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Abstract: Background/Objectives: Currently, there is no strong evidence to support
interventions for medial tibial stress syndrome (MTSS), a common running injury associated
with tibial loading. Vertical ground reaction force (vGRF) and axial tibial acceleration (TA)
are the most common methods of estimating tibial loads, yet clinical recommendations
for technique modification to reduce these metrics are not well documented. This study
investigated whether changes to speed, cadence, stride length, and foot-strike pattern
influence vGRF and TA. Additionally, machine-learning models were evaluated for their
ability to estimate vGRF metrics. Methods: Sixteen runners completed seven 1 min trials
consisting of preferred technique, ±10% speed, ±10% cadence, forefoot, and rearfoot strike.
Results: A 10% speed reduction decreased peak tibial acceleration (PTA), vertical average
loading rate (VALR), vertical instantaneous loading rate (VILR), and vertical impulse by
13%, 10.9%, 9.3%, and 3.2%, respectively. A 10% cadence increase significantly reduced
PTA (11.5%), VALR (15.6%), VILR (13.5%), and impulse (3.5%). Forefoot striking produced
significantly lower PTA (26.6%), VALR (68.3%), and VILR (68.9%). Habitual forefoot strikers
had lower VALR (58.1%) and VILR (47.6%) compared to rearfoot strikers. Machine-learning
models predicted all four vGRF metrics with mean average errors of 9.5%, 10%, 10.9%, and
3.4%, respectively. Conclusions: This study demonstrates that small-scale modifications
to running technique effectively reduce tibial load estimates. Machine-learning models
offer an accessible, affordable tool for gait retraining by predicting vGRF metrics without
reliance on IMU data. The findings support practical strategies for reducing MTSS risk.

Keywords: musculoskeletal injuries; medial tibial stress syndrome; estimated tibial load;
vertical ground reaction force; tibial acceleration; machine-learning analysis; running
technique; gait retraining; running injuries

1. Introduction
Running is a common activity associated with many sports and is one of the most

popular forms of recreational exercise [1,2]. Although running has numerous health
benefits [3,4], it is also associated with high rates of injury. Each year, approximately 50%
of runners experience injury, with 25% injured at any given time [5]. The most common
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cause of running injury is overuse, with up to 79% of this type occurring at or below the
knee [6,7].

Medial tibial stress syndrome (MTSS) is responsible for 60% of all lower-limb overuse
injuries, affecting up to 35% of athletes and military personnel [8,9]. MTSS is a stress reaction
that occurs in the tibia in response to an increase in load, causing exercise-related diffuse,
aching pain in the lower leg [10]. Research indicates that in most cases MTSS presents
with cortical bone oedema and microtrauma due to repetitive stress and microcracks in the
cortical bone [11]. MTSS can decrease performance, cause chronic pain, and can progress
from cortical microtrauma to tibial stress fracture [10].

There is currently no reliable evidence to support treatment modalities for MTSS
other than prolonged rest and pain medication. However, this was only effective in early
phase, low severity MTSS [8–10,12,13], and full recovery can take up to 18 months [14].
High quality evidence has identified several risk factors for the development of MTSS,
including sex, weight, age, bone density, previous injury, and foot structure [12,15]. These
risk factors have been aggregated into externally validated models that accurately predict
92% of cases [16]. However, most of these risk factors are non-modifiable, and little is
known about optimal loads for rehabilitation, or critical loads for the onset of MTSS.

Tibial load is the most common form of measurement used to assess bone stress risk.
As bone stress reaction and microtrauma are the most likely cause of MTSS symptoms,
this method of assessment is most appropriate [10,17]. However, direct measurement
of tibial load requires surgical insertion of a strain gauge to quantify internal forces [18].
Instead, ground reaction force (GRF) and tibial acceleration (TA) are the most widely
documented forms of estimation in the literature [19,20]. Specifically, vertical GRF (vGRF)
can be evaluated using peaks, rates, and impulse during the stance phase of running.
Prospective and retrospective reports established that runners who sustained tibial stress
fractures and other overuse injuries exhibited increased vertical average loading rates
(VALR), vertical instantaneous loading rates (VILR), and vertical impact peaks (IP) [6,21].
Other research suggests that load volumes may be more associated with increased bone
stress than load peaks [22]. Vertical impulse is an example of a cumulative vGRF metric that
has been examined in relation to running-related injuries and running speed with varying
findings [23–25]. It is yet to be analysed in relation to other aspects of running technique.
Peak axial tibial acceleration (PTA) measured by an inertial measurement unit (IMU) has
been shown to correlate with all vGRF metrics, and is a more accessible, cost-saving,
and practical method of estimating tibial load [17,26–28]. Prospective and retrospective
reports suggest that runners with greater PTA have higher rates of overuse injury and
stress fracture [21,29]. Given the value of vGRF metrics and the relative ease of measuring
PTA, research has proposed the use of machine-learning models to predict vGRF to assist
clinicians in making more informed load decisions. These methods use the more accessible
IMU data to predict vGRF metrics with varying success [30–32]. However, currently there
are no methods of vGRF prediction that do not require access to laboratory equipment.

