IMPROVING RUNNING PERFORMANCE AND
MONITORING INJURY RISK WITH WEARABLE DEVICES
by
RYAN SKYLER ALCANTARA
B.Sc., Seattle Pacific University, 2011

M.Sc., University of Colorado Boulder, 2019

A thesis submitted to the Faculty of the Graduate School of the

University of Colorado in partial fulfillment
of the requirement for the degree of
Doctor of Philosophy
Integrative Physiology

2021

Committee Members:

Alena Grabowski!, Ph.D. (Faculty Mentor, Chair)
Rodger Kram' Ph.D.

Allison Anderson?, Ph.D.

Brent Edwards?, Ph.D.

Michael Hahn*, Ph.D.

"Department of Integrative Physiology, University of Colorado Boulder

2Smead Department of Aerospace Engineering Sciences, University of Colorado Boulder
3Faculty of Kinesiology, University of Calgary

*Department of Human Physiology, University of Oregon



Alcantara, Ryan Skyler (Ph.D., Integrative Physiology)
Improving Running Performance and Monitoring Injury Risk with Wearable Devices

Thesis directed by Associate Professor Alena M. Grabowski

Aim 1 of my dissertation was to determine the effects of running-specific prosthesis (RSP)
mass on the running economy of long distance runners with a transtibial (below-knee) amputation.
To accomplish this, runners with a transtibial amputation ran with 100 g or 300 g added to their
RSP while I measured metabolic power. I found that metabolic power increased by 0.9% for every
100 g added to the RSP, suggesting that decreases in RSP mass would reduce metabolic power

and likely improve long distance running performance.

Aim 2 of my dissertation was to identify the biomechanical limitations of sprinting on the
flat curves of regulation 200 m and 400 m tracks. To accomplish this, athletes performed a series
of maximum effort sprints on a straightaway and curves while I measured lower body kinematics,
kinetics, and ground reaction forces. I found that the inside and outside leg have distinct
biomechanical functions during curve sprinting and the orientation of the hips, knees, and ankles
affect force production and maximum velocity. These findings highlight opportunities for athletes

to improve their sprinting performance.

Aim 3 of my dissertation was to monitor a runner’s injury risk with wearable devices. To
accomplish this, I first developed a statistical model that uses data from an accelerometer clipped
on the back of an athlete’s running shorts to accurately predict biomechanical variables associated
with the magnitude and duration of external forces applied to the body during level ground running.
Next, I developed a neural network capable of predicting a runner’s ground reaction forces across

a range of speeds and slopes in near-real time. This approach was up to 2x more accurate than

il



current state-of-the-art methods. These findings represent a substantial step towards using
wearable technology to accurately monitor a runner’s injury risk and provide biomechanical

feedback during an outdoor run.

Overall, my dissertation identified physiological factors that limit long distance running
performance and biomechanical factors that limit sprinting performance, and developed methods

to accurately monitor a runner’s injury risk with wearable devices.
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0 Introduction

Improving a runner’s performance depends on the unique biomechanical and physiological
requirements of the race (e.g. 10 km cross country race vs. 400 m track sprint). For example, long
distance running performance can be improved by improving running economy, which is the rate
of metabolic energy expended at a given velocity (Hoogkamer et al., 2016). Improvements in
running economy, and thus improvements in running performance, have been achieved most
notably through novel footwear designs (Hoogkamer et al., 2018) and reductions in footwear mass
(Hoogkamer et al., 2016). Previous research suggests that for every 100 g added to both shoes,
metabolic power increases by ~1% (Frederick et al., 1984). However, similar to shoes, running
specific prosthesis (RSP) mass likely affects running economy in runners with a transtibial (below-
knee) amputation. The first goal of my dissertation was to determine how mass added to an RSP
and to the biological foot affected running economy and thus performance in long distance runners
with unilateral transtibial amputation. In Chapter 1, I determined the effect of RSP and lower leg
mass on metabolic power during running. This study was published in the European Journal of

Applied Physiology.

In contrast to long distance running, improvements in sprinting performance can be
achieved by increasing force production and maximum sprinting velocity (Weyand et al., 2000).
For track and field events like the 200 m and 400 m sprint, more than half the race is run on a curve
(Meinel, 2008) and maximum velocity is slower on a curve than a straightaway (Churchill et al.,
2015). However, the underlying biomechanical mechanisms responsible for this decrease in
maximum velocity are not completely understood. An improved understanding of the limitations
to curve sprinting may provide opportunities to improve sprinting performance. The second goal

of my dissertation was to identify biomechanical factors that limit sprinting performance on flat
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track curves. In Chapter 2, I quantified the distinct biomechanical function of the inside and outside
leg during curve sprinting and thus identified the underlying mechanisms that affect curve
sprinting performance. This manuscript is in preparation for submission to the Journal of Sports
Sciences in the coming months. Together, Chapters 1 and 2 highlight opportunities for long
distance runners and sprinters to understand physiological and biomechanical factors that affect

their performance.

A runner’s performance can be indirectly improved by reducing the occurrence of injuries
that result in lost training or competition opportunities. Long distance runners are particularly
susceptible to stress fractures, an overuse injury that typically occurs in the bones of the feet, legs,
or pelvis and requires month for full recovery (Matheson et al., 1987). The repetitive nature of
running lends itself to overuse injuries, as ground reaction forces (GRFs) of 2 — 3x body weight
(BW) and muscle forces of 6 — 10x BW are exerted on the bones with each step (Scott & Winter,
1990). Measurement of GRFs has led to the identification of biomechanical risk factors for overuse
injuries (Davis et al., 2016) but has historically been restricted to a laboratory environment.
Alternatively, wireless wearable devices like accelerometers can be used to measure
biomechanical variables outside the laboratory and monitor changes in a runner’s injury risk over

the course of a run, or even months of running (Kiernan et al., 2018).

Advances in machine learning algorithms have facilitated the use of wearable devices to
predict a variety of biomechanical variables not directly measured by the device. For example,
accelerometers have been used to predict GRFs and joint moments (torque) during running
(Johnson et al., 2021). Although a promising strategy for measuring a runner’s biomechanics
outside the laboratory, the accuracy of these methods must be improved if they are to be used to

detect changes in biomechanical risk factors. The third goal of my dissertation was to improve the



accuracy of statistical models and machine learning algorithms that use accelerometer data to
predict a runner’s discrete and continuous motion and forces outside the laboratory setting. In
Chapter 3, I developed statistical models that use data from a single accelerometer to predict
biomechanical variables associated with the magnitude and duration of GRFs applied to the body
during level ground running. This study is currently in press in Peer.J. In Chapter 4, I developed a
neural network capable of predicting ground reaction forces across a range of running speeds and
uphill/downhill slopes in near-real time. This study will be submitted to PeerJ in the coming
weeks. Together, Chapters 3 and 4 present strategies for coaches, clinicians, and researchers to

accurately monitor a runner’s injury risk with wearable devices.

In summary, Chapter 1 determined the effects of RSP mass on running economy and
biomechanics for long distance runners with a transtibial amputation. Chapter 2 identified
biomechanical limitations and the distinct functions of the inside and outside leg during maximum
velocity curve sprinting. Chapters 3 and 4 present novel applications of statistical models and

machine learning algorithms to predict GRFs from accelerometer data during running.
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1 Added lower limb mass does not affect biomechanical asymmetry but

increases metabolic power in runners with a unilateral transtibial amputation

We determined the metabolic and biomechanical effects of adding mass to the running-
specific prosthesis (RSP) and biological foot of individuals with a unilateral transtibial amputation
(TTA) during running. 10 individuals (8 males, 2 females) with a TTA ran on a force-measuring
treadmill at 2.5 m/s with 100 g and 300 g added to their RSP alone or to their RSP and biological
foot while we measured their metabolic rates and calculated peak vertical ground reaction force
(VvGRF), stance-average vGRF, and step time symmetry indices. For every 100 g added to the RSP
alone, metabolic power increased by 0.86% (p = 0.007) and for every 100 g added to the RSP and
biological foot, metabolic power increased by 1.74% (p < 0.001) during running. Adding mass had
no effect on peak vGRF (p = 0.102), stance-average vGRF (p = 0.675), or step time (p = 0.413)
symmetry indices. We also found that the swing time of the affected leg was shorter than the
unaffected leg across conditions (p < 0.007). Adding mass to the lower limbs of runners with a
TTA increased metabolic power by more than what has been reported for those without an
amputation. We found no effect of added mass on biomechanical asymmetry, but the affected leg
had consistently shorter swing times than the unaffected leg. This suggests that individuals with a
TTA maintain asymmetries despite changes in RSP mass and that lightweight prostheses could

improve performance by minimizing metabolic power without affecting asymmetry.



