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ABSTRACT

Wearable sensors, such as inertial measuring units (IMUs), enable biome-
chanical analyses of running in real-world conditions. While the effects of
running speed on joint kinetics and ground reaction forces (GRFs) have been
extensively studied in laboratories, field-based evidence remains scarce. This
study used IMU data and machine learning to analyze the influence of differ-
ent endurance running speeds on lower-limb joint moments and GRFs during
outdoor running. First, a convolutional neural network (CNN) was trained and
validated to estimate ipsilateral GRFs and lower-limb joint moments from
three IMUs (foot, shank, pelvis) using an independent dataset. The model was
then applied to predict these metrics for twenty-nine recreational runners
performing an incremental speed protocol on a 400 m outdoor track, while
wearing IMUs at the same locations. Speed differences were analyzed using
statistical parametric mapping (SPM) methods. Running speed affected all
kinetic parameters during most of the stance phase. While GRFs, ankle and
hip moments increased significantly across all speed increments, knee
moments were mostly unaffected by speed increases beyond 10 km/h. These
findings suggest that reducing running speed may help mitigate ankle- and
hip-related loading, which could be relevant for injury prevention. The
observed speed-dependent effects on running kinetics were consistent with
laboratory-based findings, reinforcing the validity of our approach and sup-
porting the feasibility of IMU-based methods for biomechanical analysis in

OPENaACCESS

Vol. 11(3) | DOI 10.36950/2026.3ciss004


https://doi.org/10.36950/2026.3ciss004
https://creativecommons.org/licenses/by-nc/4.0/legalcode
https://creativecommons.org/licenses/by-nc/4.0/legalcode

Running speed modulates joint kinetics and ground reaction forces during outdoor running: a

L. Hoschler et al.

wearable sensor study

ecological conditions. This study demonstrated the potential of wearable
sensors and machine learning to complement traditional lab-based methods
and enhance our understanding of running biomechanics in real-world set-

tings.
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Introduction

Wearable sensor technology, including inertial mea-
suring units (IMUs) and pressure insoles, has the
potential to transform running biomechanics research
by providing a cost-effective and portable alternative
to traditional motion-capture systems and force plates
(Benson et al., 2022; Blazey et al., 2021; Lee & Lee,
2022; Mundt, 2023; Weygers et al., 2020). These sen-
sors allow for biomechanical assessments in real-
world conditions, enabling studies on parameters such
as ground reaction forces (GRFs) and joint moments
outside the laboratory. Their ability to continuously
capture 3D movement data over extended periods can
help provide valuable insights for athletes, coaches,
and medical professionals. Additionally, they can
enhance lab-based research by enabling data collec-
tion in unsupervised, ecological settings (Davis et al.,
2024; Plesek et al.,, 2024). However, despite these
advantages, many IMU-based studies remain confined
to controlled lab environments, limiting their full
potential for real-world running analysis (Benson et
al., 2022).

To fully leverage the potential of wearable sensors
outside the laboratory, accurate methods are needed
to estimate kinetic parameters such as joint moments
and GRF time-series directly from sensor data. Such

kinetic data are critical for monitoring mechanical load
and identifying injury risks (Stefanyshyn et al., 2006),
making them highly relevant for both performance
optimization and preventive strategies. In recent years,
significant progress has been made in developing
methods that combine IMU data with advanced mod-
eling techniques, such as physics-based methods (e.g.,
optimal-control simulations) (Dorschky et al., 2019,
2025) and machine learning (ML) (Carter et al., 20243,
2024b; Hoschler et al., 2024; Hoschler, Halmich,
Schranz, Fritz, et al., 2025; Hossain et al., 2023; Liew
et al., 2021; Mundt et al., 2020; Stetter et al., 2020).
Validation results against lab-based reference systems
have demonstrated excellent accuracy for sagittal
plane joint moments as well as vertical and antero-
posterior GRFs (Carter et al., 2024a; Hossain et al.,
2023), with slightly lower accuracy for kinetics in the
minor planes (Hoschler et al., 2024; Hoschler, Halmich,
Schranz, Fritz, et al., 2025; Mundt et al., 2020; Stetter
et al., 2020). Despite these promising results, their
application to real-world outdoor running conditions
remains limited.

So far, field studies in running with wearables have pri-
marily focused on kinematics (Debertin et al., 2024;
Fraeulin et al., 2021; Genitrini et al., 2023, 2024; Zren-
ner et al., 2020), spatio-temporal parameters (Davis et
al., 2024; Delong Lempke et al., 2024, 2025; Genitrini
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et al.,, 2023, 2024; Hollis et al., 2021; Kozinc et al.,
2024; Long, Outerleys, et al., 2023), or indirect kinetic
proxies (Delong Lempke et al., 2024, 2025; Gregory
et al.,, 2019; Kozinc et al., 2024; Long, Outerleys, et
al., 2023) rather than kinetic time-series data. While
these approaches provide valuable insights, their abil-
ity to assess mechanical load, injury mechanisms, or
detailed kinetic profiles is limited. Existing studies typ-
ically rely on commercially available IMU-based sys-
tems, commonly reporting a combination of discrete
kinetic metrics, spatio-temporal parameters, and IMU-
derived measures. For instance, some wearables esti-
mate running power or peak impact forces, providing
a simplified representation of mechanical Lload
(Cerezuela-Espejo et al., 2020; Jaén-Carrillo et al.,
2020). Others focus on spatio-temporal parameters
such as step frequency, ground contact time, and stride
length, which are widely used to assess running per-
formance and efficiency (van Hooren et al.,, 2024).
Additionally, some studies extract IMU-derived met-
rics, such as sample entropy or acceleration variance,
as indicators of movement variability and neuromus-
cular control (Harrison et al., 2024). Although these
metrics offer valuable insights, they have fundamental
limitations. Discrete kinetic values, like estimated run-
ning power, do not capture the full complexity of joint
loading across the stride cycle. Spatio-temporal para-
meters, though useful for monitoring performance
trends, do not provide direct information on joint
moments or GRFs. Similarly, IMU-derived variability
measures describe movement stability but cannot
replace traditional force-based assessments. Critically,
none of these approaches provide kinetic time-series
data, meaning they possibly lack the resolution to ana-
lyze joint synergies, mechanical load distribution, or
injury-related biomechanical patterns (Pataky et al.,
2015).

One of the most direct modulators of mechanical load
during running is running speed. Since repeated high
joint loads accelerate tissue microdamage via mechan-
ical fatigue and reduce load capacity over time, under-
standing how speed affects joint kinetics is crucial
for preventing overuse injuries and guiding training

adaptations (Hamstra-Wright et al., 2021). Laboratory
studies have consistently shown speed-related effects
on kinetic parameters. At endurance running speeds
(below 5 m/s), GRFs increase linearly (Dorn et al.,
2012; Nilsson & Thorstensson, 1989; Pataky et al.,
2013). Similarly, ankle moments increase, but with
greater magnitude than knee moments, where the
effect diminishes at higher speeds (Arampatzis et al.,
1999; Dorn et al.,, 2012; Schache et al., 2011). Hip
kinetics findings are less consistent—some studies
report increased moments, particularly during swing
rather than stance (Dorn et al., 2012; Fukuchi et al.,
2017), while others have found no differences between
speed conditions (Orendurff et al., 2018). While these
studies show speed related effects on running kinetics
in controlled conditions, evidence from real-world run-
ning environments remains limited. Two field studies
using commercially available
reported speed-dependent changes in spatio-temporal
metrics (Hollis et al., 2021; Kozinc et al., 2024) and
discrete IMU-derived load proxies (Hollis et al., 2021),
but comprehensive analyses of continuous joint

IMU systems have

moment and GRF time-series in ecological running
conditions are still lacking.

