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Abstract: Accurate measurement of pedaling kinetics and kinematics is vital for optimizing rehabilitation,
exercise training, and understanding musculoskeletal biomechanics. Pedal reaction force, the main external
force in cycling, is essential for musculoskeletal modeling and closely correlates with lower limb muscle activity
and joint reaction forces. However, sensor instrumentation like 3-axis pedal force sensors is costly and requires
extensive post-processing. Recent advancements in machine learning (ML), particularly neural network (NN)
models, provide promising solutions for kinetic analyses. In this study, an NN model was developed to predict
radial and mediolateral forces, providing a low-cost solution to study pedaling biomechanics with stationary
cycling ergometers. Fifteen healthy individuals performed a 2-minute pedaling task at two different self-
selected (58+5 rpm) and higher (72+7 rpm) cadences. Pedal forces were recorded using a 3-axis force system.
The dataset included pedal force, crank angle, cadence, power, and participants” weight and height. The NN
model achieved an inter-subject normalized root mean square error (nRMSE) of 0.15+0.02 and 0.26+0.05 for
radial and mediolateral forces at high cadence, respectively, and 0.20+0.04 and 0.22+0.04 at self-selected
cadence. The NN model’s low computational time suits real-time pedal force predictions, matching the
accuracy of previous ML algorithms for estimating ground reaction forces in gait.

Keywords: neural networks; pedal reaction force; radial and mediolateral forces; cycling

1. Introduction

Cycling has become one of the most popular recreational activities in recent years [1,2]. Apart
from being used as an economical transportation method and recreational activity [3,4], cycling also
serves as a valuable tool in rehabilitation programs [5-8]. Due to improper pedaling techniques and
misuse or overuse of muscles, cyclists suffer from various types of injuries, such as hip pain, anterior
knee pain [9,10]. Therefore, understanding the kinetics and kinematics of cycling is crucial not only
for reducing the risk of injuries but also for enhancing their contributions to clinical and rehabilitation
programs.

Over the past two decades, the advent of wearable devices and instrumented sensors has
facilitated the collection of extensive kinetics and kinematics data [11-13]. Among these sensors,
power meters have garnered significant interest from both professional cyclists and recreationally
active individuals, who use them to measure and track their exercise performance. The power output
value is proportional to the force that is applied perpendicularly with respect to the crank and the
pedaling cadence [14]. While the use of power meter sensors has provided significant data for
understanding the biomechanics of cycling and developing lower-limb rehabilitation programs,
there are significant limitations with models that use power output for analyzing the biomechanics
of cycling motion. Advanced 3-axis force sensors integrated into pedals can measure the resultant
pedal force [15], however, their high cost and complex data acquisition systems make them
inaccessible to many individuals. A more economical solution would be single-axis force sensors, but
they measure only the vertical component of the pedal force. However, knowing the 3-axis pedal

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202408.0489.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 August 2024 d0i:10.20944/preprints202408.0489.v1

forces is crucial for determining the efficiency of the pedaling technique, the distribution of forces
across joints, and the overall mechanical load experienced by the musculoskeletal system.

Although human body models have been used to investigate the kinetics and kinematics of
cycling, such as the effects of body parameters on pedaling task performance [16], these models
typically focus on the tangential force applied on the crank [4,17]. The radial and mediolateral force
components are often ignored because they do not directly contribute to the power generated in the
cycling motion. However, these forces significantly impact musculoskeletal biomechanics and body
physiology, influencing energy consumption, muscle forces, and the internal forces and moments
applied to bones and joints [18,19]. Furthermore, knowing all three force components, allows for
assessing and improving the cycling technique, with the goal of reducing the radial and mediolateral
force components and increasing the tangential component to favor the crank moment [20]. Even in
the most advanced human body models, assumptions and simplifications are made when
representing the resultant pedaling force solely by its tangential component. Bini et al. [21]studied
the relative magnitude and profile of the pedaling force components and showed that although the
tangential force is the largest force component for much of the power phase of the pedal cycle, at
some crank angles, the radial force is larger than the tangential force.

While there are affordable devices available for monitoring power output in cycling, measuring
the 3D pedal reaction force requires expensive equipment. The complex post-processing, high costs
and fragility of these technologies are the greatest challenges to widespread clinical and research
applications. Predicting force components without the use of 3D pedal forces would be a major step
in facilitating clinical application and enhancing the accuracy of simulation models. Machine learning
(ML) models may serve as an appropriate alternative for predicting the pedal force components from
more affordable sensors. ML methods have rapidly spread in recent years due to technological
advancements in data collection and processing across various industries [22]. ML involves
optimizing a performance criterion based on training data or past experiences to uncover hidden
patterns or make predictions on new data. Applying ML methods, such as regression-based
techniques and classification algorithms, have demonstrated promising solutions to existing
limitations in motion analysis [23-25]. At present, neural networks (NNs) are the most used ML
model to predict joint kinematics and kinetics from Inertial Measurement Units (IMUs) [26-28].

