under load). Steep climbs may serve as tactical
breaking points where well-timed high-intensity efforts
can separate competitors.

Second, race-critical clusters at the transition from
uphill to downhill terrain suggest that skiers who main-
tain propulsion over the crest, rather than easing off, can
carry valuable momentum into descents. Coaches should
therefore prioritize high-intensity specific strength train-
ing on competition-specific terrain to maximize the
transfer of technical gains to race performance.

Third, the identification of a race-critical cluster on
a downhill turn highlight that even small speed differ-
ences in technical sections can be decisive. Although
the absolute time differences within the turn were mod-
est, their consistency across laps indicates their poten-
tial impact on race positioning and accumulated time.
Coaches should therefore include downbhill turning drills
that focus on maintaining speed and control through
tight curves, especially under race fatigue, reinforcing
that downhill technique is not only for recovery but also
a source of competitive advantage.

Fourth, the presence of a race-critical cluster on flat
terrain (14 F) underscores the need to maintain technical
efficiency during high speed. Training should therefore
include flat-section intervals under fatigued conditions,
focusing on sustaining effective DP or G4 mechanics.

Finally, this study demonstrates the value of combin-
ing GNSS-based performance tracking with SPM and
secondary technique analysis to pinpoint where and
how time differences emerge. Coaches and performance
staff may consider integrating similar approaches into
race analysis to move beyond traditional split times and
instead focus training on the most consequential por-
tions of the course.
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