Therefore, the aim of this study is to bridge the gap
between laboratory-based kinetic analysis and real-
world running by applying wearable sensor-based ML
methods to estimate joint moment and GRF time-
series during outdoor running at different running
speeds. First, we train and validate a convolutional
neural network (CNN) to estimate GRFs and lower-
body joint moments from IMU data. We then apply
this model in a field study to examine how increasing
running speed influences these kinetic variables under
real-world conditions. Focusing on running speed as
a primary modulator of mechanical load, we specifi-
cally investigate how increases in running speed affect
lower-body joint kinetics and GRFs.
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Methods

Machine Learning

We developed and trained a CNN with eight 1D con-
volutional layers to estimate 12 kinetic time-series
metrics (3D joint moments of ankle, knee and hip, as
well as 3D GRFs) from IMU data. The training dataset
consisted of synchronized IMU (3D accelerometer and
gyroscope signals) and lab-based reference kinetic
data from 24 recreational runners across various tread-
mill running conditions, including different footwear,
slopes (0 £ 5 % incline), and speeds (7-14 km/h), as
described in detail in Hoschler, Halmich, Schranz, Fritz,

Only the data from three sensors (foot, shank, pelvis)
were used for the prediction of ipsilateral running
kinetics (i.e., left foot, left shank and pelvis IMU were
used for predicting left side joint moments and GRFs).

To improve numerical stability, all input signals and
reference metrics were normalized using z-score nor-
malization with fixed mean and standard deviation
values computed across the dataset. The loss function
L (1) computed the grand mean of the root mean
square error (RMSE) across all 12 outputs j between
predicted (¥) and reference (y) time series with i sam-

ples (2).

12
et al. (2025). I % Z RMSE(j;, ;) "
Input data came from five lower-body IMUs attached at =
following locations: bilateral dorsal foot (on top of the
shoelaces), bilateral shank (approx. midpoint between
ankle and knee on the tibia), and pelvis (approx. mid-
point between the posterior superior iliac spines). Pre- 1 &
vious results have shown that these locations provide RMSE = G Z(-@t —yt)? )
the highest accuracy for knee moment estimation =1
(Hoschler, Halmich, Schranz, Koelewijn, et al., 2025).
Table 1
Optimized Hyperparameters of the Convolutional Neural Network
Architecture
Parameter Search Space Layers
Input Layer 2 Aux1l Aux2 Layer5 Layer 6 Layer 7 Output
In Channels {8, 16, 32, 64,128,256} 182 256b 32+2¢ 326 32b 560  )56b  128P
Out Channels {8, 16, 32, 64, 128, 256} 256 32 32 32 256 256 128 12¢
Kernel Size {7, 15, 27, 51} 7 15 1d 1d 51 51 15 51
Training Parameters

Parameter Search Space Value
I min {0.0001, 0.001} 1.1 x 104
I o {1:10} x Ur i 3.4 %10
Epochs {25:50} 50
Batch Size {8, 16, 32, 64, 128, 256} 8
Noise ratio {0, 0.05, 0.1, 0.2} 0
Dropout ratio {0,0.1, 0.2, 0.3} 0.2
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Architectural parameters and search spaces are displayed for the eight 1D convolutional layers (Input, Layer 2,
Aux 1, Aux 2, Layer 5, Layer 6, Layer 7, Output). For each layer, the number of input channels, output channels
and the kernel size were optimized. Additionally, the values and search spaces for training parameters are dis-

played.

@ The number of input channels of the Input layer were fixed to 18 (3 sensor locations x 6 input signals - 3D

accelerations and angular velocities).

b The number of input channels had to match the number of output channels of the previous layer.

¢ Two dimensions were added to the first auxiliary layer (Aux 1) to incorporate additional information of the

running slope.

d The kernel size of the auxiliary layers was fixed to 1.

€ The number of output channels of the output layer was fixed to 12 (to output 3D ankle, knee, and hip

moments plus 3D GRFs).

The model was trained on continuous data including
stance and flight phases using a sliding window
approach. A window length of 1 s with 30 % overlap
resulted in the best performance during pilot testing.
Optimal model architecture and training parameters of
the CNN model (Table 1) were found through Bayesian
hyperparameter optimization using a Tree-structured
Parzen Estimator (TPE) sampler implemented in the
Optuna package for Python (Akiba et al., 2019).

Model Validation

To ensure an independent performance evaluation of
the CNN, the dataset was randomly split into a training
set (20 participants) and a test set (4 participants)
as recommended (Halilaj et al., 2018). During hyper-
parameter optimization, a three-fold cross-validation
was applied within the training set. After optimization,
the model was trained on the training set and evalu-
ated on the separate test set. Model performance was
assessed by root mean square error (RMSE), normal-
ized RMSE (nRMSE, relative to the value range in the
reference data) and intra-class correlation (ICC, two-
way mixed effects, absolute agreement, single mea-
surement (Koo & Li, 2016; Pini et al., 2022)). ICC val-
ues above 0.9, above 0.75, above 0.5, and below 0.5
were interpreted as ‘excellent”, “good”, “moderate”, and
“poor” agreement (Koo & Li, 2016). Performance met-

rics were computed for each running condition
(defined by the combination of subject, shoe, slope,
speed, and side) over the entire condition (CONT) and
specifically during stance phases (PHSS) (Hoschler,
Halmich, Schranz, Fritz, et al., 2025). For each of the
four test participants, mean performance was obtained
by averaging across all their respective condition-level

metrics.

Participants

Twentynine recreational runners were recruited for the
field study (participant characteristics are summarized
in Table 2), none of whom were part of the dataset
to train the CNN. Inclusion criteria matched those of
the training dataset (Hoschler, Halmich, Schranz, Fritz,
et al.,, 2025): age 18-40 years, running experience
2 2 years, 2 1 training session per week, no injuries
in the past three months, and no acute or chronic
musculoskeletal or neurological conditions. An addi-
tional criterion was the absence of hearing impairment
because auditory cues were used to regulate running
speed during trials. All participants provided written
informed consent, and the experimental procedures
were approved by the University of Salzburg’s ethics
committee (EK-GZ 32/2024).
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Table 2

Participants’ Anthropometric and Running-Related Characteristics

Sex Age Height Mass Weekly distance  Running Experience
[years] [em] [kal [km] [years]
Male (14) 27 (5) 21-37 179 (6) 170-188 72 (8) 61-88 30 (38) 6-160 13 (8) 2-25
Female (15) 26 (5) 18-38 166 (7) 153-181 60 (8) 45-70 15 (5) 5-25 13 (7) 3-30

Displayed are mean (bold), standard deviation (in brackets), and the range from minimum to maximum.

Wearable Sensors and Data Collection

Wearable instrumentation included five wireless light-
weight IMU sensors (Wave Track, Cometa, Milano, Italy)
with measuring ranges of * 16 g (3D accelerometer)
and * 2000°/s (3D gyroscope) at 2000 Hz sampling
rate. The sensors were calibrated prior to testing to
remove any systematic offset according to the man-
ufacturer’s instructions. The sensors were attached to
the participants’ bilateral dorsal foot, bilateral shank,
and pelvis using tape and elastic bandages.