ML has been used for the prediction of kinematics parameters during gait and other physical
activities [29-33], while few studies have focused on predicting these parameters during cycling
[34,35]. For instance, pre-trained NNs have been used to calculate lower limb joint angles and the
cadence during stationary cycling [36,37]. ML algorithms have also been used to predict lower limb
kinetics during gait [38-40], and to enhance the accuracy of predicting ground reaction forces (GRF)
during gait. Oh et al. [39] used an NN to calculate joint forces and moments within 20% without the
need for costly force plates. Lim et al.[38] used NN and a single IMU near the sacrum to predict lower
limb dynamics during walking with a maximum 12% normalized root mean square error for joint
torque predictions. ML models have also been used to predict lower-limb joint kinematics, kinetics,
and muscle forces during over-ground walking using IMUs and electromyography[41]. In summary,
these methods show great potential for estimating internal and external musculoskeletal loading to
enhance rehabilitation and exercise training outcomes.

To the best of our knowledge, there is a lack of study focusing on using ML algorithms to
predict kinetics parameters during cycling. Therefore, the present work was aimed at using ML to
predict the radial and mediolateral force components of pedaling during cycling. We assessed our
ML model’s performance through intra-subject and inter-subject evaluations. Our method has the
potential to calculate the inter-segmental resultant forces at the ankle, knee, and hip during cycling,
thereby potentially contributing to decisions in the design of rehabilitation and injury prevention
programs and the enhancement of cycling performance and efficiency.

2. Methodology

The workflow for developing the ML model is illustrated in Figure 1.
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Figure 1. The flowchart for developing the ML model in the present study. After calibrating sensors,
data collection was conducted, and recorded data was preprocessed for feature extraction. An NN
was trained to predict radial and mediolateral forces.

2.1. Data Collection

Fifteen healthy individuals (10 males, 5 females; age = 29.3 + 3.6 years; height = 1.71 + 0.08 m;
weight = 73.2 £ 6.9 kg) were recruited for this study at the Human Performance Laboratory at the
University of Calgary. Ethics approval was obtained from the University of Calgary Ethics Board
(REB #1803), and all participants provided written informed consent before participating in the
experiment. Individuals with any neuromuscular or musculoskeletal issues that could affect their
cycling ability were excluded from the study. Participants wore tight, minimal clothing and were
provided with cycling shoes for their data collection process.

A pair of instrumented pedals (ICS-MB, Mountain — BMX, Shimano SPD, available at
https://sensix.fr/pedal-sensors) and an encoder (LEMO FGG.0B.305) were instrumented to the cycling
ergometer and controlled by the manufacturer’s software (I-Crankset system, SENSIX, France) to
collect 3D pedal force data at 250 Hz. The coordinate system of the data acquisition system is
illustrated in Figure 2, where radial force was defined along the crank stem, tangential force was
defined perpendicular to the crank, and mediolateral force was defined by the vector cross-product
of the tangential and radial unit vectors. Standard calibration procedures for force signals were
performed as recommended by the manufacturer.

Figure 2. The crank angle was measured from the horizontal position. The radial and tangential forces
were measured along and perpendicular to the crank axis, respectively. The mediolateral force was
perpendicular to the radial and tangential forces.

Participants were given cycling shoes with Shimano cleats and asked to warm up by pedaling
for 5 minutes at 100 W at a self-selected pedaling cadence. In addition to preparing the participants
for the test, the warm-up trial helped participants familiarize themselves with the device and practice
maintaining a constant velocity during the test. The pedaling task protocol comprised two sequential
trials, with participants given a rest period between the two trials to eliminate muscle fatigue. The
test protocol included two trials at a consistent resistance level but at different cadences: a self-
selected cadence (58 + 5 rpm) and a higher cadence (72 + 7 rpm), with corresponding power outputs
of 96 + 9 W and 214 + 17 W, respectively. Each trial lasted 2 minutes, resulting in approximately 120
to 150 cycles for each trial.

2.2. Data Preprocessing

The data for each trial were segmented into individual pedaling cycles using a custom labeling
function. The first 10 seconds of data were excluded from analyses to allow participants to reach the
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target pedaling rate. Pedaling cycles that fell outside the mean + 2 standard deviations (SD) of the
total force within the 2 min test were considered outliers and removed from analysis.