Gait retraining has been advocated for the prevention and management of MTSS [12],
and generally involves changes to speed, cadence, and foot strike [33,34]. However, the
recent research is contrasting [35–37]. Foot-strike patterns are differentiated by the section
of the foot that makes initial contact and are each associated with individual loading mech-
anisms. A forefoot strike has been suggested to reduce exercise-related lower leg pain [35],
and has been associated with lower rates of injury [36]. But, a shift to a forefoot/midfoot-
strike pattern has shown negligible effects on loading rates [38], and is associated with
increases in tibial load estimates and rates of injury dependent on surface incline [37,39].
Most studies use a single form of tibial load estimation and primarily investigate athletic
populations. Currently, to the knowledge of the research team, there is no study that
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investigates speed, cadence, stride length, and foot strike by analysing multiple tibial
load estimates simultaneously, and no method of estimating vGRF metrics without access
to IMU devices. The primary aims of this study were (1) to determine whether a 10%
increase and decrease in speed causes significant changes to vertical load; (2) whether a
10% increase and decrease in cadence causes significant changes to vertical load; (3) to
investigate the relationship between stride length and vertical load and; (4) to determine
whether a rearfoot or a forefoot foot-strike pattern produces greater vertical load, and if
this is dependent on habitual foot-strike pattern. The secondary aim was to evaluate the
accuracy of machine-learning models to estimate IP, VALR, VILR, and vertical impulse,
with and without reference to IMU data.

It was hypothesised that a decrease in running speed of 10% would result in reduced
vertical load; an increase in cadence of 10% would result in reduced vertical load; decreased
stride length would result in reduced vertical load; and a forefoot strike would produce
less vertical load than a rearfoot strike.

2. Materials and Methods
2.1. Participants

Ethics approval was obtained from the University of Canberra, Human Research Ethics
Committee, for a low-risk project involving humans, on 6 March 2024, Project Number
13393. Participants were volunteers from the student body at the University of Canberra.
Runners/athletes were included if over the age of 18 and participating in sports with a
component of running (at least 15 min, 2 times a week). Participants were excluded if they
had any physical or personal limitations impacting running ability (such as injury, muscle
soreness/hesitance to participate with full capabilities) or a lower limb injury in the last
three months.

2.2. Data Collection

Participants provided information about the nature and volume of weekly running
loads via an online questionnaire prior to testing. Standing height and body mass were
measured, and participants provided their ‘middle-distance’ running tempo speed. This
was followed by a short, standardised warmup involving dynamic stretching, concentric
muscle contraction, aerobic activity, and treadmill safety familiarisation. The primary
researcher increased the speed of the treadmill incrementally until each participant’s
preferred middle-distance running tempo was obtained, and then manually calculated
cadence using the SoundBrenner metronome application (Hong Kong, HK). Experimental
speed (km/h) and cadence (spm) were calculated as ±10% of the preferred tempo. Blue
Trident IMU accelerometers (Vicon, Oxford Metrics, Oxford, UK) were securely attached
bilaterally over the distal anteromedial tibia, three centimetres superior of the medial
malleolus by the primary researcher with anatomy experience. IMUs were secured using
the ankle band provided with the sensors and wrapped with cotton hand-tearable stretch
tape to minimise movement.