The data collection was conducted at an outdoor track-
and-field stadium with a 400 m tartan track. After
attaching the sensors, the participants completed a
warm-up of 800 m running at self-selected speed. The
study protocol consisted of six consecutive laps, each
at a progressively increasing speed (Table 3). Partic-
ipants started running at 8 km/h in the first lap and

Table 3
Overview of the Study Protocol

increased their speed by 1 km/h per lap, reaching
13 km/h in the final lap. This speed range was well
represented in the training set of the ML model
(7-14 km/h), (Hoschler, Halmich, Schranz, Fritz, et al.,
2025). Running speed was controlled using cones
placed on the track every 50 meters, which the partic-
ipants had to reach in a certain time interval. The time
intervals were indicated by auditory cues from a wrist-
worn watch (Forerunner 245, Garmin, Schaffhausen,
Switzerland). A continuous countdown displayed the
remaining time to reach the next cone, with the final
five seconds of each interval indicated by additional
beeps. Participants were instructed to maintain a con-
stant pace within each lap. Except for one participant
who was unable to maintain the required 13 km/h on
the last lap, all participants completed the protocol
and reported that they had no difficulty following the
speed targets.

Lap Accumulated Distance Target Speed Target Speed Time Intervala 50 m Elapsed Time

[m] [km/h] [m/s] [s] [s]
1 400 8 2.2 23 184
2 800 9 2.5 20 344
3 1200 10 2.8 18 488
4 1600 11 3.1 16 616
5 2000 12 3.3 15 736
6 2400 13 3.6 14 848

The study protocol consisted of 6 laps a 400 m, with speed increases by 1 km/h every lap. The first lap was run

at 8 and the last lap at 13 km/h.

CISS 11(3), 2026

Article 004 | 6



Running speed modulates joint kinetics and ground reaction forces during outdoor running: a

L. Hoschler et al.

wearable sensor study

In addition to this one participant dropping out, six
participants experienced sensor loss or malfunction
affecting at least one sensor at some point of the pro-
tocol, resulting in partial data loss. Four participants
lost data from a single foot or shank sensor, but as
the sensors of unaffected side remained intact, their
unilateral data were retained for analysis. Two partic-
ipants (1 M, 1 F), however, experienced failure of the
pelvis sensor, which is essential for estimating kinet-
ics on both sides. As a result, these participants were
excluded from the analysis. The remaining dataset
contained 22 participants with bilateral data and four
with unilateral data only.

Data Processing

After exporting the 3D acceleration and gyroscope
data from the IMUs’ onboard memory, the recordings
were sliced to a total duration of 848 seconds
(8 x 50 m time intervals of 23, 20, 18, 16, 15, and 14 s,
Table 2) removing any data before the start and after
the completion of the protocol. Visual inspection of
raw signals confirmed consistent signal quality and no
substantial drift. Data processing followed Hoschler,
Halmich, Schranz, Fritz, et al. (2025) and was imple-
mented in Python using PyTorch, pandas, NumPy, and
SciPy. IMU data were down-sampled to 400 Hz and
low-pass filtered with a bi-directional second-order
Butterworth filter using signal-specific cut-off frequen-
cies (mean * standard deviation: 24 = 3.7 Hz; Yu et
al., 1999). The data were z-score normalized using the
same mean and standard deviation values as for the
training dataset.

For kinetic predictions, a pre-trained instance of the
validated CNN was loaded into a Python environment
and initialized using the state dictionary containing
the pretrained weights and bias terms for all layers.
The preprocessed IMU data were segmented into
1-second windows and fed into the model to generate
time-series predictions of joint moments and GRFs
normalized to body mass. The predicted outputs were
then concatenated to reconstruct the full-length time
series and annotated with time indices, lap segments
(Turn 1, Straight 1, Turn 2, Straight 2), and running

speed. To ensure steady state running and to avoid
asymmetries due to curved running (Alt et al., 2015),
only data from the second straight segment of each lap
(final 100 m) were included in the analysis.

Gait events—initial contact (IC) and terminal contact
(TC)—were detected using a 20 N threshold of the pre-
dicted vertical GRF. The accuracy of this approach, val-
idated against force data from an instrumented tread-
mill, was -24 £ 22 milliseconds (ms) (mean * standard
deviation) for IC detection and 3 £ 14 ms for TC detec-
tion. Further details on the validation are provided in
the supplementary material (Appendix A.1). For each
participant and speed condition, individual steps, rep-
resenting stance phases from IC to TC, were extracted
from the continuous data.

The field dataset contained 13,516 individual steps. A
single step with an unrealistic stance time shorter than
100 ms was removed. All retained steps were time-
normalized to 101 data points. Outlier detection was
performed using functional boxplots (Gunning et al.,
2024), implemented in the scikit-fda Python package
(Ramos-Carreno et al., 2024), detecting steps where
any kinetic time-series metric (e.g., sagittal ankle
moment) exceeded the 1.5 times interquartile range
(Figure 1). In total, 2121 outlier steps (15.7 %) were
removed, evenly distributed across participants (range:
11-23%, SD: 3.7%). The remaining steps were aver-
aged with left and right-side data pooled together. The
resulting field dataset contained 156 observations (26
participants x 6 speeds) a 101 data points for each of
the 12 kinetic metrics.

Statistics

To analyze the influence of running speed on kinetics,
statistical parametric mapping (SPM) methods were
applied using the spm1d package in Python (Pataky,
2012). We used a one-way repeated-measures ANOVA
(RM-ANOVA) to identify phases of significant differ-
ences between running speeds and paired t-test for
post-hoc comparisons of all 15 speed pairs. The
thresholds of statistical significance were set to
p £0.05 and 0.0033 for RM-ANOVA and paired t-test
(Bonferroni corrected), respectively.
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Dorsiflex (+) / Plantarflex (-)

[Nm/kg]

-3.0

Boxplot
Outlier Steps
Inlier Steps

60 80 100

normalized Stance [%]

Figure 1 Detection of Outlier Steps Using Functional Boxplots

Representative example of sagittal ankle moment of a participant running at 10 km/h. Analogue to a classical
boxplot, the functional boxplot displays the median, upper and lower quartiles, as well as the 1.5 times
interquartile range (blue lines). The interquartile range (“box” in classical boxplot) is displayed as shaded blue.
Individual steps are displayed as dashed lines: inliers thin grey; outliers thick red.

The assumption of normality of residuals for RM-
ANOVA cannot be directly tested with only one mean
step per participant per condition. Therefore, we con-
ducted both parametric and non-parametric RM-
ANOVAs (10,000 iterations), which yielded highly con-
sistent results. For paired t-tests, normality was con-
firmed for all speed-pairs using the Shapiro-Wilk test.

Usage of Artificial Intelligence (Al) Tools

The following Al tools were used in the preparation of
the manuscript: OpenAl's ChatGPT (model GPT-4-turbo,
version June 2025, https://openai.com/) was used for
language refinement and clarity. DeepL Write (version
June 2025, DeepL SE, https://www.deepl.com/write)

was used to improve grammar and style. All outputs
were critically reviewed and edited by the authors to
ensure accuracy, originality, and alignment with the
research objectives.

Results

Model Validation

Predictions of vertical and antero-posterior GRFs
showed the highest agreement with reference data
(mean PHSS ICC = 0.98 and 0.97) and the lowest rel-
ative errors (NRMSE = 0.05 and 0.06). Medio-lateral
GRFs demonstrated lower agreement (ICC = 0.69) and
higher relative error (nRMSE = 0.19), as well as the
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largest variation between the four test participants
(PHSS ICC range: 0.47-0.86). RMSE was highest in the
vertical GRF component (mean PHSS = 1.09 N/kg).

For ankle moments, sagittal-plane predictions yielded
the highest agreement and lowest relative errors
(mean CONT ICC = 0.98; nRMSE = 0.03) and a mean
RMSE of 0.08 Nm/kg. Agreement was lower and rel-
ative errors were higher in the frontal and transverse
planes (ICC = 0.90 and 0.93; nRMSE = 0.05 and 0.04).
Agreement and accuracy decreased during PHSS, most
notably in the frontal plane (ICC =0.81; nRMSE = 0.17).
The sagittal plane showed the highest RMSE (mean
PHSS = 0.20 Nm/kg).