1.1 Introduction

Metabolic power and oxygen consumption increases 1% for every 100 g added to each
foot/ankle of runners without amputations across speeds ranging from 3.35 to 4.88 m/s (Frederick
et al. 1984; Franz et al. 2012; Hoogkamer et al. 2016; Divert et al. 2008; Fuller et al. 2015; Martin
1985; Jones et al. 1984; Claremont and Hall 1988; Myers and Steudel 1985) and increased
metabolic power worsens 3000 m running performance (Hoogkamer et al. 2016). While the
directional changes between metabolic power and distance running performance are likely the
same for individuals with and without a transtibial amputation (TTA), the effects of added lower

limb mass on metabolic power for individuals with a TTA is unknown.

Most individuals with a TTA run using a running-specific prosthesis (RSP), which is a
passive-elastic carbon fiber device that lacks an ankle joint and is attached to a carbon fiber socket
that surrounds the residual limb. The effect of increased lower limb mass on metabolic power has
been investigated in runners without a TTA (Modica and Kram 2005; Moed and Kram 2005), but
the use of an RSP in individuals with a TTA likely influences the effect of lower limb mass on
metabolic power. Because an RSP has approximately half the mass of a biological foot and shank
(Briiggemann et al. 2008; De Leva 1996), adding mass to the RSP and biological foot of an
individual with a TTA would result in a relatively larger increase in the mass of their affected leg
compared to their unaffected leg. Thus, adding mass to the RSP may increase metabolic power by
a greater amount in individuals with a TTA compared to values reported in individuals without a

TTA.

The structural and functional differences between the biological foot and ankle and RSP of
an individual with a TTA result in asymmetric running biomechanics (Beck and Grabowski 2017;

Baum et al. 2016; Arellano et al. 2015; McGowan et al. 2012). For example, previous studies
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found that when individuals with unilateral TTAs used a recommended RSP configuration, their
affected leg generated 9% lower stance-average vertical ground reaction forces compared to their
unaffected leg across a wide range of running speeds (3m/s—top speed) (Grabowski et al. 2009;
Baum et al. 2016). In individuals with and without a TTA, asymmetric running biomechanics have
been identified as risk factors for injury (Lloyd et al. 2010; Daly et al. 2016) and increase metabolic
cost (Beck et al. 2017). However, adding mass to the RSP of individuals with a TTA may not
affect the biomechanics of the affected leg. For example, Grabowski et al. (2009) found that adding
100 and 300 g to the RSP of sprinters with a TTA had no effect on leg swing time, stance-average

vGRF, or maximum speed (Grabowski et al. 2009).

When a prosthetist prescribes an RSP to an individual with a TTA, they typically adjust
prosthesis height, stiffness, and alignment to reduce kinematic asymmetries such as step frequency
between legs (Innovations 2014). However, prosthetists are not often equipped to detect and
minimize asymmetries in variables such as peak or stance-average vertical ground reaction force
(vGRF), which have been associated with reductions in metabolic cost during running (Beck et al.
2017). Decreases in peak and stance-average VGRF asymmetry have been achieved by changing
RSP model and height (Beck et al. 2017), but adding relatively small (< 300 g) amounts of mass
to the RSP could increase the affected leg peak and stance-average vGRF (Clark et al. 2017),
decrease asymmetry, and potentially lower metabolic power during running. Determining how
RSP mass affects metabolic cost during running may therefore inform RSP design and
rehabilitation strategies seeking to reduce running injury prevalence and improve running

performance in individuals with a TTA.

We investigated the metabolic and biomechanical effects of adding mass to the RSP alone

or to the RSP and biological foot of individuals with a TTA during running. We hypothesized that



adding mass to the RSP alone would decrease peak vGRF, stance-average vGRF, and step time
asymmetry. Decreased biomechanical asymmetry in individuals with a TTA could potentially
decrease metabolic cost (Beck et al. 2017), but adding mass to the RSP alone may increase
metabolic power due to the additional metabolic energy required to support the increased body
weight and to swing a heavier leg. Thus, we hypothesized that adding mass to the RSP alone would
have no effect on metabolic power due to the offsetting effects of symmetry and biomechanical
changes that increase metabolic power when running with added mass. We also hypothesized that
mass added to the RSP and biological foot would have no effect on peak vGRF, stance-average

VGREF, or step time asymmetry, and would increase metabolic power during running.

1.2 Methods

1.2.1 Participants

Ten individuals (8 males, 2 females; mean + SD: mass 70.3 + 8.3 kg, height 1.76 + 0.09
m, age 38 + 5 years) with a TTA participated. All participants had at least 1 year of experience
using an RSP and reported running at least 3 days per week over the 6 months prior to data
collection. The protocol was approved by the University of Colorado Boulder Institutional Review

Board and all participants provided informed consent prior to participation.

1.2.2 Experimental Protocol

Each participant ran on a force-measuring treadmill (1000 Hz; Treadmetrix, Park City, UT,
USA) while we measured their rates of oxygen consumption and carbon dioxide production via
indirect calorimetry (ParvoMedics TrueOne 2400, Sandy, UT, USA). Participants were instructed
to refrain from eating food or drinking anything but water for the 2 h leading up to data collection.

Following a 5-min warm-up on the treadmill, participants ran at 2.5 m/s for 5 min under 5



conditions in a random order: no added mass, 100 g added to the RSP alone, 300 g added to the
RSP alone, 100 g added to the RSP and biological foot (200 g total), and 300 g added to the RSP
and biological foot (600 g total). Participants were given at least 5 min rest between conditions.
During each trial we monitored respiratory exchange ratios and ensured that participants
maintained primarily aerobic metabolism, indicated by a respiratory exchange ratio < 1.0. We
added 100 g and 300 g to allow for comparison with prior work (Grabowski et al. 2009; Franz et
al. 2012; Hoogkamer et al. 2016). We adhered the center of 100 g (10 cm X 5 cm x 2 cm) and 300

g (10 cm x 10 cm % 3 cm) 10 cm from the distal end of the RSP or shoe (Figure 1.1).

1.2.3 Analysis

We averaged rates of oxygen consumption and carbon dioxide production over the last 2
min of each trial, calculated gross metabolic power (Brockway 1987), and normalized metabolic
power to each participant’s body mass including their RSP and running clothes, but excluding the
100 g or 300 g added mass. At most, the added mass constituted ~1% of a runner’s body mass,
and prior studies have not included this in the normalization of metabolic power (Hoogkamer et
al. 2016; Myers and Steudel 1985; Franz et al. 2012). We measured ground reaction forces for 30
s during the final minute of each condition. We used a custom MATLAB script (Mathworks,
Natick, MA, USA) to filter vGRF data using a zero-lag 4th-order low-pass Butterworth filter with

a 30 Hz cut-off and used ten steps from each leg for analyses (Alcantara 2019). Step time was



Figure 1.1 The center of the added mass was
adhered 10 cm from the distal end of the shoe
on the unaffected leg and of the RSP on the
affected leg.

calculated as the time between a limb’s initial contact with the ground and the initial contact of the
contralateral limb. We defined stance phase as the period when the runner’s vGRF exceeded a 20
N threshold. Stance-average vGRF was normalized to body weight and calculated as the mean
vGRF during ground contact for each of the respective leg’s ten steps. We used the absolute value
of the symmetry index (SI) to determine peak vGRF, stance-average vGRF, and step time
asymmetry between the affected and unaffected leg (Herzog et al. 1989). Symmetry Index is
represented as a percentage (Eq. 1.1) where complete symmetry between the affected and

unaffected leg is 0%:

Unaffected — Af fected
SI = %100 (1.1)
0.5 * (Unaffected — Af fected)

We constructed linear mixed-effects models (a = 0.05) to determine the effect of added
mass on gross metabolic power, peak vGRF SI, stance-average vGRF SI, and step time SI during
running. In each model, condition was considered a fixed effect and participant was considered a

random effect. All models were verified for normality of residuals and homogeneity of variance
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using the Shapiro—Wilk test (oo = 0.05). Non-statistically significant model coefficients were
removed from the model on the basis that the coefficient was not significantly different than 0.
Unstandardized model coefficients (B) are reported alongside the p value or within the model
equation. Model coefficients represent the change in a dependent variable per unit change in an
independent variable. This approach allows us to predict the change in gross metabolic power per
100 g added to the RSP, for example. We analyzed data in R (version 3.5.1) (R Core Team 2019)
using custom scripts and packages (Pinheiro et al. 2018; Wickham 2016). We performed an a priori
power analysis (Faul et al. 2007) based on prior results (Franz et al. 2012; Grabowski et al. 2009)
to determine the appropriate number of participants to include in this study. Ten participants were
needed to achieve a power of 0.9 and determine potential changes in metabolic power and limb

symmetry due to mass added to the lower limbs during running.

We also performed a post hoc analysis to determine if adding mass to the lower limb affects
leg swing time in individuals with a TTA. We calculated leg swing time as the duration between
the end of the stance phase and the start of the subsequent stance phase. We constructed a linear
mixed effects model (a = 0.05) and considered condition a fixed effect and participant a random

effect.