All participants completed a 7 min running session on a split belt instrumented
treadmill (Treadmetrix, Park City, UT, USA), with two 900 × 600 mm AMTI (Advanced
Mechanical Technology, Inc., Watertown, MA, USA) force plates sampling at 1000 Hz.
Running cadence was cued to participants via a Bluetooth speaker transmitting audio from
the SoundBrenner phone application, and speed was set using the instrumented treadmill
operating system. The first 1 min interval was completed at a self-selected speed and
cadence, followed by six 1 min intervals at ±10% speed, ±10% cadence, rearfoot strike,
and forefoot-strike patterns, with approximately 30 s in between trials. Order of trials was
randomised within each aspect of running technique, and changes to speed and cadence
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were made in between trials. For foot-strike conditions, participants were cued to contact
the ground with either the heel or the balls of the feet. During all 1 min intervals of running,
kinetic data were recorded on one force plate after 30 s for 10 consecutive gait cycles to
allow for participants to adjust to the treadmill speed and the set cadence. Video footage
was captured for running trials using a Blackfly S BFS-U3-23S3C high-speed video camera
(Vicon, Oxford Metrics, Oxford, UK) sampling at 125 Hz and positioned perpendicular
to the treadmill for a sagittal plane view to determine foot-strike pattern. Footage was
captured and integrated using Vicon Nexus Software (v2.15), and force-plates were zeroed
between trials. IMU data were transferred to Nexus via direct USB connection and video
data were transferred after each participant.

2.3. Sample Size Calculation

Power calculations were conducted using G*Power 3.1 (Heinrich-Heine-Universität
Düsseldorf, Germany) [40] with α < 0.05, ß = 0.80. For speed and cadence, expected effect
sizes were based on IP, VALR, and VILR from Hunter et al. [41] and Wang et al. [42]. To
detect a large effect size using a repeated measures MANOVA for speed and cadence,
12 participants were required. The same number of participants were required to detect a
large effect size for foot strike using a mixed between-within subjects ANOVA. A sample
size of 31 participants was required to detect an r = 0.50 (r2 = 0.23) correlation based on
previous literature [37] using a Pearson product-moment correlation.

2.4. Data Processing and Statistical Analysis

Data were processed using Vicon Nexus software. Force plate and IMU data were
filtered using a fourth-order, low-pass Butterworth filter with cut-off frequencies of 30 Hz,
and 55 Hz, respectively, determined by a residual analysis and visual data inspection [43].
Data were normalised to 101 points between initial contact and toe-off (stance), and between
toe-off and the subsequent initial contact (swing). GRF and TA were extracted in this format
using a custom Python script within Vicon Nexus. Previous literature suggests that at
least eight trials (strides) are necessary for reliable results in running biomechanics [44].
Data from 10 strides were processed for each trial for all participants, resulting in a total
of 1120 strides for analysis. TA was converted to acceleration due to gravity (g), and GRF
was normalised to bodyweight (BW). Foot-strike pattern was determined as the first part
of the foot to contact the ground and assessed as either rearfoot or forefoot. Due to the
small proportion of forefoot runners in this study, midfoot strikers were also classified as
forefoot. Stride length was calculated using the set speed of the treadmill and the average
cadence of the participant. PTA was calculated as the maximum vertical acceleration force
for each stride. IP occurred identified as the maximum point of vGRF scaled by BW. Where
IP was less obvious, it was identified at the minimum positive point of the loading rate
curve at the first negative peak of PTA. Figure 1 outlines this method. VALR was calculated
as the average slope of the curve between 20% and 80% of the time from initial contact
to IP and scaled to BW. Vertical impulse was measured as an estimate of the area under
the force–time curve as the sum of instantaneous axial GRF values for 100 time points.
Time-series data from a representative subject that were used to calculate PTA, IP, VALR,
VILR, and vertical impulse are shown in Figure 1.

Statistical analysis was conducted using Microsoft Excel (Microsoft Corporation, Red-
mond, WA, USA) and IBM SPSS Statistics (Statistical Package for the Social Sciences, Version
29.0.2.0, IMB Corp, Armonk, NY, USA). Mean values for each participant were compiled in
a single spreadsheet, and group means were calculated using these values. Appropriate
assumption testing was conducted accordingly prior to each stage of analysis. Repeated
measures multivariate analyses of variance (MANOVA) and follow up repeated measures
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analyses of variance (ANOVA) were conducted for speed and cadence to determine the
significance of between-group mean differences. In the case of a significant effect, pair-
wise comparisons were interpreted, and partial eta-squared effect sizes were calculated
to determine the weight of the findings. Strength of effect sizes were determined as weak
(η2 = 0.01), moderate (η2 = 0.06), or strong (η2 = 0.14). A series of mixed between-within
subjects’ ANOVAs were conducted to assess the impact of foot-strike pattern on vertical
load. The between-subjects factor was habitual foot strike (habitual rearfoot vs. habitual
forefoot), and the within-subjects factor was the foot-strike condition (preferred strike vs.
forefoot strike vs. rearfoot strike). For the purpose of this study’s scope, only main effects
were interpreted. In the case of a significant effect, simple effects tests were conducted.
Pearson product-moment correlation coefficients were conducted using the stride-by-stride
data to examine the strength and direction of the relationships between running technique
and vertical load. The strength of Pearson’s correlations coefficients was determined as
weak (r < 0.3), moderate (r < 0.5), or strong (r > 0.5).
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Figure 1. (1) Time-series data for a representative subject for peak tibial acceleration (PTA), (2) time-
series data for a representative subject for impact peak (IP), vertical average loading rate (VALR),
vertical instantaneous loading rate (VILR) and vertical impulse, (3) time-series data for a representa-
tive subject for impact peak with no obvious impact peak.