2.3. ML Development

We used an NN model to predict radial and mediolateral forces from the subject’s body height
and weight, power, cadence, and crank angle for each pedaling phase (Figure 3). The MinMaxScaler
function from the Scikit-Learn library was employed to scale all variables to the range [0,1]. It was
also necessary to scale the outputs (radial and mediolateral forces), for use with a two-output NN
model. The outputs were rescaled back to their original range using the same MinMaxScaler function.
The architecture of the model was designed with an input layer consisting of 5 neurons, followed by
two hidden layers with 64 and 128 neurons, respectively. The “ReLU” activation function was applied
in each hidden layer. To mitigate the risk of overfitting, a dropout layer with a rate of 0.2 was added
after each hidden layer. The output layer consisted of 2 neurons, corresponding to the two target
variables. For the optimization of the NN’s weights, the “Adam’ optimizer was selected with a
learning rate of 0.001, and the “mean squared error” was used as the loss function. To enhance the
model’s performance, the EarlyStopping function was employed to terminate the training if no
improvement was observed for ten consecutive iterations. The batch size was set to 128, and the
model was trained for a maximum of 100 iterations. Furthermore, a grid search was conducted to
identify the optimal parameters for the model. This included determining the best activation function
for the hidden layers from options such as LeakyReLU, ReLU, Sigmoid, GELU, and Tanh.
Additionally, the optimal optimizer was chosen from Adam, RMSProp, and SGD, and the ideal
learning rate was selected from 0.01, 0.001, and 0.0001. The grid search also assessed the optimal
number of neurons in each hidden layer, with options including 64, 128, 256, and 512.
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Figure 3. The NN structure consisted of 5 inputs, including cycling power, cadence, crank angle,
subject weight and height. The output prediction was radial and mediolateral forces.

2.4. Performance Evaluation

To evaluate the performance of the ML model in predicting forces for individual participants,
both intra-subject and inter-subject examinations were conducted. In the intra-subject analyses, 70%
of cycles for each subject were used to train the ML model, while the remaining 30% of cycles were
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used to validate the prediction accuracy [41]. This approach allowed us to assess the model’s accuracy
and consistency when applied to data from the same individual, providing a precise measure of intra-
subject performance.

To evaluate the model’s generalizability to unseen participants data, an inter-subject
examination was performed using leave-one-out (LOO) cross-validation. In this approach, the
dataset was split into training and testing sets for each iteration, with N iterations being conducted
(N being the total number of participants). In each iteration, the model was trained on data from N-
1 participants and tested on the data from the excluded participant. This resulted in 15
training/testing combinations, thereby constructing 15 distinct ML models.

The root mean square error (RMSE) between the ground truth and the predicted targets was
calculated for both intra-subject and inter-subject examinations. RMSE values were reported for each
cycle and participant, providing a detailed evaluation of the model’s performance. These RMSEs
were averaged across all participants for cross-validation purposes. To better interpret the prediction
errors for each force component, the nRMSE was calculated, which is the RMSE normalized to the
range of the force data within a cycle. A paired t-test statistical analysis was conducted on nRMSE
values for the two different cadences: self-selected and high. The p-values at a 95% confidence level
were obtained to determine the significant difference between the mean values of the two groups.
Data processing, ML model development, and statistical analyses were conducted in Python 3.12.3.

3. Results

We developed an ML method for predicting mediolateral and radial forces from the power level
for pedaling tasks at two power intensities. The ground truth pedal force data were measured by
SENSIX system with an accuracy range of 1.88 to 2.5 N in the two directions. Predictions were
validated through intra-subject and inter-subject comparisons with the actual pedal force
measurements. A subject description and pedaling kinematics and kinetics are presented in Table 1.
Despite performing a constant-velocity cycling task, subjects could not maintain a consistent power
output, leading to variations in power output and cadence parameters, as indicated by the standard
deviation in Table 1.

Table 1. Subjects’ parameters, pedaling kinematics, and kinetics, including variations in power output
and cadence.

Parameters Mean SD
Number of Participant, N = 15
Weight (kg) 73.2 6.9
Height (m) 1.71 0.08
Crank Length (m) 0.17
. . Self-selected Cadence 2
Duration of Test (min) High Cadence 5
Self-selected Cadence 96 9
Power (W) High Cadence 214 17
Cadence (rpm) Self-selected Cadence 58 5
P High Cadence 72 7

3.1. Radial Force

Figure 4 presents the mean + SD of the predicted radial force component in the intra-subject
(subfigures a and b) and inter-subject (subfigures c and d) analyses. Negative values of radial force,
which represent a tensile force applied along the crank, occurred at crank angles of 160 to 350 degrees.
While the prediction of radial force in the intra-subject examination had high accuracy across all crank
angles, larger errors were observed in the inter-subject examination, especially at crank angles 60-90
degrees during the trial with the higher cadence.
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Figure 4. Radial force prediction using the developed ML methods: intra-subject (a and b) and inter-
subject (c and d) analyses. Radial forces were predicted at self-selected (a and c) and high (b and d)
cadences from the cross-validation set. A schematic representation of the pedal position is shown next
to the x-axis in subfigure (c).