For knee moments, sagittal-plane predictions showed
highest agreement (mean CONT ICC = 0.97) and lowest
relative error (nRMSE = 0.03). Frontal and transverse
plane predictions showed lower agreement (ICC = 0.77
and 0.90) and higher relative errors (nRMSE = 0.07
and 0.04). During PHSS, transverse-plane agreement
remained high (ICC 0.86), whereas the frontal plane
showed lower agreement and higher relative errors
(ICC 0.63; nRMSE 0.24). The mean RMSE values during
PHSS were 0.18, 0.15 and 0.06 Nm/kg for sagittal,
frontal, and transverse plane, respectively. Frontal
plane predictions showed a large variation (PHSS ICC
range: 0.33-0.85)

For hip moments, agreement was higher and relative
error was lower in the sagittal and frontal planes
(mean CONT ICC = 0.85 and 0.89; nRMSE = 0.06 and
0.06) than in the transverse plane (ICC 0.58;
nRMSE = 0.07). During PHSS, agreement decreased
and relative error increased across all planes, espe-
cially in the sagittal and transverse plane (mean PHSS
ICC = 0.62 and 0.39; nRMSE = 0.17 and 0.20). Sagittal
plane predictions showed the highest RMSE (mean
PHSS = 0.34 Nm/kg) and large variation between par-
ticipants (PHSS ICC range: 0.52-0.81)

The complete validation results with the individual
values for the four test participants can be found in
Appendix A.2.

Influence of Running Speed

The results of the SPM analyses with RM-ANOVA and
post-hoc comparisons for GRFs and joint moments are
presented in Figure 2, Figure 3, Figure 4 and Figure 5
with continuous SPM F- and t-value plots provided in
Appendix A.3.

Three-dimensional GRFs showed a significant speed
effect during most of the stance phase. Vertical GRF
showed significant speed effects, including increases
in the peak region (p < 0.001), though the effect dimin-
ished at higher speeds. Anterior and posterior forces
exhibited similar
(p < 0.001). Almost all speed increments resulted in
significantly higher posterior forces, while anterior
forces increased with large effects across all incre-
ments. In the medio-lateral direction, lateral forces
during late stance differed significantly between all
speed increments. Medial forces during midstance
decreased at higher speeds, with small but significant
post-hoc differences observed only between 13 km/h
and speeds below 12 km/h.

pattern in their peak regions

For ankle moments, speed had a significant effect on
all three moment components throughout most of the
stance phase. Plantarflexion moment increased with
running speed (p < 0.001), with significant differences
between all speed increments. Higher speeds also
resulted in a delayed onset and steeper slopes of the
plantarflexion moment (p = 0.002). A similar pattern
was observed for inversion and external rotation
(p=0.007 and p = 0.003), accompanied by an earlier
drop in the inversion moment during late stance
(p < 0.001). Regions near the peak moments (i.e.,
40-60 % of stance) in all three planes were signifi-
cantly affected by speed, with significant differences
between almost all speed increments.

Running speed also significantly influenced knee
moments throughout most of the stance phase
(p < 0.001), with increased extension, abduction, and
internal rotation moments at higher running speeds.
However, the effects plateaued beyond 10 km/h, with
less pronounced differences between speed incre-
ments at faster speeds.
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Figure 2 Speed Influence on 3D Ground Reaction Forces

Mean ground reaction force time-series (normalized to body mass) for running speeds between 8
and 13 km/h. Grey shaded bands indicate areas of statistical significance (o < 0.05) of SPM repeated measures
ANOVA between the six running speeds. The horizontal dark bars below indicate areas of statistical significance
(a < 0.0033) for pairwise post-hoc comparisons between speed pairs using SPM paired t-test.

CISS 11(3), 2026 Article 004 | 10



L. Hoschler et al.

Running speed modulates joint kinetics and ground reaction forces during outdoor running: a

wearable sensor study

[Nm/kg]

8 vs.
8 vs.
8 vs.
8 vs.
9vs.
9vs.
9vs.
9vs.
10 vs.
10 vs.
10 vs.
11 vs.
11 vs.
12 vs.

Dorsiflex (+) / Plantarflex (-)

-8 km/h =+ 9km/h == 10km/h ==+ 11 km/h =—— 12km/h ==-+- 13 km/h

O ——— . . . . . -

p=0.002

-
0.‘

Post-Hoc Comparisons

gvs.o N |

10
1
12 1l
13
10
1 Il
12 1l
13 1l
1
121
13 Il
12
13
13

25 50 75 100

normalized Stance [%]

Inversion (+) / Eversion (-) internal (+)/ external Rotation (-)
0.0

0.0 = - —————— -0.6p=0.003 0 p=0.035
Post-Hoc Comparisons Post-Hoc Comparisons
H Il B I
| 1 Il . |
| ] Il B |
H Il B BN |
| Il EE N 1
[ [ | Il B
| [ Il B |
| [ Il B |
H Il B B i
H Il i |
| ] Il B i
| Il B BN |
| 1 | |
1 ] H B |
[ | | | |
0 25 50 75 100 O 25 50 75 100
normalized Stance [%] normalized Stance [%]

Figure 3 Speed Influence on 3D Ankle Moments

Mean ankle moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (a < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (a < 0.0033) for
pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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Figure 4 Speed Influence on 3D Knee Moments

Mean knee moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (o < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (a < 0.0033) for
pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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Figure 5 Speed Influence on 3D Hip Moments

Mean hip moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (a < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (o < 0.0033) for
pairwise post-hoc comparisons between speed pairs using SPM paired t-test. a*: p = 0.041, b*: p = 0.029, c*:
p = 0.005, d*: p = 0.046.

For hip moments, increasing running speed resulted  plane, higher abduction moments were observed dur-
in greater extension moments during early stance ing early and midstance at higher running speeds
(p < 0.001) and small but significant increases in flex-  (p < 0.001), with significant differences between all
ion moments during late stance (p < 0.001). Post-hoc  speed increments. The differences were more pro-
comparisons revealed significant increases in exten-  nounced at slower speeds (8-10 km/h) than at faster
sion moments at every speed increment. In the frontal ~ speeds. Rotational moment changes were more local-
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ized, with speed increases leading to significantly
higher external rotation moments in early stance and
greater internal rotation moments in late stance. The
effects were more pronounced below 10 km/h, dimin-
ishing at higher speeds.

Discussion

This study demonstrates the feasibility of using wear-
able sensors and machine learning to estimate con-
tinuous kinetic time-series during outdoor running,
enabling the analysis of speed effects on joint loading
under real-world conditions. To support this applica-
tion, we have first developed and validated a CNN
model for estimating GRFs and Llower-limb joint
moments from IMU data, using a previously collected
treadmill running dataset for model training. The
model achieves high accuracy and agreement across
most joints and movement planes. GRFs are predicted
with excellent agreement in the vertical and antero-
posterior directions and moderate agreement in the
medio-lateral direction, consistent with previous stud-
ies using wearable sensors and ML models (Carter et
al.,, 2024a; Honert et al., 2022; Wouda et al., 2018).
Ankle moments are estimated with good to excellent
agreement in all dimensions, aligning with prior find-
ings (Carter et al., 2024b; Liew et al.,, 2021; Long,
Pavicic, et al., 2023; Mundt et al., 2020; Zhang et al.,
2022). Knee moment predictions show high accuracy
and good to excellent agreement in the sagittal and
transverse plane, while frontal plane predictions are
less accurate and vary considerably between partici-
pants, confirming results from previous work (Carter et
al., 2024b; Hoschler et al., 2024; Hoschler, Halmich,
Schranz, Fritz, et al., 2025; Stetter et al., 2020). Hip
moment predictions, particularly in the sagittal and
transverse plane, are less accurate with only poor to
moderate agreement and considerable variation
between participants. These findings align with previ-
ous reports highlighting the difficulty of estimating hip
kinetics from IMU data (Carter et al., 2024b; Liew et
al., 2021). Overall, the model generalizes to multiple
joints and GRFs. However, the low performance from
some joints and dimensions (i.e., medio-lateral GRFs,

frontal plane knee moments, sagittal and transverse
hip moments), as well as the variability between par-
ticipants for some metrics, should be considered when
interpreting the model’s estimates. Overall, our results
demonstrate that ML models trained on wearable sen-
sor data can generalize well to estimate running kinet-
ics across multiple joints.