A machine-learning analysis was conducted using Orange Data Mining (University of
Ljubljana, Slovenia) to evaluate the ability of machine-learning models to estimate vGRF
metrics. Stride-by-stride data for BW, height, speed, cadence, stride length (normalised to
height), and foot strike were input into the model. PTA data and participant number were
included after the initial output to assess whether IMU data would be useful to improve the
accuracy of the predictions, and to determine whether the models were simply learning the
patterns for individual participants. Four machine-learning models were tested: gradient
boosting; AdaBoost; random forest; and k-nearest neighbours (kNN). The models that
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were selected are non-parametric, robust to outliers, and make no assumptions about the
data distribution [45]. In line with previous methods, and to avoid overfitting, data were
separated by stratified, replicable sampling into a 75% sample for model training, and
a 25% sample for testing [32,46]. A 10-fold cross-validation method was applied to the
training sample of the data to test the robustness of the models. Mean absolute percentage
error (MAPE), and an r-squared (r2) were used to quantify the accuracy and the proportion
of variance explained by each model, and the most accurate model was selected for testing
on the remaining 25% of the dataset. Shapley additive explanations (SHAP) was used to
assess the importance of each aspect of running technique to the model’s accuracy. Higher
SHAP values represent a greater impact on the model, and positive/negative SHAP values
represent the direction of influence on the model.

3. Results
Sixteen participants met the inclusion criteria and were included in the study (Table 1).

A single participant’s PTA values for the rearfoot condition were removed due to device
malfunction; cases were excluded pairwise.

Table 1. Baseline participant descriptors.

Mean SD

Age (years) 21.69 1.62
Height (m) 1.74 0.08
Mass (kg) 70.75 10.32

Number of running activities > 15 min weekly 3.25 1.13
Months at current load 25.38 26.04

Average running distance per week (km) 16.25 8.19
Average running duration per week (min) 153.75 89.14

3.1. Primary Outcomes
3.1.1. Speed

The MANOVA showed statistically significant differences between preferred, fast, and
slow speed conditions; Wilks’ lambda = 0.057, F (8, 8) = 16.64, p < 0.001, η2 = 0.943. Assump-
tion testing revealed that VALR and VILR breached the assumption of multicollinearity,
thus VALR was analysed using a separate one-way repeated measures ANOVA; Wilks’
lambda = 0.440, F (2, 14) = 8.909, p < 0.003, multivariate η2 = 0.560. PTA, VALR, VILR, and
vertical impulse were significantly lower at 10% reduced speed compared to preferred
speed (13%, 10.9%, 9.3%, and 3.2%, respectively). IP and vertical impulse were significantly
higher at fast speed compared to preferred speed (5.8% and 2.6). All load metrics were
significantly lower at slow speed compared to fast speed, with an 18.4% reduction in PTA,
a 10.3% reduction in IP, a 12.7% reduction in VALR, an 11.6% reduction in VILR, and a 5.6%
reduction in vertical impulse. Pairwise comparisons are shown in Table S1, and boxplots in
Figure S1.

Pearson product-moment correlation coefficients revealed a weak, positive relationship
between PTA and speed, r = 0.215, n = 1110, p < 0.001, a moderate positive correlation for
IP, r = 0.472, n = 1120, p < 0.001, weak positive correlations for VALR and VILR, r = 0.188
and 0.224, respectively, n = 1120, p < 0.001, and a moderate positive correlation for impulse,
r = 0.490, n = 1120, p < 0.001.