3.2. Mediolateral Force

Similar to Figure 4, Figure 5 compares the predicted mediolateral force with the measured pedal
forces. Prediction accuracy was higher in the intra-subject examination compared to the inter-subject
one. The variation in mediolateral force was larger than that of the radial force, as depicted by a
relatively higher SD, represented by a thicker highlighted band. Consequently, the mediolateral force
prediction accuracy was lower for the trial with the higher cadence, specifically for the pull-up phase,
i.e., crank angles 270-360 degrees and 0-90 degrees.
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Figure 5. Mediolateral force prediction using the developed ML methods: intra-subject (a and b) and
inter-subject (c and d) analyses. Mediolateral forces were predicted at self-selected (a and c) and high
(b and d) cadences from the cross-validation set. A schematic representation of the pedal position is
shown next to the x-axis in subfigure (c).
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The corresponding RMSE values for the radial force predictions at the high cadence (Figure 4b,d)
were 10.4 + 1.2 for the intra-subject examination and 33.4 + 6.8 for the inter-subject examination (Table
2). For the self-selected cadence (Figure 4a,c), the RMSE values for radial force were 11.5 + 1.2 (intra-
subject) and 39.2 + 6.9 (inter-subject). The RMSE for the mediolateral force predictions were 3.6 + 0.7
(intra-subject) and 9.3 + 2.0 (inter-subject) for the self-selected cadence (Figure 5a,c), and 3.3 + 0.7
(intra-subject) and 9.9 + 2.4 (inter-subject) for the high cadence (Figure 5b,d) (Table 2). The difference
in nRMSE values between self-selected and high cadence was statistically significant.

Table 2. The RMSE and nRMSE values of radial and mediolateral force predictions at self-selected
and high cadence trials. *: Represents a significant difference (p-value < 0.05) compared to
corresponding values in the self-selected cadence test.

RMSE nRMSE
Examination Force Self-selected High Self-selected High
Component Cadence Cadence Cadence Cadence
Intra-subject Radial 11.5+1.2 104+1.2 0.05+0.01 0.04 +0.01*
Mediolateral 3.6+0.7 3.3+0.7 0.14 £ 0.01 0.12 £ 0.03*
Inter-subject Radial 39.2+69 33.4+6.8 0.20 £ 0.04 0.15+0.02*
Mediolateral 9.3+2.0 9.9+24 0.22 +0.04 0.26 + 0.05*

4. Discussion

In the present study, a ML model was developed for prediction of the radial and mediolateral
forces from five pedaling parameters. When tangential, radial, and mediolateral force components
are compared for the pedaling task, as shown in Figure 6, the radial force is not negligible compared
to the tangential force and cannot be overlooked. For instance, in crank angles between 90 and 270
degrees, the magnitude of the radial force is generally larger than the tangential force, which aligns
with the results of previous studies [21,42,43], [44,45]. Moreover, the resultant force and its direction
play a crucial role in determining pedaling efficiency, force distribution across joints, and
musculoskeletal loading conditions. Therefore, in this study we attempted to propose an accessible
approach for prediction of resultant pedaling force.

400
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Figure 6. The mean + SD values for all force components (radial, mediolateral, and tangential) were
measured by advanced 3-axis pedal force sensors, highlighting the contribution of each component
in resultant pedal reaction force.

For this purpose, an NN model was developed to predict radial and mediolateral force
components using affordable sensor data and participant characteristics. Five features were selected
from a pool of candidates, including lower limb segment length, weight, height, gender, vertical
force, pedal angle, seat distance from the bottom bracket, power, crank angle, and cycling cadence.
The final feature set was determined through a trial-and-error process to maximize accuracy. Two
approaches were employed: intra-subject and inter-subject. The intra-subject approach aimed for
high accuracy by using data from one session to modify the NN model, facilitating effective
monitoring of individuals outside the lab after initial data collection. This approach is ideal for
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scenarios requiring high precision and feasible initial data collection. For instance, the intra-subject
examination for the ML model could be used in rehabilitation programs. In clinical settings,
instrumented cycling devices with 3-axis pedal forces measurements might be available and can be
used for model training. Subsequently, progress can be monitored using commonly accessible cycling
ergometers equipped with power meters as patients continue their rehabilitation programs. For those
unable to collect session data, the inter-subject approach offers a viable alternative, enabling
predictions without the need for initial data collection.

The RMSE and its normalized form, nRMSE, were averaged from data collected at self-selected
and high cadences in the test dataset (Table 2). As expected, the RMSE for the intra-subject
examination was lower than that for the inter-subject examination for both radial and mediolateral
force components. For radial force, the RMSE values were 39.16 + 6.90 N and 33.42 + 6.81 N for self-
selected and high cadences, respectively. For mediolateral force, the RMSE values were 9.31 +2.00 N
and 9.93 +2.40 N for self-selected and high cadences, respectively. The reduced accuracy in the inter-
subject examination is due to the fact that the training dataset and the cross-validation data are not
from the same participant. This indicates that the kinetics of the pedaling task, although a closed-
chain and cyclic motion, vary from subject to subject. Such subject-specific mechanical responses can
be attributed to differences in joint range of motion, motor control, and pedaling techniques
implemented by the participants [46,47]. Testing a larger number of participants across a wider range
of power outputs could improve the model’s generalization.

When RMSE was normalized by the range of each force (nRMSE), the prediction error for radial
force was consistently lower than for mediolateral forces at both self-selected and high cadences. The
lower accuracy in predicting mediolateral force could be attributed to participants’ limited experience
in minimizing and controlling this force during cycling, which is sensitive to biomechanical factors
such as frame geometry and power output [18]. Additionally, the accuracy of mediolateral forces
predictions was notably lower during the pull-up phase of cycling, specifically at crank angles of 270-
360 degrees and 0-90 degrees (Figure 5¢,d). During this phase, participants did not actively engage
their muscles to pull up the crank, leading to greater variability in mediolateral force. The larger
relative standard deviation in mediolateral force suggests considerable variability from subject to
subject and cycle to cycle, despite the lack of degrees of freedom in the mediolateral direction at the
pedals.