Building on this validated framework, we have applied
the trained CNN in a field study to examine how run-
ning speed modulates joint kinetics and GRFs during
outdoor running. Running speed significantly affects
all kinetic time-series, with higher speeds resulting
in greater joint moments and GRFs. This aligns with
lab-based findings (Dorn et al., 2012; Fukuchi et al.,
2017). Faster running results in increased GRFs, par-
ticularly in the vertical and anterior directions, due to
the greater push-off forces and longer aerial phases
required to increase step length at submaximal speeds
(Dorn et al.,, 2012). The increase in posterior force
likely results from a greater foot-to-center-of-mass
distance at ground contact, which increases braking
forces because the GRF vector is directed more pos-
teriorly relative to the body’s center of mass (Nilsson
& Thorstensson, 1989). These force patterns, in turn,
explain the increases in joint moments, following fun-
damental inverse dynamics principles where greater
external forces lead to greater internal joint forces and
moments (Selbie et al., 2004).

At the ankle, running speed increases lead to greater
net joint moments in all three planes. Previous studies
have demonstrated the important role of plantar flexor
muscles in generating the high forces required for
propulsion (Dorn et al., 2012; Fukuchi et al., 2017,
Orendurff et al., 2018). Consequently, the ankle joint
experiences the largest increase in loading compared
to hip and knee joint with speed. This relationship
has been linked to higher injury risks in the posterior
lower leg and plantar foot at faster running speeds
(Petersen et al., 2014). Additionally, our results also
show increased inversion and internal rotation
moments, as well as higher rates of moment change.
Since excessive eversion (pronation) movements have

been associated with injury development (Papagian-
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naki et al., 2020), these results may suggest that
higher speeds place greater demands on the ankle
joint and elevate injury risks. Runners with ankle-
related issues may benefit from running at slower
speeds to lower their joint loading.

Knee moments increase with increasing speeds up to
approximately 10 km/h and then plateau at higher
speeds. The additional force production required at
higher speeds appears to be increasingly handled by
the ankle plantar flexors rather than the knee exten-
sors (Petersen et al., 2014). This shift likely represents
an efficient strategy as shorter ground contact times
enhance elastic energy recycling in the Achilles tendon
(Abdelsattar et al., 2018), while the plantar flexors
work at favorable positions on their force-length and
force-velocity profiles (Dorn et al., 2012), allowing
for effective force production with minimal metabolic
cost (Fletcher & Maclntosh, 2015). Our findings align
with previous studies that also have reported no fur-
ther increase in knee moments at fast running speeds
(Fukuchi et al., 2017; Schache et al., 2011). This sug-
gests that running at faster speeds (> 10 km/h) places
similar mechanical demands on the knee joint.

Hip moments increase with speed, though the effects
in the non-sagittal planes diminish at higher speeds.
Our results align with Fukuchi et al. (2017), who have
found larger increases in 3D hip moments between
8.75 to 12.6 km/h than between 12.6 to 16.2 km/h.
However, other studies with similar speed range have
reported no significant speed effects on sagittal hip
moments (Orendurff et al.,, 2018). The increases in
frontal and transverse plane hip moments in our study
suggest greater stabilization demands at higher
speeds, though these effects level off beyond 10 km/h.

Overall, we have observed consistent increases in
GRFs, ankle moments, and sagittal hip moments with
speed, whereas knee and non-sagittal hip moments
increase  at speeds  but  plateau
beyond 10 km/h. This suggests that transitioning from
slow (< 10 km/h) to moderate (10 - 13 km/h) speeds
results mainly in greater ankle and sagittal hip load-
ing, while knee and non-sagittal hip moments remain

slower

unchanged. Slower running may provide an effective

strategy to reduce ankle and hip loading, potentially
lowering injury risks for recreational runners. The
observed effects of running speed on kinetics during
outdoor running align with previous lab-based find-
ings, building confidence in the wearable-based meth-
ods for real-world biomechanical assessments.

When applying trained ML models to new scenarios,
it is essential to consider whether model predictions
reflect true biomechanical patterns or are biased
toward the conditions under which the model was
trained (Halilaj et al., 2018). In our case, the model
has been trained on treadmill-based laboratory data,
which raises the question of whether the observed
speed effects in outdoor running genuinely represent
in-field biomechanics or are merely replications of lab-
based trends encoded in the training data. We
acknowledge this as a key limitation. However, several
factors support the validity of our approach. Prior
research has demonstrated strong biomechanical sim-
ilarities between treadmill and overground running
(van Hooren et al., 2020), and a comparison of IMU
signals at 10 km/h reveals high agreement between
treadmill and outdoor conditions (Appendix A.4). Fur-
thermore, the model reproduces well-known speed-
dependent trends in GRFs and joint moments and was
able to predict these effects from IMU data collected
under different (ecological) conditions, without provid-
ing speed data as input. This supports the model’s gen-
eralizability and suggests that it captures meaningful
biomechanical changes rather than reproducing train-
ing-set patterns.

To promote valid and generalizable predictions, sev-
eral aspects have been carefully controlled. We have
used consistent inclusion criteria, ensured identical
sensor placement, and covered a running speed range
that was well represented in the training data.
Nonetheless, caution is warranted when applying ML
models beyond their original domain. If sufficient simi-
larity between training and application data cannot be
ensured, transfer learning can offer a solution by fine-
tuning a pre-trained model to new conditions (e.g., dif-
ferent populations, environments, or movement tasks)
using a limited amount of additional data (Goodfellow
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et al., 2016). Alternatively, individualized models, par-
ticularly beneficial in high-performance settings, have
shown advantages in capturing subject-specific biome-
chanics and improving predictive accuracy (Honert et
al., 2022; Moghadam et al., 2023). Future work could
explore these approaches to further enhance model
accuracy and generalizability.

Furthermore, some predicted metrics show limited
reliability and substantial between-participant vari-
ability, specifically the medio-lateral GRFs, frontal
plane knee moments, sagittal and transverse plane
hip moments. Increasing training dataset size, either
through additional data collection, combining compat-
ible datasets, or applying data-augmentation strate-
gies (Halmich et al., 2025), may help improve and sta-
bilize generalizability for these metrics.

In addition, this study was conducted on a 400 m track
and analysis was restricted to straight-line running.
Although these conditions ensure consistency between
training and application conditions, which is a key
requirement for valid ML predictions, they do not fully
represent the variability encountered in unconstrained
outdoor running (e.g., uneven terrain, turns, variable
surfaces). Thus, the present findings should be viewed
as an intermediate step toward “real-world” running
analysis. Future work should extend model validation
and inference to more heterogeneous outdoor environ-
ments to evaluate robustness and ecological validity.