3.1.2. Cadence

The MANOVA revealed a statistically significant difference between preferred, fast,
and slow cadence conditions on the combined dependent variables; Wilks’ lambda = 0.160,
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F (8, 8) = 5.234, p = 0.015, η2 = 0.840. The one-way repeated measures ANOVA for VALR
showed a significant effect for cadence; Wilks’ lambda = 0.453, F (2, 14) = 8.455, p < 0.004,
η2 = 0.547. Pairwise comparisons confirmed by follow-up one-way repeated measures
ANOVAs showed that a 10% increase in cadence significantly decreased PTA, VALR, VILR,
and vertical impulse by 11.5%, 15.6%, 13.5% and 3.5%, respectively, and a 10% decrease
in cadence from the preferred significantly increased VALR, VILR, and impulse by 12.2%,
+10.4%, and +3.6%, respectively. PTA, VALR, VILR, and impulse were significantly lower at
slow than fast cadence (18.9%, 24.9%, 21.6%, and 6.8%, respectively). Pairwise comparisons
are shown in Table S2 and boxplots in Figure S2.

There was a moderate, negative correlation between PTA and cadence, r = −0.329,
n = 1110, p < 0.001, with increased cadence associated with decreased PTA. For IP, there
was no significant correlation p = 0.051. For VALR and VILR, there were similar moderate
and weak negative correlations, r = −0.313 and −0.271, respectively, n = 1120, p < 0.001.
For impulse, there was a weak negative correlation, r = −0.276, n = 1120, p < 0.001.

3.1.3. Stride Length

There was a moderate, positive correlation between PTA and stride length normalised
to height, r = 0.360, n = 1110, p < 0.001, with increased stride length associated with increased
PTA. For IP, there was a moderate positive correlation, r = 0.437, n = 1120, p < 0.001 and
for VALR and VILR, there were similar moderate positive correlations, r = 0.336 and 0.341,
respectively, n = 1120, p < 0.001. For impulse, there was a strong positive correlation,
r = 0.516, n = 1120, p < 0.001. Scatter plots are shown in Figure S3.

3.1.4. Foot-Strike Pattern

There were significant main effects for foot-strike pattern for PTA; Wilks’ lambda = 0.187
F (2, 12) = 26.05, p < 0.001, η2 = 0.813, VALR; Wilks’ lambda = 0.176, F (2, 13) = 30.491,
p < 0.001, η2 = 0.820, VILR; Wilks’ lambda = 0.140, F (2, 13) = 39.87, p < 0.001 η2 = 0.860, and
impulse; Wilks’ lambda = 0.457, F (2, 13) = 7.71, p = 0.006, η2 = 0.543. Simple effects tests
and pairwise comparisons highlighted that a forefoot-strike pattern produced significantly
lower vertical load than a rearfoot-strike pattern for PTA, VALR, and VILR (26.6%, 68.3%,
and 68.9%, respectively). Impulse was significantly lower by 4.7% for rearfoot strikers. Ver-
tical load rates for habitual forefoot strikers were significantly lower than habitual rearfoot
strikers (VALR: 58.1% and VILR: 47.6%). Pearson’s correlation coefficients determined a
strong relationship between VALR and foot strike (r = 0.654, n = 1120, p < 0.001), VILR
and foot strike (r = 0.660, n = 1120, p < 0.001) and a weak correlation between PTA and
foot strike, (r = −0.259, n = 1110, p < 0.001) outlining that a rearfoot strike is associated
with higher vertical loads. There was a moderate correlation between impulse and foot
strike (r = −0.334, n = 1120, p < 0.001) that highlighted the opposite relationship. Estimated
marginal means are shown in Figure S4.

3.2. Secondary Outcomes—Machine Learning Analysis
3.2.1. Impact Peak

For IP, cross-validation of the random forest model produced r2 = 0.608, MAPE = 13%
and testing on test data produced r2 = 0.701, MAPE = 9.5%. The comparison between
model outputs is displayed in Table 2. Speed and weight were key contributors to the
model (Figure 2), adding participant number as a predictor made no change and including
PTA values significantly reduced the accuracy of the model.



Biomechanics 2025, 5, 22 8 of 15

Table 2. Cross-validation output on 75% data sample for impact peak.

Model MSE RMSE MAE MAPE R2

kNN 0.080 0.282 0.193 0.135 0.564
Gradient Boosting 0.072 0.268 0.181 0.130 0.607

Random Forest 0.072 0.268 0.181 0.130 0.608
AdaBoost 0.072 0.268 0.188 0.132 0.608

Key: MSE = mean square error, RMSE = root mean square error, MAE = mean average error, MAPE = mean
average percentage error, R2 = r-squared.
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3.2.2. Vertical Average Loading Rate

For VALR, cross-validation of the gradient boosting model produced r2 = 0.835,
MAPE = 10.5% and testing on test data produced r2 = 0.849, MAPE = 10% (Table 3). Foot
strike and cadence were key contributors (Figure 2), and the inclusion of participant or PTA
made negligible change to the accuracy of the model.