Our results indicated that the accuracy of predicting radial and mediolateral force components
was higher in the high cadence trial compared to the self-selected cadence trial (p < 0.05) (Table 2).
This improved accuracy at higher cadences may be due to the brain having less time to coordinate
muscles for generating non-productive forces, such as mediolateral and radial forces. This
observation is consistent with studies showing reduced asymmetry in lower limb functions at higher
cadences or power outputs compared to lower cadences [48]. Additionally, research has
demonstrated that the gross efficiency of professional road cyclists is higher at elevated power
outputs; for example, gross efficiency was greater at 100 rpm compared to 60 rpm [49]. This suggests
that, at higher power outputs, the relative contribution of mediolateral and radial force components
is reduced compared to the tangential force component.

Since there were no prior studies predicting radial and mediolateral force components for
pedaling tasks, we compared the accuracy of our ML model with studies on gait. Our model achieved
an average nRMSE of 0.04 + 0.01 for the radial force predictions in the intra-subject examination, and
0.15 = 0.02 in the inter-subject examination at the self-selected cadence. For mediolateral force
prediction, the nRMSE values were 0.12 + 0.03 in intra-subject and 0.26 + 0.05 in inter-subject
examinations (Table 2). This level of accuracy is comparable to previous studies using different ML
algorithms for estimating GRF during gait. For example, peak GRF for ballet jumps was estimated
with nRMSE values ranging from 0.17 to 0.38 [50]. Another study used instrumented insoles and
regression models to estimate GRF and moments in 5-meter straight walking, side-step turn, and
cross-step turn, their model’s RMSE varied in the range of 0.04-0.2 for different force components
[51]. Moghadam et al. evaluated four non-linear regression ML models for estimating lower-limb
joint kinematics, kinetics, and muscle forces in walking over-ground using IMUs and EMG data, with
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nRMSE values for joint kinetics ranging from 0.05 to 0.35 for intra-subject and 0.07 to 0.42 for inter-
subject examinations[41]. The NN model in the present work demonstrated potential effectiveness
and accuracy in predicting the mediolateral and radial force components of the pedaling task based
on power output data. The rapid inference time of the NN model is a notable advantage for
applications requiring real-time feedback, such as sports performance monitoring and rehabilitation.
However, the model’s performance was lower in predicting the mediolateral force, which is the
smallest force component in the pedaling task, particularly at lower cadences. Given the current
limitations, future research should focus on further refining the ML model, incorporating more
diverse datasets, and evaluating its performance across various cycling protocols to enhance its
clinical applicability. Although the proposed Al-based model provides a means to predict resultant
pedaling force from power output, it lacks some of the advantages associated with direct
measurements of pedaling force.

In this study, we analyzed pedaling at two power levels within the middle range of the
population power spectrum. However, pedaling kinematics exhibit inherent variability influenced
by factors such as time, gender, age, body features, and power output[52]. Additionally, pedaling
kinetics can vary based on technique—such as preferred pedaling style, pedaling in circles,
emphasizing the pull during the upstroke, or the push during the downstroke [53]—as well as
physical condition (e.g., healthy versus injured), which were not considered in our ML model
training. Addressing these limitations could be achieved through a comprehensive study involving
a larger sample size and experimental protocols that simulate various cycling conditions and
techniques. Integrating wearable devices, such as IMUs, could enhance the capture of motion
kinematics, correlating with kinetic parameters to improve prediction accuracy. Additionally,
advancements in Al and statistical methods may offer more precise estimations of resultant forces,
suggesting that future research should explore these newer approaches for further model refinement.

5. Conclusions

Our study demonstrated that an ML model can accurately predict radial and mediolateral force
components during cycling using affordable sensor data and participant characteristics. By
employing an NN, we identified a feature set that optimized prediction accuracy through a trial-and-
error process. The model showed lower accuracy in predicting mediolateral forces than radial forces,
which could be improved by increasing the sample size and examining a broader range of power
outputs. The low inference times of the NN makes it suitable for real-time applications, such as sports
biomechanics and rehabilitation programs. Future research can focus on refining the model,
incorporating diverse datasets, and validating its performance across various cycling protocols to
enhance clinical applicability.