1.3 Results

The mean (+ standard error) metabolic power of running at 2.5 m/s with no added mass
was 11.97 + 0.35 W/kg. For every 100 g added to the RSP alone, gross metabolic power increased

0.86 = 0.25% (p = 0.007; Figure 1.2). When mass was added to the RSP and biological foot, the
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effect approximately doubled as gross metabolic power increased by 1.74 = 0.25% per 100 g added

to each limb (p < 0.001; Figure 1.2).

Figure 1.2 Percentage change in gross
metabolic power for running at 2.5 m/s
without added mass and with added = = RSP
mass of 100 and 300 g. Mass added to —— RSP &Foot
both the RSP alone resulted in a 0.86%
increase in metabolic power (W/kg) per
100 g (p = 0.007; Metabolic Power
[W/kg] = 11.947 + 0.001 x mass [g]).
Mass added to the biological foot and RSP
resulted in a 1.74% increase in metabolic
power per 100 g added to each foot (p <
0.001; Metabolic Power [W/kg] = 11.924
+ 0.002 x mass [g]). Thin lines represent
participant-specific data, where the
dashed lines indicate mass added to the
RSP alone and the solid lines indicate
mass added to RSP and biological foot.
Thick black lines represent model overall
predictions across conditions.

=N
Q

®

@

ind

<

Change in Gross Metabolic Power [%]
I

I
N

0 100 200 300
Mass Added per Limb [g]

When running with no added mass, participants had a mean (= SE) stance-average vGRF
SIof7.39 +£2.03%, peak vGRF SI of 13.95 +2.63%, and step time SI of 5.77 + 1.58%. There was
no significant change in symmetry indices regardless of the amount of mass added (100 or 300 g)
or limb(s) mass was added to (RSP alone or RSP and biological foot). There were no differences
in stance-average VGRF SI, peak vGRF SI, or step time SI between mass added to the RSP alone
or mass added to the RSP and biological foot (p = 0.389, p = 0.442, and p = 0.579, respectively).
Further, there were no effects of added mass on stance-average vGRF SI (p = 0.675), peak vGRF

SI (p =0.102), or step time SI (p = 0.413; Table 1.1).
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When running with no additional mass, participants had a mean (+ SE) leg swing time of
459 £+ 16 ms for the affected leg and 468 + 18 ms for the unaffected leg. This difference between
leg swing times was statistically significant and persisted across added mass conditions. When we
added mass to the RSP and biological foot, unaffected leg swing time was 10 + 3 ms greater than
affected leg swing time (p = 0.007), but there was no effect of added mass on leg swing time (p =
0.228). When we added mass to the RSP alone, unaffected leg swing time was 10 + 3 ms greater
than affected leg swing time (p = 0.005) and for every 100 g added to the RSP alone, swing time

for both legs increased by 5 £ 1 ms (p = 0.001; Figure 1.3).

Table 1.1 Mean (£ SE) symmetry Index (SI) for stance-average vertical ground reaction force
(VGREF), peak vGRF, and step time across all conditions. There were no significant differences
(p > 0.05) between adding mass to the running specific prosthesis (RSP) alone or adding mass to
the RSP and biological foot (both). There were no significant changes in stance-average vGRF SI,
peak vGRF, SI, or step time SI across added mass conditions (p > 0.05).

Mass Added per Limb
Symmetry Index (SI) Location Og 100 g 300 g
Stance-Average RSP 8.35 £1.95% 7.59 £2.06%
7.39 +£2.03%
vGRF SI Both ’ 754 +2.16% 7.68 £2.01%
RSP 14.01 +3.03% 12.33 £2.82%
Peak vGRF SI 13.95 +£2.63%
caxy Both ° 13.40 +2.79% 13.91 +2.43%
RSP 5.75 £1.36% 5.23 £1.29%
Step Ti SI 5.77 +£1.58%
cp Hime Both ’ 5.66 +1.55% 5.77 +1.48%

1.4 Discussion

We reject our first and second hypotheses that mass added to the RSP alone would decrease
peak vGRF asymmetry, stance-average vGRF, and step time asymmetry and have no effect on
metabolic power during running. Although adding mass to the RSP alone reduced the mass
discrepancy between the affected and unaffected leg, adding 100-300 g to the RSP had no effect

on biomechanical asymmetry but increased metabolic power by 0.86% per 100 g added. This
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Figure 1.3 Swing time of the affected leg and 600,
unaffected leg for running at 2.5 m/s without = = Affected Leg
added mass and with added mass of 100 and = Unaffected Leg
300 g to the RSP alone. Across the added mass o
conditions, unaffected leg swing time was 550717 —
greater than affected leg swing time (p = 0.005), '
and swing time of both legs increased by 5 ms
per 100 g (p =0.001; Swing time [ms] =458.01
+ 0.0475 x mass [g] + 10.148 x leg [Affected:
0, Unaffected: 1]). Thin lines represent
participant-specific data, where the dashed lines
indicate the affected leg, and the solid lines
indicate the unaffected leg. Participant number
for unaffected leg swing time is on the left
vertical axis and participant number for affected g

leg swing time is on the right vertical axis. B et
Thick black lines represent model overall sozz-==2iT iU
predictions across conditions. 7
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finding highlights a potential area for RSP development, as a lighter RSP may decrease metabolic
power while having no effect on biomechanical asymmetry. If a long-distance runner with a TTA
was able to decrease their metabolic power using a lighter RSP, they may be able to improve their
running performance due to the association between decreased metabolic power and improved
long distance running performance in individuals without a TTA (Hoogkamer et al. 2016).
Although adding mass to the RSP alone increased metabolic power in the present study, Beck et
al. (2017) found that an optimal combination of RSP model, stiffness, and height increased peak
VvGRF symmetry and decreased metabolic cost of transport during running at 2.5-3.0 m/s (Beck et
al. 2017). Our data suggest that RSP mass does not affect these measures of symmetry, as
participants maintained asymmetric peak vGRF, stance-average vGRF, step time, and leg swing
time despite running with up to 300 g added to their RSP. While RSP mass had no effect on
biomechanical asymmetry, we found that increasing RSP mass increased metabolic power during

running.
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Adding mass to the RSP and biological foot had no effect on peak vGRF, stance-average
vGREF, or step time asymmetry, but increased metabolic power by 1.74% per 100 g added to each
limb (RSP and biological foot), which is greater than the reported ~1% increase in metabolic
power per 100 g added to each foot or ankle in runners without a TTA (Frederick et al. 1984; Franz
et al. 2012; Hoogkamer et al. 2016; Fuller et al. 2015; Martin 1985; Jones et al. 1984; Claremont
and Hall 1988; Myers and Steudel 1985). We failed to reject our third and fourth hypotheses that
mass added to the RSP and biological foot would have no effect on biomechanical asymmetry and
that runners with a TTA would experience an increase in metabolic power when mass is added to
the RSP and biological foot. Further, our data suggest that individuals with a transtibial amputation
may be more metabolically sensitive to mass added to their RSP and biological foot compared to
individuals without an amputation, potentially resulting in even slower long distance running

performances (Hoogkamer et al. 2016).

The location of mass added to a runner’s body has a differential effect on metabolic cost
during running. Teunissen et al. (2007) found that when adding mass around the waist, every 10%
increase in body mass (~6 kg) increased net metabolic power by ~13% to run at 3.0 m/s. The
greater metabolic cost to run was primarily attributed to the increased force generation required to
support body weight (Farley and McMahon 1992; Taylor et al. 1980). We extrapolated these
findings to determine the effect of adding 600 g to the waist, which i1s ~1% of the average
participant body mass and found that every 1% increase in body weight around the waist would
increase net metabolic power by ~1.3%. If a similar mass is added to the lower limbs (300 g on
each foot) of runners without a TTA, prior work (Franz et al. 2012; Hoogkamer et al. 2016)
suggests that metabolic power would increase by ~3%. However, our findings indicate that

metabolic power would increase by 5.2% in runners with a TTA due to the 1.74% increase in
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metabolic power per 100 g on the RSP and biological foot. Further, the mass location affects the
time during a stride that the metabolic penalty occurs. For example, when mass is added to the
waist, the additional metabolic cost occurs during stance phase due to the additional force that the
legs must produce to support the weight of the body during running (Arellano and Kram 2014;
Teunissen et al. 2007; Farley and McMahon 1992; Taylor et al. 1980). But when mass is added to
the feet, the legs need support the increased body weight and raise the foot with the added mass
off the ground, swing it forward, and decelerate it before contacting the ground again (Modica and
Kram 2005; Myers and Steudel 1985; Frederick et al. 1984). Thus, added mass to the feet incurs

an additional metabolic cost during stance and swing phase.