Beyond the considerations around model generaliz-
ability, further limitations should be noted. We have
not performed an SPM regression, which could have
provided a more detailed analysis regarding the mag-
nitude of speed effects. This decision has been guided
by our expectation of non-linear effects, particularly
for knee moments. Additionally, we have focused on
mean values across participants, which creates a “non-
existing” time-series that may obscure individual vari-
ations in biomechanical responses to speed changes.
To address this, we repeated the RM-ANOVA analysis
using 20 randomly selected steps per condition and
participant. The resulting significant regions were
highly consistent with the averaged-step analysis and
interpretations

all biomechanical remained

unchanged. These results are provided in Appendix
A.5. Future research could examine inter-individual
differences and explore subgroup analyses based on
factors such as sex, running experience, or physiologi-
cal responses (e.g., heart rate).

Conclusion

This study demonstrates that increasing running speed
significantly affects lower-body joint kinetics and GRFs
during outdoor running. Our results align with previ-
ous laboratory-based findings, confirming that higher
speeds lead to increased joint loading, particularly at
the ankle and hip, while knee loading plateaus beyond
10 km/h. These findings provide insights into the
mechanical demands of running at different speeds
and suggest that runners aiming to reduce joint
stress—especially at the hip and ankle—may benefit
from running at slower speeds. This is specifically
important in the case of local pain and rehabilitation
phases.

Beyond its biomechanical contributions, this study
demonstrates the potential of wearable sensors and
ML-based methods as a complement to lab-based
measurements for analyzing running during controlled
outdoor conditions. This approach is cost-effective,
scalable, and enables extended data collection during
regular training sessions. Such long-duration measure-
ments open opportunities for future research on
fatigue, injury risk, individual responses to training,
and potentially real-time monitoring of joint loading.
These methods also provide a foundation for longitu-
dinal studies aimed at understanding how load distrib-
ution changes over time and how these changes relate
to injury development and prevention. As ML mod-
els continue to improve and training datasets become
more diverse, they may help shift the study of running
mechanics from isolated lab-based snapshots toward
more continuous and ecologically valid evaluations in
real-world environments.
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A Appendix

A.1 Gait Event Detection

The detection of gait events —initial contact (IC) and terminal contact (TC)— is essential to separate continuous
time-series data into individual steps. In laboratory studies, typically a 20 N threshold of the vertical GRF is used.
In the absence of measured force data during outdoor running, we applied the 20 N threshold to the estimated
vertical GRF data using IMU data and the trained ML model.

To validate this approach, we compared IC and TC events detected from the estimated GRF to ground-truth events
from an instrumented treadmill. An ML model was trained on the training dataset containing data from 20 par-
ticipants to estimate 3D GRFs and lower-limb joint moments. Performance was tested using an independent test
set of four participants, covering 27 running conditions per participant with variations in footwear (n=3), speed
(self-selected = 1 km/h), and treadmill slope (level # 5 % inclination). Steps with stance times shorter than 100 or
longer than 500 ms were discarded. In total, 14,358 bilateral steps were analyzed.

The accuracy of event detection was —24 = 22 milliseconds (ms) for IC and 3 = 14 ms for TC (mean * standard devi-
ation). Estimated stance times were 27 £ 26 ms longer than the ground truth, as IC was systematically detected
earlier, while TC detection was nearly perfect (Supplementary Figure 6).
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Figure 6 Gait Event Detection Accuracy

Detection accuracy of initial contact (IC, blue) and terminal contact (TC, orange) using a 20 N threshold of the
estimated vertical GRF compared against the ground truth reference from the instrumented treadmill (grey).
Boxes show the upper and lower quartiles as well as the median, with whiskers indicating the 1.5 times
interquartile range. Smaller values than the ground truth represent a premature event detection.

These results are consistent with previous IMU-based gait detection studies. Bernhart et al. (2022) reported a
-51 ms median error in ground contact time using a pelvis-mounted IMU during walking. For running, Benson
et al. (2019) evaluated multiple algorithms with foot- and pelvis-mounted IMUs, reporting mean errors of -15 to
50 ms for IC and 20 to 30 ms for TC compared to force plate data. Our results fall within this range, supporting
the validity of the proposed approach.

A.2 Model Validation Results

The full results of the performance evaluation of the extended model by intra-class correlation (ICC), root mean
squared error (RMSE) and normalized RMSE (nRMSE) are provided in Supplementary Tables 4, 5 and 6.
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.\_MN_WWMQ& Correlation (ICC) Between Estimated and Ground-Truth Kinetics
Metric Dimension  CONT PHSS
TP1 P2 TP3 P4 mean TP1 P2 TP3 P4 mean

vertical Ao.%%wos a.oo%moe am%m.oe a.oo%mog a.oo%wos a.%%wo@v a.%mwoe a.@o%woe Ao.%%m.oov 0.98 (0.92-0.99)
GRF AP a.%%moov a.%%m.@@v 6.%%%.@3 a.%%m.@@v o.o.w.m% ? a%mm@ov a.%%mog a.%%w.@ov a.oo%moov 0.97 (0.88-0.99)
ML a.%%m.od a.wo%w.@: a%%moe a%%wou a.%m.wwos a.%%m.ﬁv a.%%m&v a.wo%w.oe a%mwmmv 0.69 (0.30-0.89)
sagittal a.oo%woe a.%m%.os Ao.%mm.oe a.oo%m.@s a.oo%wos a.%%m.@@v a.%%m.os a.oo%woe a.%%m.o@ 0.96 (0.90-0.99)
Momant  frontal a%%m.od Ao.%mm@e a.%mm.os a.%%m.@mv 8.%%%.03 a%%m.ﬁv a.%%m.oc Ao.%mm.@e a.%mm.os 0.81 (0.55-0.95)
transverse Ao.%%w.o& a.%%m.omv Ao.%%m.oov a.%%%.omv Ao.%%w.os a%%m.omv Ao.%%w.o@ a.%%momv a.%mm,.od 0.89 (0.78-0.97)
sagittal 6.%%%.@3 a.%%w@e Ao.%%w.@s a.%%w@s a.%%w.os a%%m.@g Ao.%%m.o@ a.%%w@g a.%mw@mv 0.96 (0.85-0.99)
Moment  frontal Ao.%%mod a.%%m.oc Ao.%%m.omv a.%%w.@s a.mo%w.oe a.%mw.@s Ao%mwus Ao.%m.wwo@ Ao%%wév 0.65 (0.41-0.87)
transverse e.w%wod Ao.%%m.oc Ao.%%u.omv a.%%wo@ 8.%%%.@3 a.%%womv Ao%%%.m@ a.%%wo@v Ao%%womv 0.86 (0.67-0.95)
sagittal a.w%woe a.%%m.@s a%wmwmwv a.%%w.@: a.%wmom.oc a%m.m..%umv Ao.%ww.%v a%%wue a.No%mdv 0.62 (0.46-0.78)
Monent  frontal a.%%m.o@ a.%mw.@u a.%%m.omv a.%mm.omv Ao.%w.mw.os a.%%m.ﬁv a.@.mw%v a.%%w.@c a.wm.wm.@u 0.85(0.71-0.92)
cransverse . 061 0.62 0.53 0.59 0.58 0.41 0.49 0.32 039 (39(0.13-072)

(0.44-0.76) (0.44-0.72) (0.36-0.70) (0.34-0.77) (0.40-0.74) (0.18-0.69) (0.25-0.61) (0.07-0.56) (0.02-0.70)