Author Contributions: Conceptualization, A.K.; methodology, R.A.; validation, R.A., and S.R.; formal analysis,
R.A., and S.R;; investigation, R.A., and S.R; data curation, R.A., AP., SF.V, and H.H.; writing—original draft
preparation, R.A.,, SR., and S.F.V,; writing—review and editing, R.A,, SR, SF.V.,, AP, HH, WH,, and AK,;
visualization, S.R., and R.A ; supervision, W.H., and A.K,; project administration, A.K.; funding acquisition, A.K.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Alberta Innovates, grant number 222300358” and Natural Sciences and
Engineering Research Council of Canada (NSERC) Discovery Grant 401610.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration of
Helsinki, and approved by the Research Ethics Boards of the University of Calgary (protocol code REB #1803).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Data Availability Statement: Data is unavailable due to privacy or ethical restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  B. Fonda and N. Sarabon, “Biomechanics of Cycling,” Sport Science Review, vol. 19, no. 1-2, Jan. 2012, doi:
10.2478/v10237-011-0012-0.


https://doi.org/10.20944/preprints202408.0489.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 August 2024 d0i:10.20944/preprints202408.0489.v1

10

2. “FEATURE HEALTH BENEFITS OF CYCLING.” [Online]. Available: www.ubcmj.com

3. Y. Okita and T. Nakamura, “Effects of bicycle geometry and riding position on the potential of residual
limb muscles to pedaling with a transfemoral prosthesis: a computer simulation study”, doi: 10.1101/615245.

4. F. Onasch and W. Herzog, “Active control of static pedal force direction decreases maximum isometric
force output,” J Biomech, vol. 163, Jan. 2024, doi: 10.1016/j.jbiomech.2024.111958.

5. ]. Lozinski, S. H. Heidary, S. C. E. Brandon, and A. Komeili, “An Adaptive Pedaling Assistive Device for
Asymmetric Torque Assistant in Cycling,” Sensors, vol. 23, no. 5, Mar. 2023, doi: 10.3390/523052846.

6. H. Seratiuk Flores, W. L. Yeoh, P. Y. Loh, K. Morinaga, and S. Muraki, “Biomechanical Analysis of
Recreational Cycling with Unilateral Transtibial Prostheses,” Prosthesis, vol. 5, no. 3, pp. 733-751, Sep. 2023,
doi: 10.3390/prosthesis5030052.

7. H.Yum, H.Kim, T. Lee, M. S. Park, and S. Y. Lee, “Cycling kinematics in healthy adults for musculoskeletal
rehabilitation guidance,” BMC Musculoskelet Disord, vol. 22, no. 1, Dec. 2021, doi: 10.1186/s12891-021-04905-
2.

8. S.M. Parry et al., “Early rehabilitation in critical care (eRiCC): functional electrical stimulation with cycling
protocol for a randomised controlled trial”, doi: 10.1136/bmjopen-2012.

9. C. K. Tang et al., “Effects of Different Pedaling Positions on Muscle Usage and Energy Expenditure in
Amateur Cyclists,” Int | Environ Res Public Health, vol. 19, no. 19, Oct. 2022, doi: 10.3390/ijerph191912046.

10. J. P. Carmichael, E. W. Staton, P. J. Blatchford, and J. Stevens-Lapsley, “EPIDEMIOLOGY OF NECK
INJURIES ACCOMPANYING SPORT CONCUSSIONS IN YOUTH OVER A 13-YEAR PERIOD IN A
COMMUNITY-BASED HEALTHCARE SYSTEM,” Int | Sports Phys Ther, vol. 14, no. 3, pp. 334-344, 2019,
doi: 10.26603/ijspt20190334.

11.  R. Bini and P. Hume, “Reproducibility of lower limb motion and forces during stationary submaximal
pedalling using wearable motion tracking sensors,” Sports Biomech, vol. 22, no. 8, pp. 1041-1062, Aug. 2023,
doi: 10.1080/14763141.2020.1776760.

12.  E. Martin-Sosa, V. Chaves, I. Alvarado, ]. Mayo, and J. Ojeda, “Design and validation of a device attached
to a conventional bicycle to measure the three-dimensional forces applied to a pedal,” Sensors, vol. 21, no.
13, Jul. 2021, doi: 10.3390/s21134590.

13. B. E. Sibson, J. J. Banks, A. Yawar, A. K. Yegian, D. E. Anderson, and D. E. Lieberman, “Using inertial
measurement units to estimate spine joint kinematics and kinetics during walking and running,” Sci Rep,
vol. 14, no. 1, Dec. 2024, doi: 10.1038/s41598-023-50652-w.

14. R.R. Bini, P. Hume, J. Croft, and A. Kilding, “Pedal force effectiveness in Cycling: a review of constraints
and training effects,” 2013.

15. S. M. Rodger, D. J. Plews, J. Mcquillan, and M. W. Driller, “Evaluation of the Cyclus ergometer and the
Stages power meter against the SRM crankset for measurement of power output in cycling,” 2016.

16. N. A. Turpin and B. Watier, “Cycling biomechanics and its relationship to performance,” Jun. 01, 2020,
MDPI AG. doi: 10.3390/APP10124112.

17.  G. Chunfu, Study on the Sensor for the Pedal Push Force of Bicycle. 1 E E E, 2009.

18. E. Martin-Sosa, V. Chaves, E. Soler-Vizan, J. Mayo, and ]J. Ojeda, “Methodology to Analyse Three-
Dimensional Asymmetries in the Forces Applied to the Pedals in Cycling,” Ann Biomed Eng, vol. 51, no. 3,
pp. 618-631, Mar. 2023, doi: 10.1007/s10439-022-03076-y.