Adding mass to the feet affects the lower leg’s moment of inertia, which influences the
metabolic energy required to swing the leg during running (Myers and Steudel 1985; Modica and
Kram 2005; Martin 1985). We found that runners with a TTA have a larger increase in metabolic
power due to mass added to their RSP and biological foot compared to runners without a TTA
(1.74% vs. ~ 1% increase per 100 g on each foot (Frederick et al. 1984; Franz et al. 2012;
Hoogkamer et al. 2016; Divert et al. 2008). Individuals with a TTA have approximately half the
mass below the knee on their affected leg compared to a biological leg (Briiggemann et al. 2008;
De Leva 1996) and thus 100 g added to the RSP represents a larger relative increase in the lower
leg’s moment of inertia relative to the knee, and presumably requires more metabolic energy to
swing the leg. Using previously published inertial properties for an RSP, socket, and residual limb
of a sprinter with TTAs (Briiggemann et al. 2008), we estimate that adding 100 g to the distal end
of the RSP would increase the affected leg’s moment of inertia by approximately 9% compared to
4% in an individual without a TTA. While the effects of leg moment of inertia on metabolic cost

and muscle activation have been examined during walking in individuals with and without a TTA
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(Royer and Martin 2005; Smith and Martin 2013; Selles et al. 2004), to our knowledge no studies
have quantified the relationship between lower leg moment of inertia and metabolic cost during
running in individuals with a TTA. We suspect that the greater metabolic costs incurred by
individuals with a TTA when mass is added to the RSP are due to these disproportionately larger

inertial loads, but this requires further investigation.

We found that adding mass to the RSP alone or to the RSP and biological foot of runners
with a TTA had no effect on peak vGRF, stance-average vGRF, and step time asymmetry. It is
possible that the mass added to the RSP in the present study was simply not enough to elicit
changes in kinetic or kinematic asymmetry. However, we do not suspect that adding larger
amounts of mass to the RSP would decrease biomechanical asymmetries enough to offset the
increased metabolic power associated with the added mass. Prior work found that a 10% decrease
in peak VGRF SI correlated to a 1.9% decrease in net metabolic cost of transport (energy
expenditure per unit distance instead of unit time) in runners with a TTA (Beck et al. 2017), but
when we added 300 g to the RSP, there was no effect on peak vGRF SI and gross metabolic power
increased by ~2.6%. Thus, it is likely that any decrease in asymmetry would be outweighed by the
metabolic cost of running with an additional mass on the RSP. Affected and unaffected leg swing
time did not change with mass added to the RSP and biological foot, but unaffected leg swing time
was consistently longer than affected leg swing time regardless of whether mass was added or not.
The swing time of both legs increased as mass was added to the RSP alone. Thus, adding mass to
the RSP alone increases affected leg swing time but participants increased unaffected leg swing
time and thereby maintained leg swing time asymmetry. Grabowski et al. (2009) found that swing
time between the affected and unaffected leg did not differ when adding 100 and 300 g to the RSP

compared to no added mass at running speeds of 3 m/s up to maximum speed (Grabowski et al.
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2009). However, our findings do not corroborate those of Grabowski et al. (2009). It is possible
that different results between studies are due to differences in statistical power, as Grabowski et
al. (2009) state that they may have had limited statistical power due to including six participants

in their study (Grabowski et al. 2009).

We chose to add 100 g and 300 g to the RSP and biological foot of our participants to make
direct comparisons to prior work (Frederick et al. 1984; Franz et al. 2012; Hoogkamer et al. 2016).
A future study investigating how metabolic power is affected by adding a proportional amount of
mass to the legs of runners with and without a TTA could further elucidate the effect of added
mass on runner’s feet by effectively normalizing to lower leg mass. However, small amounts of
mass may only be realistically added to the RSP before the socket fit is compromised and becomes
unattached from the residual limb during running. We were unable to compare the effect of added
mass on metabolic power between male and female runners with a TTA because only 2 females
volunteered to participate in the present study. However, we normalized metabolic power to body
mass so that we could quantify the effect of added lower limb mass across participants with
different body masses. Previous work (Frederick et al. 1984; Franz et al. 2012; Hoogkamer et al.
2016; Divert et al. 2008) has determined how oxygen consumption and metabolic power are
affected by adding mass to the shoes of individuals who ran at faster speeds (3.35—4.88 m/s) than
the speed we tested (2.5 m/s), which may limit the generalizability of our findings. Additionally,
Frederick et al. (1984) found that the effect of added mass on oxygen consumption may decrease
with faster speeds (Frederick et al. 1984). While other previous studies have found that metabolic
power and oxygen consumption increases ~1% for every 100 g added to each foot at speeds from
3.35to 3.61 m/s (Franz et al. 2012; Hoogkamer et al. 2016; Divert et al. 2008), it is possible that

runners with a TTA may experience a reduced effect of added mass at speeds faster than 2.5 m/s.
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Further studies are required to better understand the effect of added mass on metabolic power

across a wide range of running speeds.

1.5 Conclusions

Adding 100 and 300 g to the RSP alone increased metabolic power by 0.86% per 100 g
and had no effect on stance-average vGRF, peak vGRF, or step time asymmetry. Adding 100 and
300 g to the RSP and biological foot of runners with a TTA increased metabolic power by 1.74%
per 100 g on each leg. The swing time of the unaffected leg in runners with a TTA was greater
than the swing time of the affected leg across all conditions and adding mass to the RSP alone
increased the swing time of both legs proportionally. Adding mass to the RSP and biological foot
had no effect on stance-average vGRF, peak vGRF, or step time asymmetry. Thus, adding mass to
the RSP alone does not decrease asymmetry and would likely worsen distance running
performance due to the associated increase in metabolic power. In contrast, reducing RSP mass
may improve distance running performance in individuals with a transtibial amputation by

reducing metabolic power while having no effect on biomechanical asymmetry.
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2 Biomechanics of maximum effort sprinting on flat curves

To sprint along a curve, an athlete must produce vertical and centripetal ground reaction
forces (GRFs) to support their body weight and accelerate towards the inside of the curve.
Competitive sprinters navigate different radius curves depending on lane assignment and track
design. GRFs of the inside and outside leg relative to the curve may change with curve radius and
be affected by leg joint kinematics and kinetics. We measured the maximum velocity and leg-
specific GRFs, joint kinematics, and joint kinetics of 9 experienced sprinters (8 M, 1 F; 400 m
personal best: 47.76 + 1.49 s) as they ran at maximum effort on a straightaway, 36.5 m radius
curve, and 17.2 m radius curve. Maximum velocity decreased 8% (0.65 m/s) from the 36.5 m
radius curve to the 17.2 m radius curve (p < 0.001). On the 36.5 m radius curve, the inside leg
produced 0.17 BW greater stance-average centripetal GRFs than the outside leg (p < 0.001) but
there was no difference between inside and outside leg stance-average centripetal GRFs on the
17.2 m radius curve (p = 0.357). The outside leg produced 0.10 BW greater stance-average vertical
GRFs than the inside leg on the 36.5 m radius curve (p = 0.006) and 0.21 greater stance-average
vertical GRFs than the inside leg on the 17.2 m radius curve (p < 0.001). There were differences
between ankle, knee, and hip peak joint angles and moments in the sagittal, frontal, and transverse
planes between legs. We also found that the effect of curve radius on the joint kinematics and
kinetics of the outside leg may differ from those of the inside leg. Our findings indicate that leg-
specific kinematics and kinetics may limit maximum velocity on a curve, which can inform

training programs for athletes seeking to improve curve sprinting performance.
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2.1 Introduction

For outdoor track events such as the 200 m and 400 m sprint, more than half the race is
completed on a flat curve (Meinel, 2008). Maximum sprinting velocity is slower on a curve relative
to a straightaway (Chang & Kram, 2007; Churchill et al., 2015, 2016; Greene, 1985; Jain, 1980)
with smaller curve radii resulting in slower maximum sprinting velocities than larger curve radii
(Chang & Kram, 2007; Greene, 1985; Jain, 1980). Thus, the ability of a sprinter to navigate a

track’s curves likely limits performance in track events like the 200 m and 400 m sprint.

Track and field athletes must navigate a range of curve radii due to lane assignment or track
design. Track curve radii can range from 17.2 m (innermost lane of a regulation 200 m indoor
track) to 45.0 m (outermost lane of a regulation 400 m outdoor track). Previous studies measured
maximum velocity on a curve with a radius equivalent to lane 2 of a 400 m track (37.72 m) and
lane 1 of a 200 m track (17.2 m) and found that maximum velocity decreased 2.3% - 4.7% from
the straightaway to the 37.72 m radius curve (Churchill et al., 2015, 2016) and 8.9% from the
straightaway to the 17.2 m curve (Taboga et al., 2016). Greene (1985) developed a theoretical
mathematical model of the changes in maximum velocity across a wide range of curve radii
(approx. 3 — 30 m), and based the model on experimental data collected on grass and concrete
surfaces (Greene, 1985). To better understand potential performance limitations during track and
field sprints, we determined maximum velocity on curves with radii typical of track and field
competitive conditions, and compared this to theoretical models describing the relationship

between maximum velocity and curve radius.