Intra-Class Correlation (ICC) between the ML model’s estimation and ground-truth reference for 3D lower-limb joint moments and ground reaction forces
(GRFs). Displayed are the mean and 95 % confidence intervals for individual test-set participants (TP1-4) and the mean across them (bold). CONT: continuous

predictions during stance and swing phases, PHSS: predictions during stance phases only. AP: antero-posterior, ML: medio-lateral.
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Table 5
Root Mean Square Error (RMSE) Between Estimated and Ground-Truth Kinetics
Metric Dimension CONT PHSS
TP1 TP2 TP3 TP4 mean TP1 TP2 TP3 TP4 mean
vertical 047 0.36 0.35 0.58 0.45 1.18 0.85 0.81 141 1.09
(0.28-1.04) (0.22-0.64) (0.21-0.65) (0.38-0.85) (0.35-0.58) (0.64-2.70) (0.50-1.60) (0.46-1.63) (0.85-2.22) (0.81-1.41)
GRF AP 0.10 0.09 0.08 0.10 0.09 0.25 0.23 0.19 0.24 0.22
[N/kg] (0.06-0.20) (0.07-0.11) (0.06-0.14) (0.07-0.03) (0.08-0.10) (0.15-0.52) (0.16-0.28) (0.13-0.35) (0.17-0.35) (0.19-0.25)
ML 0.07 0.11 0.07 0.09 0.08 0.19 0.28 0.17 0.23 0.21
(0.05-0.12) (0.06-0.17) (0.05-0.10) (0.05-0.14) (0.07-0.11) (0.12-0.31) (0.15-0.43) (0.12-0.25) (0.13-0.37) (0.17-0.28)
saqittal 0.08 0.08 0.06 0.11 0.08 0.20 0.20 0.14 0.26 0.20
9 (0.05-0.14) (0.06-0.11) (0.03-0.12) (0.07-0.17) (0.06-0.11) (0.12-0.36) (0.13-0.28) (0.07-0.28) (0.16-0.41) (0.14-0.26)
7%%_.__“%3 frontal 0.04 0.04 0.02 0.04 0.03 0.10 0.11 0.06 0.09 0.09
[Nm/kg] (0.02-0.08) (0.03-0.07) (0.02-0.04) (0.02-0.06) (0.02-0.04) (0.05-0.20) (0.07-0.18) (0.03-0.09) (0.05-0.15) (0.06-0.11)
transverse 0.02 0.02 0.02 0.03 0.02 0.06 0.04 0.06 0.08 0.06
(0.01-0.04) (0.01-0.02) (0.01-0.03) (0.01-0.05) (0.02-0.03) (0.03-0.10) (0.03-0.06) (0.03-0.08) (0.03-0.14) (0.04-0.08)
saqittal 0.08 0.09 0.07 0.10 0.09 0.17 0.19 0.12 0.22 0.17
9 (0.06-0.14) (0.06-0.13) (0.05-0.15) (0.07-0.14) (0.07-0.10) (0.11-0.32) (0.11-0.28) (0.09-0.31) (0.12-0.31) (0.12-0.19)
_,\__wﬁma frontal 0.06 0.07 0.07 0.09 0.07 0.12 0.15 0.13 0.19 0.15
[Nm/kg] (0.04-0.09) (0.05-0.10) (0.04-0.09) (0.05-0.13) (0.06-0.09) (0.07-0.19) (0.08-0.22) (0.07-0.18) (0.10-0.31) (0.13-0.19)
transverse 0.04 0.05 0.04 0.04 0.04 0.06 0.09 0.04 0.06 0.06
(0.03-0.06) (0.04-0.07) (0.02-0.05) (0.03-0.05) (0.04-0.05) (0.04-0.11) (0.06-0.13) (0.02-0.07) (0.04-0.09) (0.04-0.09)
saqittal 0.23 0.19 0.26 0.19 0.22 0.39 0.27 0.42 0.24 0.34
9 (0.19-0.30) (0.15-0.24) (0.21-0.33%3) (0.16-0.22) (0.19-0.26) (0.30-0.51) (0.20-0.35) (0.35-0.52) (0.17-0.30) (0.24-0.42)
Zn_v.__rvm:ﬁ frontal 0.17 0.18 0.22 0.15 0.18 0.23 0.24 0.32 0.21 0.25
[Nm/kg] (0.13-0.23) (0.15-0.22) (0.16-0.28) (0.12-0.18) (0.15-0.22) (0.17-0.37) (0.19-0.34) (0.21-0.47) (0.16-0.25) (0.21-0.32)
transverse 0.07 0.07 0.11 0.06 0.08 0.11 0.10 0.17 0.07 0.11
(0.06-0.09) (0.05-0.09) (0.08-0.14) (0.05-0.07) (0.06-0.11) (0.09-0.13) (0.07-0.16) (0.10-0.24) (0.05-0.11) (0.07-0.17)

Root mean square error (RMSE) between the ML model’s estimation and ground-truth reference for 3D lower-limb joint moments and ground reaction forces
(GRFs). Displayed are the mean and 95 % confidence intervals for individual test-set participants (TP1-4) and the mean across them. CONT: continuous pre-
dictions during stance and swing phases, PHSS: predictions during stance phases only. AP: antero-posterior, ML: medio-lateral.
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Table 6
Normalized Root Mean Square Error (nRMSE) Between Estimated and Ground-Truth Kinetics
Metric Dimension CONT PHSS
TP1 TP2 TP3 TP4 mean TP1 TP2 TP3 TP4 mean
vertical 0.02 0.01 0.01 0.02 0.02 0.05 0.04 0.04 0.06 0.05
(0.01-0.06) (0.01-0.02) (0.01-0.0%3) (0.01-0.04) (0.01-0.04) (0.04-0.17) (0.04-0.07) (0.03-0.09) (0.04-0.10) (0.04-0.11)
GRF AP 0.02 0.02 0.01 0.02 0.02 0.07 0.06 0.04 0.06 0.06
(0.01-0.07) (0.01-0.02) (0.01-0.04) (0.01-0.0%3) (0.01-0.04) (0.03-0.21) (0.02-0.08) (0.02-0.10) (0.04-0.09) (0.03-0.12)
ML 0.03 0.05 0.03 0.04 0.04 0.13 0.26 0.16 0.23 0.19
(0.02-0.05) (0.02-0.08) (0.02-0.05) (0.02-0.07) (0.02-0.06) (0.08-0.21) (0.13-0.41) (0.11-0.26) (0.12-0.35) (0.11-0.31)
sagittal 0.02 0.03 0.02 0.04 0.03 0.07 0.08 0.05 0.11 0.08
(0.01-0.06) (0.02-0.04) (0.01-0.04) (0.02-0.06) (0.02-0.05) (0.04-0.17) (0.05-0.11) (0.03-0.11) (0.06-0.18) (0.02-0.14)
Ankle frontal 0.06 0.04 0.03 0.05 0.05 0.22 0.14 0.10 0.19 0.17
Moment (0.03-0.14) (0.03-0.06) (0.02-0.06) (0.02-0.09) (0.02-0.09) (0.09-0.51) (0.11-0.20) (0.05-0.20) (0.08-0.35) (0.02-0.31)
transverse 0.04 0.03 0.03 0.05 0.04 0.12 0.09 0.12 0.17 0.13
(0.02-0.06) (0.02-0.04) (0.02-0.05) (0.02-0.10) (0.02-0.06) (0.05-0.21) (0.07-0.13) (0.05-0.19) (0.06-0.32) (0.02-0.21)
sagittal 0.03 0.04 0.02 0.03 0.03 0.07 0.10 0.05 0.08 0.07
(0.02-0.07) (0.02-0.06) (0.02-0.05) (0.02-0.05) (0.02-0.06) (0.05-0.20) (0.06-0.17) (0.04-0.12) (0.05-0.13) (0.05-0.15)
Knee frontal 0.05 0.09 0.04 0.10 0.07 0.15 0.39 0.12 0.36 0.24
Moment (0.03-0.08) (0.04-0.16) (0.02-0.07) (0.05-0.16) (0.04-0.12) (0.05-0.27) (0.17-0.68) (0.07-0.22) (0.14-0.70) (0.11-0.47)
transverse 0.06 0.09 0.04 0.06 0.06 0.12 0.30 0.07 0.14 0.14
(0.03-0.11) (0.04-0.13) (0.02-0.06) (0.03-0.10) (0.03-0.10) (0.06-0.27) (0.12-0.47) (0.04-0.13) (0.08-0.24) (0.09-0.27)
saqittal 0.06 0.05 0.08 0.07 0.06 0.14 0.10 0.24 0.18 0.17
9 (0.05-0.08) (0.04-0.06) (0.05-0.10) (0.04-0.08) (0.05-0.08) (0.11-0.17) (0.08-0.13) (0.17-0.32) (0.14-0.23) (0.13-0.23)
Hip frontal 0.05 0.06 0.05 0.06 0.06 0.10 0.12 0.12 0.13 0.12
Moment (0.04-0.07) (0.04-0.07) (0.03-0.07) (0.05-0.08) (0.04-0.07) (0.07-0.17) (0.10-0.14) (0.09-0.16) (0.09-0.19) (0.09-0.17)
transverse 0.07 0.07 0.08 0.07 0.07 0.20 0.18 0.20 0.20 0.20
(0.04-0.09) (0.05-0.09) (0.04-0.11) (0.05-0.10) (0.05-0.10) (0.14-0.28) (0.15-0.24) (0.14-0.29) (0.12-0.27) (0.14-0.27)