19. R. R. Bini, T. C. Jacques, C. H. Sperb, F. ]. Lanferdini, and M. A. Vaz, “PEDAL FORCE ASYMMETRIES
AND PERFORMANCE DURING A 20-KM CYCLING TIME TRIAL,” 2016.

20. R.R. Neptune and W. Herzog, “The association between negative muscle work and pedaling rate,” 1999.

21. R. R. Bini and F. Diefenthaeler, “Determining force and power in cycling: A review of methods and
instruments for pedal force and crank torque measurements,” 2014. [Online]. Available:
https://www.researchgate.net/publication/277077744

22. V.C.H.Chan, G.B. Ross, A. L. Clouthier, S. L. Fischer, and R. B. Graham, “The role of machine learning in
the primary prevention of work-related musculoskeletal disorders: A scoping review,” Jan. 01, 2022,
Elsevier Ltd. doi: 10.1016/j.apergo.2021.103574.

23. M. Mundt, W. R. Johnson, W. Potthast, B. Markert, A. Mian, and ]J. Alderson, “A comparison of three neural
network approaches for estimating joint angles and moments from inertial measurement units,” Sensors,
vol. 21, no. 13, Jul. 2021, doi: 10.3390/s21134535.

24. M. S. Renani, C. A. Myers, R. Zandie, M. H. Mahoor, B. S. Davidson, and C. W. Clary, “Deep learning in
gait parameter prediction for oa and tka patients wearing imu sensors,” Sensors (Switzerland), vol. 20, no.
19, pp. 1-21, Oct. 2020, doi: 10.3390/520195553.

25. 1. Boukhennoufa, Z. Altai, X. Zhai, V. Utti, K. D. McDonald-Maier, and B. X. W. Liew, “Predicting the
Internal Knee Abduction Impulse During Walking Using Deep Learning,” Front Bioeng Biotechnol, vol. 10,
May 2022, doi: 10.3389/fbioe.2022.877347.

26. T.P.Luu, H. B. Lim, K. H. Hoon, X. Qu, and K. H. Low, “Subject-specific gait parameters prediction for
robotic gait rehabilitation via generalized regression neural network,” in 2011 IEEE International Conference
on Robotics and Biomimetics, ROBIO 2011, 2011, pp. 914-919. doi: 10.1109/ROBIO.2011.6181404.


https://doi.org/10.20944/preprints202408.0489.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 August 2024 d0i:10.20944/preprints202408.0489.v1

11

27. M. Sharifi Renani, A. M. Eustace, C. A. Myers, and C. W. Clary, “The use of synthetic IMU signals in the
training of deep learning models significantly improves the accuracy of joint kinematic predictions,”
Sensors, vol. 21, no. 17, Sep. 2021, doi: 10.3390/s21175876.

28. R. Ahmadi, M. Mohseni, and N. Arjmand, “An Artificial Neural Network to Predict Whole-Body 3D
Posture During Dynamic Load-Reaching Activities”, doi: 10.13140/RG.2.2.34259.39209/1.

29. N. Amrani El Yaakoubi, C. McDonald, and O. Lennon, “Prediction of Gait Kinematics and Kinetics: A
Systematic Review of EMG and EEG Signal Use and Their Contribution to Prediction Accuracy,” Oct. 01,
2023, Multidisciplinary Digital Publishing Institute (MDPI). doi: 10.3390/bioengineering10101162.

30. C. A. A.lIzhar, Z. Hussain, M. I. F. Maruzuki, M. S. Sulaiman, and A. A. A. Rahim, “Gait cycle prediction
model based on gait kinematic using machine learning technique for assistive rehabilitation device,” JAES
International  Journal of Artificial Intelligence, vol. 10, no. 3, pp. 752-763, Sep. 2021, doi:
10.11591/ijai.v10.i3.pp752-763.

31. S.Galasso, R. Baptista, M. Molinara, S. Pizzocaro, R. S. Calabro, and A. M. De Nunzio, “Predicting physical
activity levels from kinematic gait data using machine learning techniques,” Eng Appl Artif Intell, vol. 123,
Aug. 2023, doi: 10.1016/j.engappai.2023.106487.

32. T.Yeung, A. Cantamessa, A. W. Kempa-Liehr, T. Besier, and J. Choisne, “Personalized Machine Learning
Approach to Estimating Knee Kinematics Using Only Shank-Mounted IMU,” IEEE Sens ], vol. 23, no. 11,
pp- 12380-12387, Jun. 2023, doi: 10.1109/JSEN.2023.3267398.

33. M. Blazkiewicz and A. Wit, “Artificial neural network simulation of lower limb joint angles in normal and
impaired human gait,” Acta Bioeng Biomech, vol. 20, no. 3, pp. 43-49, 2018, doi: 10.5277/ABB-01129-2018-02.

34. A. Parsaei, R. Ahmadi, S. J. Aboodarda, and A. Komeili, “Predict Knee Kinematics During Stationary
Cycling via Machine Learning Regression Models.”