Sprinting on a curved path requires an athlete to produce centripetal ground reaction forces
(cGRF) to accelerate their body towards the inside of the curve, where maintaining a given velocity

for a smaller curve radius requires an increase in cGRF. Moreover, experimental data show that
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cGRF production of the inside and outside leg likely affects maximum curve velocity (Chang &
Kram, 2007; Churchill et al., 2016; Judson et al., 2019; Luo & Stefanyshyn, 2012a). There is also
evidence that leg-specific cGRF production may change with curve radius, as the inside leg
produces greater cGRF than the outside leg on a 37.72 m radius curve (Churchill et al., 2016) but
lower cGRF than the outside leg on 1 — 6 m radii curves (Chang & Kram, 2007; Smith et al., 2006).
Additionally, vertical ground reaction force (VGRF) production is similar for the inside and outside
leg on a 37.72 m radius curve (Churchill et al., 2016), but the inside leg produced lower vGRF
than the outside leg on 1 — 6 m radii curves (Chang & Kram, 2007). Quantifying leg-specific cGRF
and vGRF may potentially explain changes in maximum velocity when sprinting on curves with

different radii.

The inward lean of the upper body relative to the lower body during curve sprinting places
the inside and outside leg in distinct kinematic configurations in the frontal and transverse planes
(Alt et al., 2015; Churchill et al., 2015; Judson, Churchill, Barnes, Stone, Brookes, et al., 2020).
When sprinting on a curve, peak ankle joint angles in the frontal plane differ between the inside
and outside leg, with the inside ankle everted (up to 35°) and the outside ankle more inverted (2.6
+ 5.1°) (Alt et al., 2015; Luo & Stefanyshyn, 2012a). Previous studies have also found that the
knee of the outside leg had 4° greater peak internal rotation than the knee of the inside leg and that
the hip of the inside leg had 8.3 — 9.8° greater peak adduction than the hip of the outside leg when
sprinting on 36.5 m and 37.72 m radii curves. (Alt et al., 2015; Churchill et al., 2015). These leg-
specific kinematics indicate that the inside and outside leg have distinct biomechanical functions
during curve sprinting and may be responsible for leg-specific differences in force production
(Chang & Kram, 2007, 2007; Churchill et al., 2015; Luo & Stefanyshyn, 2012a), but it is unknown

how kinematic differences are affected by curve radii typical of track and field sprint events.
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Considering the range of radii that track and field athletes navigate, a comparison of leg-specific
kinematics changes between different curve radii may further contribute to our understanding of

the biomechanical limitations to curve sprinting.

Ankle plantarflexor and knee extensor muscles are primarily responsible for vGRF
production when sprinting on a straightaway (Dorn et al., 2012) and directly affect sprinting
performance as greater velocities are primarily achieved via increased stance-average vGRF
(VGRFavg) production (Weyand et al., 2000). The lower extremity moments generated by muscles
surrounding the ankle, knee, and hip joints contribute to the production of VGRF during
straightaway sprinting, but their contribution to cGRF and vGRF production during curve sprinting
is unknown. Prior studies have determined joint moments when navigating a 2.5 m radius curve
(Luo & Stefanyshyn, 2012a, 2012b) and during the start (0 — 12 m) of a sprint on a 37.72 m radius
curve (Judson, Churchill, Barnes, Stone, & Wheat, 2020), but an investigation into joint moments
during maximum velocity sprinting may provide insight into underlying differences in force

production between the inside and outside leg during curve sprinting.

An analysis of maximum effort sprinting and the corresponding changes in velocity, force
production, and lower body biomechanics on curves representative of those experienced by track
and field athletes would identify curve sprinting limitations and provide potential opportunities to
improve curve sprinting performance. We sought to investigate changes in maximum velocity,
force production, joint kinematics, and joint moments of track and field athletes sprinting on a
straightaway and two flat track curves (17.2 m and 36.5 m radii). Based on previous studies
(Churchill et al., 2015, 2016; Taboga et al., 2016) and theoretical models (Greene, 1985), we
hypothesized that: 1) maximum sprinting velocity would decrease on curves relative to a

straightaway, 2) the 17.2 m radius curve would result in slower maximum velocities than the 36.5
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m radius curve, and 3) sprinting in the clockwise (CW) direction on a curve would result in slower
velocities than the counterclockwise (CCW) direction due to training. We also hypothesized that:
4) the inside leg would produce greater cGRFavg than the outside leg on both curves, but 5) the
outside leg would produce greater vVGRFav, than the inside leg on both curves. Based on a previous
study of joint kinematics and kinetics during sprinting on a 36.5 m radius curve (Alt et al., 2015),
we hypothesized that: 6) the inside ankle, knee, and hip would have similar sagittal plane peak
joint angles but different frontal and transverse plane peak joint angles as the outside ankle, knee,
and hip on both curves. Considering the relationship between sagittal plane joint moments and
vGRF, we hypothesized that: 7) peak ankle, knee, and hip sagittal plane moments would be greater
in the outside leg than the inside leg on both curves. In agreement with peak joint moments
measured near the start of a sprint (12 m) on a 37.72 m radius curve (Judson, Churchill, Barnes,
Stone, & Wheat, 2020), we hypothesized that: 8) the inside ankle, knee, and hip would have greater

frontal and transverse plane peak moments than the outside ankle, knee and hip on both curves.

2.2 Methods

2.2.1 Study Population

Nine National Collegiate Athletic Association (NCAA) track and field athletes (8 Male, 1
Female; 200 m personal best: 22.60 + 2.39 s; 400 m personal best: 47.76 + 1.49 s; body mass: 74.6
+ 9.5 kg; height: 1.83 +£0.10 m; age: 21 + 1 years) with curve sprinting experience participated in
this study. Participants reported no musculoskeletal injures at the time of data collection and
provided written informed consent prior to participating in the study. The experimental protocol

was approved by the University of Colorado Boulder Institutional Review Board (#18-0005).

2.2.2 Experimental Design
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Athletes completed a randomized series of 40 m sprints on a flat indoor track. Athletes
were instructed to perform maximal effort sprints on a straightaway and on clockwise (CW) and
counterclockwise (CCW) curves with radii of 17.2 m and 36.5 m, marked with cones and
representative of the innermost lane on a regulation 200 m and 400 m track (Meinel, 2008),
respectively (Figure 1). During competition, the 200 m and 400 m sprint events are performed in
the CCW direction, but we included the CW condition to quantify the effect of curve sprinting
direction on maximum sprinting velocity. Kinematic and kinetic data collected on the CW and
CCW curves were combined to analyze the biomechanics of the inside and outside leg with the
assumption that the left and right legs are symmetric in sprinters without any apparent
musculoskeletal injury. Athletes practiced sprinting on the curves and adjusted their starting
position to allow them to reach maximum sprinting velocity halfway along the straightaway or
curve. Sprints were repeated for each condition until athletes successfully landed on a force plate
with each leg at least once. We considered a trial unsuccessful if an athlete’s foot was not entirely
on the force plate during stance phase or they failed to stay within the lane of the curve
(approximately 1.2 m width) for the entire 40 meters. Data from all successful trials were used for
data analysis. Athletes wore their own spiked sprinting footwear, compression shorts, and were

provided > 8 minutes of rest between trials.
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Figure 2.1 Illustration of the experimental setup (to scale). The force plates and capture volume
were located halfway along the 40 m straightaway and curves. Athletes could adjust their starting
position on the curves to attain maximum sprinting velocity within the capture volume. The
straightaway was rotated 14° relative to the force plates due to the location of the force plates in
the indoor track facility.

2.2.3 Materials

Two force plates (1000 Hz; 1.2 x 0.6 m; AMTI, Watertown, MA, USA) covered in Mondo
(Mondo S.p.A., Alba, Italy) track surface were embedded in the ground so that the top surface was
level with the track and located halfway along the straightaway or curve. Ten motion capture
cameras (200 Hz; 3 x 5 m capture volume; Vicon, Centennial, CO, USA) surrounded the force
plates (Figure 2.1). We adhered retroreflective markers to the pelvis and feet, on joint centers, and
with rigid retroreflective marker clusters tightly strapped to both thighs and shanks to measure
lower body kinematics. Athletes completed standing static trials with calibration markers located
at the greater trochanter, medial femoral epicondyle, lateral femoral epicondyle, medial malleolus,
and lateral malleolus. We used the standing trial to define a neutral pose and thus represented 0°

for the ankle, knee, and hip joint angles.

2.2.4 Processing
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Data processing was performed in MATLAB (R2020a; Mathworks, Natick, MA, USA)
with custom scripts and packages (Alcantara, 2019). 3D GRFs and kinematic data were filtered
with a 4" order zero-lag low-pass Butterworth filter with a 50 Hz cutoff. GRFs and kinematic data
were filtered identically to avoid introducing artefacts into joint moment calculations due to

different filter parameters (Bezodis et al., 2013; Bisseling & Hof, 2006).