Table 3. Cross-validation output on 75% data sample for vertical average loading rate.

Model MSE RMSE MAE MAPE R2

kNN 0.000 0.021 0.015 0.112 0.816
Gradient Boosting 0.000 0.019 0.015 0.105 0.835

Random Forest 0.000 0.020 0.015 0.108 0.828
AdaBoost 0.000 0.020 0.015 0.109 0.824

Key: MSE = mean square error, RMSE = root mean square error, MAE = mean average error, MAPE = mean
average percentage error, R2 = r-squared.

3.2.3. Vertical Instantaneous Loading Rate

For VILR, cross-validation for the gradient boosting model produced r2 = 0.794,
MAPE = 11.8% and testing on test data produced r2 = 0.798, MAPE = 10.9% (Table 4).
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Foot strike and cadence were key contributors (Figure 2); adding a participant made no
change, but adding PTA made a very minor improvement to the accuracy of the model.

Table 4. Cross-validation output on 75% data sample for vertical instantaneous loading rate.

Model MSE RMSE MAE MAPE R2

kNN 0.001 0.028 0.021 0.124 0.769
Gradient Boosting 0.001 0.026 0.020 0.118 0.794

Random Forest 0.001 0.027 0.021 0.119 0.790
AdaBoost 0.001 0.027 0.021 0.121 0.784

Key: MSE = mean square error, RMSE = root mean square error, MAE = mean average error, MAPE = mean
average percentage error, R2 = r-squared.

3.2.4. Vertical Impulse

For vertical impulse, cross-validation for the gradient boosting model produced
r2 = 0.737, MAPE = 3.3% and testing on test data produced r2 = 0.720, MAPE = 3.4%
(Table 5). Height and stride length were key contributors to the model (Figure 2), and
adding participant and PTA made negligible improvement to the accuracy when testing on
test data.

Table 5. Cross-validation output on 75% data sample for vertical impulse.

Model MSE RMSE MAE MAPE R2

kNN 51.273 7.161 5.004 0.033 0.722
Gradient Boosting 48.477 6.963 4.910 0.033 0.737

Random Forest 49.045 7.003 4.926 0.033 0.734
AdaBoost 53.427 7.309 5.181 0.034 0.711

Key: MSE = mean square error, RMSE = root mean square error, MAE = mean average error, MAPE = mean
average percentage error, R2 = r-squared.

4. Discussion
The results of this trial demonstrate that significant increases in vertical load are

associated with a 10% increase in speed, an increase in stride length, a reduction in cadence
of 10%, and a rearfoot strike. In addition, they highlighted that a decrease in vertical
load is associated with a reduction in speed of 10%, a reduction in stride length, a 10%
increase in cadence, and a forefoot strike. The findings support the primary hypothesis.
The results also highlight a strong relationship between speed, cadence, stride length, foot
strike, height, and bodyweight with all four vGRF variables. Incorporating these into a
gradient boosting model yielded an accurate method for estimating key vGRF metrics. This
study provides a framework for gait-change intervention, and a method for estimating
vertical load metrics to inform retraining methods.