Normalized root mean square error (nRMSE) between the ML model’s estimation and ground-truth reference for 3D lower-limb joint moments and ground
reaction forces (GRFs). Displayed are the mean and 95 % confidence intervals for individual test-set participants (TP1-4) and the mean across them. CONT:
continuous predictions during stance and swing phases, PHSS: predictions during stance phases only. AP: antero-posterior, ML: medio-lateral.
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A.3 SPM Results

Continuous F and t-values of the SPM analysis are displayed in Supplementary Figure 7, 8, 9 and 10. Post-hoc
comparisons are shown for speed increments of 1 km/h, only.
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Figure 7 SPM Results Ground Reaction Forces

Continuous F-values of SPM repeated measures ANOVA (RM-ANOVA) and t-values of SPM paired t-tests for
pairwise post-hoc comparisons of ground reaction forces. Areas where the thresholds of significance (dashed
horizontal lines) are exceeded are filled in grey.
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Figure 8 SPM Results Ankle Moments

Continuous F-values of SPM repeated measures ANOVA (RM-ANOVA) and t-values of SPM paired t-tests for pair-
wise post-hoc comparisons of ankle moments. Areas where the thresholds of significance (dashed horizontal

lines) are exceeded are filled in grey.
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Figure 9 SPM Results Knee Moments

ontinuous F-values of SPM repeated measures ANOVA (RM-ANOVA) and t-values of SPM paired t-tests for pair-
wise post-hoc comparisons of knee moments. Areas where the thresholds of significance (dashed horizontal
lines) are exceeded are filled in grey.
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Figure 10 SPM Results Hip Moments

Continuous F-values of SPM repeated measures ANOVA (RM-ANOVA) and t-values of SPM paired t-tests for
pairwise post-hoc comparisons of hip moments. Areas where the thresholds of significance (dashed horizontal

lines) are exceeded are filled in grey.
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A.4 IMU Signal Comparison

To ensure comparability between IMU data from lab and outdoor runs, we analyzed sensor signals at a running
speed of 10 km/h from both datasets. From the lab dataset, we selected all trials where participants ran at
10 km/h (level), yielding 48 trials from 16 participants. For the outdoor dataset, we extracted the second straight
segment of the 10 km/h lap for all 26 participants.

We segmented all data into stride cycles (initial contact - initial contact) and time-normalized them to 201 data
points. Within each trial, we identified and removed outliers using functional boxplots, discarding strides exceed-
ing 1.5 times the interquartile range. The remaining strides were then averaged within each trial. For the lab
dataset, we further averaged the three mean strides per participant of the three different footwear conditions to
obtain a single representative stride per subject. Finally, we computed the grand mean and standard deviation
across subjects for each dataset and performed a correlation analysis between the dataset means to assess simi-
Larity.

The results of the correlation analysis (Supplementary Table 7) show predominantly very strong correlations
(> 0.8) between the sensor signals of lab and field running. Only the gyroscope signals at the pelvis and foot dis-
play slightly lower correlations in some dimensions (> 0.64). The mean and standard deviation plots (Supplemen-
tary Figure 11) show almost perfect signal overlap, with the aforementioned exceptions. These results confirm
the signal comparability between the two datasets and justify the application of the ML model to the field data.

Table 7
IMU Signal Correlations Between Lab and Field Running
Location Side Sensor
ACC GYR
Dimension
X y z X y z
left 0.98 0.89 0.83 0.95 0.66 0.65
Pelvis -
right 0.99 0.93 0.83 0.95 0.70 0.74
left 0.97 0.96 0.95 0.94 0.99 0.99
Shank
right 0.86 0.91 0.93 0.87 0.99 0.99
Foot left 0.99 0.97 0.98 0.92 1.00 0.99
00
right 0.96 0.89 0.95 0.77 1.00 0.98

Correlations between the mean IMU signals of lab and field running at 10 km/h. Accelerometer (ACC) and
gyroscope (GYR) signals at the three sensor dimensions (X, y, z). The sensor dimensions do not correspond to
anatomical segment coordinates as no sensor-to-segment calibration was performed. The general IMU axis
orientation was x: pointing down (forward in case of the foot), y: pointing left (right in case of the pelvis),
z: pointing up (foot), forward (shank), backward (pelvis).
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Figure 11 Comparison of IMU Signals During Lab and Field Running

IMU signal comparison between stride-normalized lab (blue) and field data (orange) at 10 km/h level running.
Displayed are the mean * standard deviations across each dataset. Right side data are indicated as dashed
lines, left side data are indicated as dotted lines. ACC: accelerometer signals (acceleration in m/s?), GYR: gyro-

scope signals (angular velocity in deg/s).

A.5 Multi-Step Analysis

To account for within-participant variability and avoid relying solely on averaged waveforms, we additionally
performed a repeated-measures (multi-step) analysis. For each participant and speed condition, 20 randomly
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selected steps were used, and the statistical analysis was repeated following the same procedures described in
the main text. The results for GRFs and joint moments are presented in Supplementary Figure 12, 13, 14 and 15.
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Figure 12 Speed Influence on 3D Ground Reaction Forces (Multi-Step Analysis)

Mean ground reaction force time-series (normalized to body mass) for running speeds between 8 and 13 km/h.
Grey shaded bands indicate areas of statistical significance (o < 0.05) of SPM repeated measures ANOVA
between the six running speeds. The horizontal dark bars below indicate areas of statistical significance
(a0 < 0.0033) for pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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Figure 13 Speed Influence on 3D Ankle Moments (Multi-Step Analysis)
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Mean ankle moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (a < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (a < 0.0033) for
pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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Figure 14 Speed Influence on 3D Knee Moments (Multi-Step Analysis)

Mean knee moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (o < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (a < 0.0033) for
pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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Figure 15 Speed Influence on 3D Hip Moments (Multi-Step Analysis)

Mean hip moment time-series (normalized to body mass) for running speeds between 8 and 13 km/h. Grey
shaded bands indicate areas of statistical significance (o < 0.05) of SPM repeated measures ANOVA between
the six running speeds. The horizontal dark bars below indicate areas of statistical significance (a < 0.0033) for

pairwise post-hoc comparisons between speed pairs using SPM paired t-test.
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