To measure cGRF during the stance phase, we used a 5 N vGRF threshold and transformed
the local coordinate system of the force plate so that the horizontal axes were aligned relative to
the position of the athlete on the curve. On the curve conditions, this was accomplished by
projecting the horizontal forces on new coordinate system vectors rotated by the angle formed by
the 3" metatarsal head marker at the time of peak vertical GRF, the center of the curve, and the
origin of the global coordinate system (where the horizontal axes of the force plate are tangential
and radial). The transformed horizontal axes were rotated < 3° from the force plate’s original
coordinate system. It was necessary to rotate the straightaway by 14° due to the location of the
force plates in the indoor track facility (Figure 1). Thus, we projected the horizontal forces

collected on the straightaway on new coordinate system vectors rotated by 14°.

Joint kinetics and kinematics were calculated using a rigid-segment model in Visual3D (C-
Motion, Rockville, MD, USA). Internal joint moments were normalized to body weight (BW) and
the duration of the stance phase. Joint angles were defined as the rotation of the distal segment
relative to the proximal segment where 0° represents the orientation of the joint during the standing
trial and were normalized to the duration of the stance phase. Left leg joint angles and moments in
the frontal and transverse planes were multiplied by -1 to match the direction of the right leg’s

joint angles and moments.
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For the curve conditions, we measured sprinting velocity using the average pelvis marker
velocity, which was calculated using markers located bilaterally on the iliac crests, anterior
superior iliac spines, and posterior superior iliac spines. Sprinting velocity was averaged over the
length of the capture volume (~5m) for the curve conditions. Due to the location of the force plates
in the indoor track facility, athletes were unable to adjust their starting position backwards on the
straightaway to ensure that maximum velocity was attained within the capture volume. Thus, we
used a radar gun (47 Hz; Stalker ATS II, Applied Concepts Inc, Plano TX) to measure the
maximum sprinting velocity along the 40 m straightaway. We used the maximum value from a
moving average of the radar gun velocity data (0.32 s window) to determine maximum sprinting

velocity on the straightaway.

We calculated discrete variables individually for the inside and outside leg during the curve
sprinting conditions and averaged between legs for the straightaway condition. We calculated peak
3D angles for the ankle, knee, and hip during the stance phase to allow for comparison with
previous studies (Alt et al., 2015; Churchill et al., 2015; Judson, Churchill, Barnes, Stone, Brookes,
et al., 2020; Luo & Stefanyshyn, 2012a). We also calculated peak joint moments for the ankle,
knee, and hip to allow for comparison with previous studies (Judson, Churchill, Barnes, Stone, &

Wheat, 2020; Luo & Stefanyshyn, 2012b).

2.2.5 Analysis

Data analysis was performed in R (version 3.6.3) using custom scripts and packages
(Lenth, 2020; Pinheiro et al., 2020; R Core Team, 2020; Wickham, 2009; Wickham et al., 2020;
Wickham & RStudio, 2020). We used a paired t-test (o = 0.05) to compare maximum curve
sprinting velocity to Greene’s (Equation 11 in Greene, 1985) predictions. We constructed linear

mixed-effects models to quantify changes in maximum velocity, force production, joint
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kinematics, and joint kinetics across conditions. We considered curve running direction (CCW,
CW), and condition (straightaway, 17.2 m radius curve, 36.5 m radius curve), and leg side (inside,
outside) as categorical fixed effects and athlete as a random effect. Models were first constructed
with interaction terms, but non-statistically significant model coefficients were removed from the
model on the basis that the coefficient was not significantly different than zero. When statistically
significant (p < 0.05) interactions were present, we performed post-hoc pairwise comparisons to
analyze simple effects and applied the Bonferroni correction method to each family of
comparisons. We report the numerical difference between each level of a fixed effect (e.g. inside

vs. outside leg) or the unstandardized model coefficients (B) alongside the p value.

2.3 Results

2.3.1 Velocity

The linear mixed-effects model revealed that maximum sprinting velocity on the straightaway
(9.12 m/s) was 11.7% faster than on the 17.2 m radius curve in the CW direction (B = 1.07 m/s; p
< 0.001) and 10.2% faster than the CCW direction (B = 0.93 m/s; p < 0.001; Figure 2.2).
Additionally, maximum sprinting velocity on the straightaway was 4.3% faster than on the 36.5 m
radius curve in the CW direction (B = 0.39, p <0.001) and 3.4% faster than the CCW direction (B

=0.31 m/s; p <0.001).

We found no interaction effect of sprinting direction and curve radius on maximum
sprinting velocity (p = 0.479), indicating that the effect of curve radii and sprinting direction on
maximum sprinting velocity were not dependent upon each other. For a given sprinting direction,
maximum sprinting velocity on the 36.5 m radius curve was 8.0% greater than on the 17.2 m radius

curve (B =0.65 m/s; p <0.001). For a given curve radius, maximum sprinting velocity in the CCW
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direction was 1.4% faster than the CW direction (B=0.11 m/s; p=0.001). Greene (1985) presented
an equation (Eq. 11) that predicts that, regardless of sprinting direction, the maximum velocity of
the athletes in the present study should decrease by 5.8 £ 0.9% from the 36.5 m to the 17.2 m
radius curve (Greene, 1985). Combining data from both sprinting directions, maximum velocity
decreased by 7.2 + 2.4%, which was significantly greater than the change predicted by Greene

(paired two-tailed t test, p = 0.048).
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2.3.3 Centripetal Forces

We found a significant interaction effect of curve radius and inside or outside leg on cGRFayg (p
= 0.029). On the 36.5 m radius curve, cGRFayg for the inside leg was 0.48 BW, which was 0.10
BW greater than for the outside leg (p < 0.001), but there was no significant difference (p = 0.357)
in cGRFay, between the inside (0.68 BW) and outside leg (0.645 BW) on the 17.2 m radius curve

(Figure 3A). cGRFavgon the 17.2 m radius curve was 0.21 BW greater than on the 36.5 m radius
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curve for the inside leg (»p < 0.001) and 0.27 BW greater than the 36.5 m radius curve for the

outside leg (p <0.001).
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Figure 2.3 Stance-average centripetal and vertical ground reaction force (GRF) on the 17.2
m and 36.5 m radii curves. Error bars represent 1 standard deviation from the mean across
athletes. A) Stance-average centripetal GRF for the inside leg was 0.17 BW greater than for the
outside leg only on the 36.5 m radius curve (p < 0.001). B) Stance-average vertical GRF for the
inside leg was 0.21 BW lower than for the outside leg on the 17.2 m radius curve (p <0.001) and
0.10 BW lower than for the outside leg on the 36.5 m radius curve (p = 0.006).

2.3.3 Vertical Forces

Mean + SD vGRFayg on the straightaway was 1.91 + 0.16 BW. There was no significant
difference between vGRFavg when sprinting on the straightaway compared to the inside leg (p =
0.183) or outside leg (p = 0.070) on the 36.5 m radius curve. On the 17.2 m radius curve, the inside
leg VGRF avg was 0.22 BW lower than on the straightaway (p < 0.001), but the outside leg VGRF avg

was not significantly different than on the straightaway (p = 0.730).

We found a significant interaction effect of curve radius and inside or outside leg on

VGRFavg (p = 0.009). VGRFay; of the inside leg was 1.70 BW on the 17.2 m radius curve, which
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was 0.17 BW lower than on the 36.5 m radius curve (p < 0.001). Stance average vGRF of the
outside leg had was not significantly different (p = 0.101) between the 17.2 m (1.90 BW) or 36.5
m radius (1.97 BW) curves. VGRF g of the inside leg was 0.21 BW (p < 0.001) and 0.10 BW (p
= 0.006) lower than the outside leg on the 17.2 m and 36.5 m radii curves, respectively (Figure

2.3B).

2.3.4 Joint Kinematics

Sagittal Plane

There was no interaction effect of curve radius and inside or outside leg on peak ankle
dorsiflexion angle (p = 0.378). The peak ankle dorsiflexion angle was 18.3° on the 36.5 m radius
curve and 16.9° on the 17.2 m radius curve for the outside leg, which was 5.0° greater than the
peak ankle dorsiflexion angle for both curve radii for the inside leg (p < 0.001; Figure 2.4A).
There was no significant effect of curve radius on the peak ankle dorsiflexion angle for the inside

or outside leg (p = 0.107).

There was no interaction effect of curve radius and inside or outside leg on peak knee
flexion angle (p = 0.791). The peak knee flexion angle was 44.4° on the 36.5 m radius curve and
46.1° on the 17.2 m radius curve for the outside leg, which was 3.3° greater than the peak knee
flexion angle for the inside leg (p < 0.001; Figure 2.4D). Peak knee flexion was 1.7° lower when

sprinting on the 36.5 m radius curve compared to the 17.2 m radius curve for both legs (p = 0.044).