A statistically significant difference between preferred, slow, and fast speeds was noted
for estimates of tibial load, with a very large multivariate effect size. These findings build
on those of Sheerin and colleagues [47] and Hunter et al. [41], who reported statistically
significant differences in PTA and VALR across multiple speed conditions. The comparable
weak linear correlation reported by Sheerin et al. highlights the need to account for
individual variability for clinical application. The findings suggest that speed is a major
determinant of vertical loading across different metrics, and they reinforce its probable
role in influencing running mechanics and bone-stress-related injury risk. For cadence,
statistically significant differences between preferred, slow, and fast cadence were noted
for vertical load, with a very large multivariate effect size. Unlike previous studies from
Keast et al. [48] and Yong et al. [49] who determined negligible changes, the present
findings align with Willy et al. [50], and demonstrate that an increase in cadence of 10% can
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significantly reduce vertical load rates. This study used a more diverse participant sample
and incorporated IP as part of the loading rate analysis, offering a more comprehensive
evaluation. Clinically, these results support cadence modification as a viable intervention
to reduce vertical load rates and that it may be an effective method of managing MTSS. The
findings for stride length were similar to cadence due to their well-documented inverse
linear relationship, reported as Pearson’s r = −0.78 [51]. Significant positive correlations
reinforce the role of stride length as a determinant of tibial load. While prior studies from
Derrick et al. [52] and Wang et al. [42], have reported similar trends, the present study
demonstrates that a reduction in stride length through the manipulation of cadence and
speed can effectively reduce vertical loading across multiple metrics. It suggests that
clinically, these targeted strategies may be useful for the management of MTSS. The results
for PTA and foot-strike pattern align with previous findings by Gruber et al. [53] and
Ruder et al. [54], which demonstrated significant increases in PTA with rearfoot striking.
However, the present study found no significant differences in IP between foot-strike
patterns. This contrasts with prior studies, such as Boyer and Derrick [55] and Nordin
et al. [56], likely due to the methodological differences in identifying the absence of a clear
impact peak for forefoot strikers. The contrast between the findings for impulse and peak
loads in the present study are likely explained by the earlier IP in forefoot strikers [56].
Research suggests that forefoot strikers activate plantar-flexor muscles 11% earlier and
they remain activated 10% later than rearfoot strikers [57]. As vertical impulse includes
the area under the active peak, the associated increase is likely due to increased muscle
attenuation. Clinically, the findings suggest that while forefoot striking may reduce peak
loads, it may prolong muscle activation, which could influence rehabilitation strategies for
runners transitioning between foot-strike patterns.

The results from the machine learning analysis revealed that height, bodyweight,
speed, cadence, stride length (normalised to height), and foot-strike pattern can be used
to accurately estimate IP, VALR, VILR, and vertical impulse without the inclusion of PTA.
Overall, the biggest contributors to the gradient boosting model were foot strike and
stride length, which align with the earlier findings. The present study demonstrates that
these variables provide similar MAPE values to accelerometer-driven machine-learning
models [30–32] without requiring access to PTA measurements. The results build on the
previous findings of Newman and coworkers [15] and Shaw and colleagues [16], who
established the key risk factors for the development of MTSS and developed a predictive
model using these factors to estimate military recruits’ risk of developing the condition.
The present study has now established a field-based method of estimating an individ-
ual’s GRF metrics for prevention and provides a framework for intervention informed by
vertica loads.

There are some limitations to this study. Firstly, there was no control group in this
study and there is no consensus on clinically meaningful differences in vertical load met-
rics for MTSS. Gait retraining should, therefore, be implemented on an individual basis.
This trial did not use follow-up to observe the long-term effects of gait changes. While
previous research has linked a forefoot strike to increased rates of calf injuries and Achilles
tendinopathy [58], others show conflicting results [59]. Further large-sample investigation
is warranted. Secondly, the timeframes of an honours project did not allow for further data
collection and may have reduced the strength of correlations. However, repeated measures
were used for correlations and the machine-learning analysis (10 strides per condition per
participant), which is shown to increase statistical power [60]. Additionally, the inclusion of
only five forefoot strikers is representative of the general population (~6%) [61]. Including
midfoot strikers in the forefoot group may have reduced the disparity in impulse and peak
loads between rearfoot and forefoot. However, both forefoot and midfoot runners typically



Biomechanics 2025, 5, 22 11 of 15

have a significantly larger contact area than rearfoot runners [62] and it is common for
studies to combine these groups to improve statistical power, due to these similarities
in running styles [53,54]. It should also be noted that the vertical load metrics used in
this study are not true measures of bone load. While strain gauges or musculoskeletal
modelling could improve accuracy [18,41,63,64], these methods were not feasible within
the scope of this study. Thirdly, normalising data to 101 data points per stride may have
produced minor variations in loading rates and makes direct comparison with literature
reporting in BW/s difficult. Stride length was calculated using the treadmill belt speed
and average cadence, which does not account for small AP movements on foot contact and
individual stride variation. Lastly, the study took place in a controlled laboratory. Tibial
load metrics are subject to change in outdoor conditions with incline and surface [65,66],
and newly learned gait patterns have also been demonstrated not to fully translate to
running in a field environment [67]. Due to the popularity of overground and trail running,
investigation of gait retraining with variations in surface and incline would be beneficial
for real-world application.