35. R. Ahmadi, A. Parsaei, and A. Komeili, “Predicting Hip Kinematics with CNN during Cycling Task.”

36. R.R.Bini, G. Serrancoli, P. R. P. Santiago, A. Pinto, and F. Moura, “Criterion validity of neural networks to
assess lower limb motion during cycling,” ] Sports Sci, vol. 41, no. 1, pp. 36-44, 2023, doi:
10.1080/02640414.2023.2194725.

37. B. Hollaus, J. C. Volmer, and T. Fleischmann, “Cadence Detection in Road Cycling Using Saddle Tube
Motion and Machine Learning,” Sensors, vol. 22, no. 16, Aug. 2022, doi: 10.3390/s22166140.

38. H.Lim, B. Kim, and S. Park, “Prediction of lower limb kinetics and kinematics during walking by a single
IMU on the lower back using machine learning,” Sensors (Switzerland), vol. 20, no. 1, Jan. 2020, doi:
10.3390/s20010130.

39. S.E.Oh, A. Choi, and J. H. Mun, “Prediction of ground reaction forces during gait based on kinematics
and a neural network model,” ] Biomech, vol. 46, no. 14, pp. 2372-2380, Sep. 2013, doi:
10.1016/j.jbiomech.2013.07.036.

40. Z. Ripic et al., “Prediction of gait kinetics using Markerless-driven musculoskeletal modeling,” | Biomech,
vol. 157, Aug. 2023, doi: 10.1016/j.jbiomech.2023.111712.

41. S. M. Moghadam, T. Yeung, and ]. Choisne, “A comparison of machine learning models’ accuracy in
predicting lower-limb joints” kinematics, kinetics, and muscle forces from wearable sensors,” Sci Rep, vol.
13, no. 1, Dec. 2023, doi: 10.1038/s41598-023-31906-z.

42. D.]. Sanderson, “The influence of cadence and power output on the biomechanics of force application
during steady-rate cycling in competitive and recreational cyclists,” | Sports Sci, vol. 9, no. 2, pp. 191-203,
1991, doi: 10.1080/02640419108729880.

43. S. A. Kautz, M. E. Feltner, E. F. Coyle, and A. M. Baylor, “The Pedaling Technique of Elite Endurance
Cyclists: Changes With increasing Workload at Constant Cadence,” 1991.

44. M. Rossato, R. R. Bini, F. P. Carpes, F. Diefenthaeler, and A. R. P. Moro, “Cadence and workload effects on
pedaling technique of well-trained cyclists,” Int | Sports Med, vol. 29, no. 9, pp. 746-752, Sep. 2008, doi:
10.1055/s-2008-1038375.

45. T. Henke, “REAL-TIME FEEDBACK OF PEDAL FORCES FOR THE OPTIMIZATION OF PEDALING
TECHNIQUE IN COMPETITIVE CYCLING.”

46. R.R.Bini, A. C. Tamborindeguy, and C. B. Mota, “Effects of saddle height, pedaling cadence, and workload
on joint kinetics and kinematics during cycling,” | Sport Rehabil, vol. 19, no. 3, pp. 301-314, 2010, doi:
10.1123/jsr.19.3.301.

47. “Title: Does changing the bike frame influence pedal force pattern in mountain bike cyclists? 3,” 2019.
[Online]. Available: https://www.sciencedirect.com/science/article/pii/S0765159719300280

48. F.P.Carpes, C. B. Mota, and I. E. Faria, “On the bilateral asymmetry during running and cycling - A review
considering leg preference,” Nov. 2010. doi: 10.1016/j.ptsp.2010.06.005.

49. A.Lucia et al., “In professional road cyclists, low pedaling cadences are less efficient,” Med Sci Sports Exerc,
vol. 36, no. 6, pp. 1048-1054, Jun. 2004, doi: 10.1249/01.MSS.0000128249.10305.8A.

50. D. Hendry et al., “An exploration of machine-learning estimation of ground reaction force from wearable
sensor data,” Sensors (Switzerland), vol. 20, no. 3, Feb. 2020, doi: 10.3390/s20030740.


https://doi.org/10.20944/preprints202408.0489.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 August 2024 d0i:10.20944/preprints202408.0489.v1

12

51. T. Yamaguchi, Y. Takahashi, and Y. Sasaki, “Prediction of Three-Directional Ground Reaction Forces
during Walking Using a Shoe Sole Sensor System and Machine Learning,” Sensors (Basel), vol. 23, no. 21,
Nov. 2023, doi: 10.3390/s23218985.

52. R.R. Bini and P. Hume, “A Comparison of Static and Dynamic Measures of Lower Limb Joint Angles in
Cycling: Application to Bicycle Fitting,” Human Movement, vol. 17, no. 1, pp. 3642, Mar. 2016, doi:
10.1515/humo-2016-0005.

53. T. Korff, L. M. Romer, I. Mayhew, and J. C. Martin, “Effect of pedaling technique on mechanical
effectiveness and efficiency in cyclists,” Med Sci Sports Exerc, vol. 39, no. 6, pp. 991-995, Jun. 2007, doi:
10.1249/mss.0b013e318043a235.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.


https://doi.org/10.20944/preprints202408.0489.v1