There was no interaction effect of curve radius and inside or outside leg on peak hip flexion
(p =0.119) or hip extension (p = 0.133) angles. The peak hip flexion angle was 44.0° on the 36.5
m radius curve and 48.6° on the 17.2 m radius curve for the outside leg, which was 2.0° less than

the peak hip flexion angle for the inside leg (p < 0.0232; Figure 2.4G). The peak hip extension
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angle was 9.5° on the 36.5 m radius curve and 7.7° on the 17.2 m radius curve for the outside leg,
which was 2.1° greater than the peak hip extension angle for the inside leg (p = 0.019). For both
legs, peak hip flexion was 4.7° lower when sprinting on the 36.5 m radius curve compared to the
17.2 m radius curve (p < 0.001), but peak hip extension angle was 1.8° greater when sprinting on

the 36.5 m radius curve compared to the 17.2 m radius curve (p = 0.048).

Frontal Plane

There was a significant interaction effect of curve radius and inside or outside leg on peak ankle
eversion (p < 0.001). The peak ankle eversion angle was 28.0° on the 36.5 m radius curve for the
inside leg, which was 29.9° more everted than the peak ankle eversion angle for the outside leg on
the 36.5 m radius curve (p < 0.001). The peak ankle eversion angle was 36.5° on the 17.2 m radius
curve for the inside leg, which was also 43.6° more everted than the outside ankle on the 17.2 m
radius curve (p < 0.001). Peak ankle eversion increased 8.46° from the 36.5 m to 17.2 m radius
curve for the inside leg (p <0.001), while peak ankle inversion increased 5.21° from the 36.5 m to

17.2 m radius curve for the outside leg (p < 0.001; Figure 2.4B

There was no significant interaction effect of curve radius and inside or outside leg on peak
knee frontal plane angle (p = 0.137). The peak knee adduction angle when sprinting on the 36.5 m
radius curve was 2.2° greater than on the 17.2 m radius curve for both legs (p < 0.001; Figure
2.4E). For both curve radii, the peak knee adduction angle of the inside leg was 3.9° greater than

the peak knee adduction angle of the outside leg (p < 0.001).
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Figure 2.4 3D joint angles of the ankle, knee, and hip as a percentage of the stance phase
averaged across athletes. The inside leg is represented by a solid line and the outside leg is
represented by a dashed line. Colors denote the 17.2 m radius curve (blue) and 36.5 m radius curve
(orange). Int. Rot. and Ext. Rot. are internal and external rotation, respectively.
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There was a significant interaction effect of curve radius and inside or outside leg on peak
hip frontal plane angle (» <0.001). The peak hip adduction angle of the inside leg was 6.0° greater
than the peak hip adduction angle of the outside leg on the 36.5 m radius curve (p < 0.001), but
11.7° greater than the peak hip adduction angle of the outside leg on the 17.2 m radius curve (p <
0.001; Figure 2.4H). The peak hip adduction angle of the inside leg increased by 2.7° from the
36.5 m to the 17.2 m radius curve (p = 0.027), but the peak hip adduction angle of the outside leg

decreased by 3.1° from the 36.5 m to the 17.2 m radius curve (p = 0.004).

Transverse Plane

There was no interaction effect of curve radius and inside or outside leg on peak ankle
internal rotation (p = 0.968). Additionally, there was no significant difference in peak ankle
internal rotation angle between both curve radii (p = 0.818) or the inside and outside leg (p = 0.336;

Figure 2.4C).

There was no interaction effect of curve radius and inside or outside leg on peak knee
internal rotation (p = 0.596). For both legs, peak knee internal rotation when sprinting on the 36.5
m radius curve was not significantly different than when sprinting on the 17.2 m radius curve (p =
0.638), but the outside leg had a 5.2° greater peak knee internal rotation angle than the inside leg

(p = 0.034) on both curve radii (Figure 2.4F).

There was a significant interaction effect of curve radius and inside or outside leg on peak hip
internal rotation (p = 0.033). When sprinting on the 36.5 m radius curve, there was no significant
difference between the peak hip internal rotation of the inside leg and the outside leg (p = 0.457;
Figure 2.41). However, the peak hip internal rotation angle of the outside leg was 5.3° greater than

the peak hip internal rotation angle of the inside leg when sprinting on the 17.2 m radius curve (p
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<0.001). The peak hip internal rotation angle of the inside leg decreased by 4.1° from the 36.5 m
to the 17.2 m radius curve (p = 0.018), but there was no significant difference in the peak internal

rotation angle of the outside leg between the 36.5 m and 17.2 m radii curves (p = 0.929).

2.3.5 Joint Kinetics

Sagittal Plane

There was no interaction effect of curve radius and inside or outside leg on peak ankle
plantarflexion moment (p = 0.585). For both legs, the peak ankle plantarflexion moment was 0.04
BW®*m greater when sprinting on the 36.5 m radius curve than the 17.2 m radius curve (p = 0.002;
Figure 2.5A). The peak ankle plantarflexion moment of the outside leg was 0.06 BW*m greater
than the peak ankle plantarflexion moment of the inside leg when sprinting on both curve radii (p

<0.001).

There was no interaction effect of curve radius and inside or outside leg on peak knee
extension moment (p = 0.730). Additionally, there was no significant difference in peak knee
extension moment between both curve radii (p = 0.391) or the inside and outside leg (p = 0.284;

Figure 2.5D).

There was no interaction effect of curve radius and inside or outside leg on peak hip flexion
(p = 0.607) or extension (p = 0.688) moments (Figure 2.5G). The peak hip flexion moment was
not significantly different between the inside and outside leg (p = 0.502) or when sprinting on the

36.5 m and 17.2 m radii curves (p = 0.180). The peak hip extension moment was not significantly
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different between the inside and outside leg (p = 0.525) or when sprinting on the 36.5 m and 17.2

m radii curves (p = 0.427).
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2.5 Internal 3D joint moments for the ankle, knee, and hip as a percentage of stance phase
averaged across athletes. The inside leg is represented by solid lines and the outside leg is
represented by dashed lines. Colors denote the 17.2 m radius curve (blue) and 36.5 m radius curve
(orange). Int. Rot. and Ext. Rot. are internal and external rotation, respectively.
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Frontal Plane

There was a significant interaction effect of curve radius and inside or outside leg on peak
ankle inversion moment (p = 0.005). The peak ankle inversion moment of the inside leg was 0.06
BW*m greater than the peak ankle inversion moment of the outside leg on the 17.2 m radius curve
(p <0.001), but the peak ankle inversion moment for both legs were not significantly different on
the 36.5 m radius curve (p = 0.692; Figure 2.5B). The peak ankle inversion moment of the inside
leg did not change across both curve radii (p = 0.466), but the peak ankle inversion moment of the
outside leg decreased 0.04 BW*m from the 36.5 m radius curve to the 17.2 m radius curve (p =

0.004).

There was no interaction effect of curve radius and inside or outside leg on peak knee
abduction moment (p = 0.160). Across both curve radii, there was a knee adduction moment for
the outside leg while there was a significantly different knee abduction moment for the inside leg
(» <0.001; Figure 2.5E). Both legs had a 0.04 BW*m greater peak knee abduction moment on

the 36.5 m radius curve than the 17.2 m radius curve (p <0.001).

There was a significant interaction effect of curve radius and inside or outside leg on peak
hip abduction moment (p = 0.015). The peak hip abduction moment of the inside leg was 0.23
BW*m (p < 0.001) and 0.32 BW*m (p < 0.001) greater than the peak hip abduction moment of
the outside leg on the 36.5 m radius curve and the 17.2 m radius curve, respectively. The peak hip
abduction moment of the inside leg did not change from the 36.5 m radius curve to the 17.2 m
radius curve (p = 0.998), but the peak hip abduction moment of the outside leg was 0.09 BW*m

greater on the 36.5 m radius curve than on the 17.2 m radius curve (p <0.001; Figure 2.5H).
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Transverse Plane

There was no interaction effect of curve radius and inside or outside leg on peak ankle
external rotation moment (p = 0.582). There was no effect of curve radius on peak ankle external
rotation moment (p = 0.502), but the peak ankle external rotation moment of the inside leg was
0.02 BW*m greater than the peak ankle external rotation moment of the outside leg (p = 0.043;

Figure 2.5C).

There was a significant interaction effect of curve radius and inside or outside leg on peak
knee moment in the transverse plane (p = 0.043). There was a knee internal rotation moment for
the inside leg while there was a significantly different knee external rotation moment for the
outside leg on the 36.5 m (p <0.001) and 17.2 m radii curves (p < 0.001; Figure 2.5F). The peak
knee internal rotation moment of the inside leg did not change from the 36.5 m to the 17.2 m radius
curve (p = 0.495), but the peak knee external rotation moment of the outside leg increased 0.02

BW*m from the 36.5 m to the 17.2 m radius curve (p = 0.026; Figure 2.5F).