The findings of this study suggest that runners can significantly reduce their vertical
load by making 10% changes to speed and cadence, reducing the length of their stride, and
transitioning to a forefoot strike. The machine-learning analysis provides a field-based
algorithm for clinicians to implement these running technique changes with accurate
estimates of how they can influence vGRF metrics. This study presents a cost-effective
method of making informed load decisions by using easily accessible and measurable
aspects of running technique, without requiring access to expensive treadmills. The results
also highlight that IMU sensors are not required to increase the accuracy of these predictions.
As the cohort of the study comprised primarily recreational runners, the findings suggest
that gait retraining may be applicable to this population in addition to athletes and military
personnel. Figure 3 highlights the relationship between speed, cadence, stride length,
foot strike, and VALR (predicted by the random forest model) for a synthetic participant.
The participant is 188 cm tall, weighs 76 kg, preferred speed 12 km/h, preferred cadence
160 spm, and a habitual rearfoot striker. The graph demonstrates that, by decreasing their
preferred speed by 10%, they could reduce their VALR by ~7.5%. By increasing their
cadence by 10%, they could reduce their VALR by ~9%. And, by switching to a forefoot
strike, they could reduce their VALR by 49%.

Future research should investigate the relative importance of peak loads, loading rates,
impulse, and their accumulation in the context of MTSS. Evidence from animal studies
suggests that tibial fatigue is better explained by volume under strain rather than the mag-
nitude of peak strain [22]. Exploration of these vGRF metrics in MTSS populations would
be useful for the clinical application of gait retraining. Additionally, as most prospective
research focuses on stress fracture, it would be valuable to establish clinically meaningful
values and critical levels in MTSS populations. Due to the acknowledged limitations of
bone-load estimates, a similar investigation of the present study using finite element analy-
sis (FEA) would also be valuable. FEA has been used to investigate the mechanisms and
probability of tibial stress fracture [39,63,64] by modelling areas of greatest stress. As MTSS
is suggested to exist on a continuum with stress fracture [10] and is associated with cortical
oedema and microtrauma [11], an investigation of tibial load using FEA is warranted.
Finally, long-term studies are required to assess the retention of gait-retraining in outdoor
environments and sloped conditions, and to better understand the potential adverse effects
of technique change.
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5. Conclusions
This study suggests that clinicians can significantly reduce vertical load using small-

scale changes to running technique, specifically, a 10% speed reduction (PTA, VALR, VILR,
and vertical impulse), a 10% cadence increase (PTA, VALR, VILR, and impulse) and forefoot
striking (PTA, VALR, and VILR). The results establish a practical, accessible, and affordable
method of informing these load-based decisions by allowing clinicians to estimate changes
to key vertical load metrics that can be achieved via gait retraining with 3.4% to 10.9%
mean average error. Further research is required to assess the relative importance of peak
loads, loading rates, and impulse for MTSS, and to determine clinically meaningful targets
for a reduction in these metrics.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/biomechanics5020022/s1, Table S1. Pairwise comparisons for peak
tibial acceleration (PTA), impact peak (IP), vertical average loading rate (VALR), vertical instantaneous
loading rate (VILR), and speed; Figure S1. Boxplots of speed and peak tibial acceleration (PTA),
impact peak (IP), vertical average loading rate (VALR), vertical instantaneous loading rate (VILR),
and vertical impulse. Key: a = sig. different to preferred, b = sig. different to slow, c = sig. different to
fast, X = mean, ____ = median, box = quartiles, whiskers = range, BW = bodyweight; Table S2. Pairwise
comparisons for peak tibial acceleration (PTA), impact peak (IP), vertical average loading rate (VALR),
vertical instantaneous loading rate (VILR), and cadence; Figure S2. Boxplots of cadence and peak tibial
acceleration (PTA), impact peak (IP), vertical average loading rate (VALR), vertical instantaneous
loading rate (VILR), and vertical impulse. Key: a = sig. different to preferred, b = sig. different to slow,
c = sig. different to fast, X = mean, ____ = median, box = quartiles, whiskers = range, BW = bodyweight;
Figure S3. Scatter plots with regression lines for stride length (normalised to height) and peak axial
tibial acceleration (PTA), vertical average loading rate (VALR), vertical instantaneous loading rate
(VILR), and vertical impulse. Key: g = acceleration due to gravity, BW = bodyweight, spm = steps
per minute; Figure S4. Estimated marginal means for foot strike and peak tibial acceleration (PTA),
vertical average loading rate (VALR), vertical instantaneous loading rate (VILR), and vertical impulse.

https://www.mdpi.com/article/10.3390/biomechanics5020022/s1
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