There was a significant interaction effect of curve radius and inside or outside leg on peak
hip external rotation moment (p < 0.001). The peak hip external rotation moment of the inside leg
was 0.12 BW*m (p <0.001) and 0.21 BW*m (p <0.001) greater than the peak hip external rotation
moment of the outside leg on the 36.5 m radius curve and 17.2 m radius curve, respectively (Figure
2.5I). The peak hip external rotation moment of the outside leg did not change from the 36.5 radius
curve to the 17.2 m radius curve (p = 0.640), but the peak hip external rotation moment of the

inside leg increased 0.07 BW*m from the 36.5 m radius to the 17.2 m radius curve (p = 0.004).

2.4 Discussion
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We partially reject our first hypothesis that maximum sprinting velocity would decrease on
flat curves compared to the straightaway. Contrary to previous studies (Chang & Kram, 2007;
Churchill et al., 2015, 2016; Greene, 1985; Jain, 1980; Taboga et al., 2016), some athletes achieved
faster velocities when sprinting CCW on the 36.5 m radius curve than when sprinting on the
straightaway (Figure 2.2). We suspect that this result is due to the straightaway condition being
randomly assigned to be the last condition for 4 out of 9 athletes. Three of these athletes ran faster
on the 36.5 m radius curve than on the straightaway. It is possible that these athletes experienced
fatigue after performing multiple sprinting trials even with unrestricted recovery time between
trials and were unable to achieve their maximum velocity on the straightaway. This may also be
responsible for the 2.2% discrepancy between our velocity data and the predictions from Greene’s
theoretical model (Greene, 1985), as the model’s predictions depend on the sprinter’s maximum

velocity on a straightaway.

Our findings support our second and third hypotheses that maximum sprinting velocity
would decrease with curve radius and that sprinting in the CW direction would elicit slower
velocities than the CCW direction. We found that the 17.2 m radius curve elicited maximum
sprinting velocities that were 8% slower than the 36.5 m radius condition, regardless of sprinting
direction. Additionally, we found that athletes were 1.4% slower in the CW direction compared to
the CCW direction regardless of the curve radius. This effect of sprinting direction is similar to
the 1.9% decrease in maximum curve-running velocity on a 17.2 radius curve (Taboga et al., 2016)
and may be attributed to familiarity of sprinting in the CCW direction for competitions. Our
findings are in agreement with previous studies that show maximum velocity decreases as curve

radius decreases (Chang & Kram, 2007; Greene, 1985; Jain, 1980).
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We partially reject our fourth hypothesis that the inside leg would produce greater cGRF avg
than the outside leg on both curve radii. The greater cGRFavg produced by the inside leg on the
36.5 m radius curve is consistent with previous studies investigating leg-specific cGRF on a curve
radius of 37.72 m (Churchill et al., 2016; Judson et al., 2019), but contradict results from running
on curve radii <6 m (Chang & Kram, 2007). At curve radii < 6 m, the outside leg produces greater
cGRF than the inside leg, similar to performing a “cutting” maneuver during running (Chang &
Kram, 2007; Rand & Ohtsuki, 2000). We found that the inside leg produced greater cGRFavg than
the outside leg on the 36.5 m radius curve, but there was no significant difference between the
inside and outside leg cGRF on the 17.2 m radius curve (Figure 2.3B). These findings highlight a
potential transition in how the inside and outside leg produce the necessary cGRF to navigate
smaller curve radii and may partially explain results from studies that collected data on small (1 —
6 m) and large (37.72 m) radii curves. Further research is necessary to confirm the interaction

effect of curve radius and inside or outside leg on cGRF.

Our findings support our fifth hypothesis that the outside leg would produce greater
VGRFavg than the inside leg on the 36.5 m and 17.2 m radii curves. We found that vGRFavg was
0.10 —0.21 BW greater for the outside leg compared to the inside leg (Figure 2.3B). Considering
the role of the ankle plantarflexor muscles in vGRF production and sprinting performance (Dorn
et al., 2012; Weyand et al., 2000), the greater vVGRF v produced by the outside leg may be due to
the greater peak ankle plantarflexion moment of the outside leg compared to the inside leg (Figure

2.3A).

We reject our sixth hypothesis that ankle, knee, and hip kinematics would be similar in the
sagittal plane but different in the frontal and transverse planes for inside and outside legs during

curve sprinting. We found that peak ankle dorsiflexion angle was 5° smaller for the inside leg than
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the outside leg and that the ankle was 29.9 — 43.6° more everted for the inside leg than the outside
leg during curve sprinting (Figure 2.4B). Previous research has found that ankle plantarflexion
moments decrease when the ankle experiences ~35° eversion (Luo & Stefanyshyn, 2012b), which
may explain why peak ankle plantarflexion moment was lower for the inside than the outside leg
on both curve radii (Figure 2.5A). Contrary to our sixth hypothesis, we also found that the peak
knee flexion angle was greater for the outside leg and that the peak hip flexion angle was lower,
but the peak hip extension angle was greater for the outside leg than the inside leg. Similar to
previous data collected on a 36.5 m radius curve, we found that the peak hip adduction angle was
greater for the inside leg than the outside leg on the 36.5 and 17.2 m radii curves (Figure 2.4H).
Overall, these findings suggest that a smaller curve radius affects the kinematics of each joint
differently and are in agreement with previous studies suggesting that the inside and outside legs

have distinct kinematic configurations during curve sprinting.

We partially reject our seventh hypothesis that sagittal plane joint moments would be
greater in the outside leg than the inside leg. Although we found that the peak ankle plantarflexion
moment was greater for the outside leg than the inside leg, we also found no effect of inside or
outside leg on knee and hip peak sagittal plane moments. Additionally, we found no effect of curve
radius on knee and hip peak sagittal plane moments, suggesting that the function of knee extensor
muscles during curve sprinting did not change despite changes in curve radius, velocity, and leg-

specific force production.

Our findings support our eighth hypothesis that the ankle, knee, and hip would have greater
frontal and transverse plane peak moments for the inside leg than the outside leg. We found that
the peak ankle inversion moment (Figure 2.5B) and peak external rotation moment were greater

for the inside leg (Figure 2.5C) than the outside leg during curve sprinting. We also found that
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there was a knee abduction moment for the inside leg while there was a knee adduction moment
for the outside leg during curve sprinting, similar to what has been observed during the start of a
sprint on a 37.72 m radius curve (Judson, Churchill, Barnes, Stone, & Wheat, 2020). Peak hip
moments also differed between the inside and outside leg, with greater hip peak abduction and
external rotation moments for the inside leg than the outside leg (Figure 2.5H). These findings
suggest that the changes in leg-specific force production as curve radius decreased from 36.5 m to
17.2 m may be accomplished via changes in sagittal plane plantarflexion moments and non-sagittal

plane moments at the ankle, knee, and hip.

3.5 Conclusions

We identified distinct kinematic and kinetic functions of the inside and outside leg during
maximum velocity curve sprinting. We also observed how leg-specific kinematics and kinetics can
change as curve radius decreases from 36.5 m to 17.2 m. cGRF production is crucial to maintaining
a given velocity with a smaller curve radius and our findings suggest that changes in leg-specific
kinematics and kinetics occur in an effort to meet the increased cGRF requirements during
maximum velocity curve sprinting. The underlying mechanics of maximal effort curve sprinting
may also inform the training program of sprinters, who may benefit from strengthening ankle
plantarflexors or knee and hip stabilizing muscles under kinematic configurations typical to curve

sprinting to potentially improve performance.
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3 Sacral acceleration can predict whole-body Kkinetics and stride kinematics

across running speeds

Stress fractures are injuries caused by repetitive loading during activities such as running.
The application of advanced analytical methods such as machine learning to data from multiple
wearable sensors has allowed for predictions of biomechanical variables associated with running-
related injuries like stress fractures. However, it is unclear if data from a single wearable sensor
can accurately estimate variables that characterize external loading during running such as peak
vertical ground reaction force (VGRF), vertical impulse, and ground contact time. Predicting these
biomechanical variables with a single wearable sensor could allow researchers, clinicians, and
coaches to longitudinally monitor biomechanical running-related injury risk factors without
expensive force-measuring equipment. We quantified the accuracy of applying quantile regression
forest (QRF) and linear regression (LR) models to sacral-mounted accelerometer data to predict
peak vGRF, vertical impulse, and ground contact time across a range of running speeds. Thirty-
seven collegiate cross country runners (24 females, 13 males) ran on a force-measuring treadmill
at 3.8 — 5.4 m/s while wearing an accelerometer clipped posteriorly to the waistband of their
running shorts. We cross-validated QRF and LR models by training them on acceleration data,
running speed, step frequency, and body mass as predictor variables. Trained models were then
used to predict peak vGRF, vertical impulse, and contact time. We compared predicted values to
those calculated from a force-measuring treadmill on a subset of data (n = 9) withheld during
model training. We quantified prediction accuracy by calculating the root mean square error
(RMSE) and mean absolute percentage error (MAPE). The QRF model predicted peak vGRF with
a RMSE of 0.150 body weights (BW) and MAPE + SD of 4.27 + 2.85%, predicted vertical impulse

with a RMSE of 0.004 BW*s and MAPE of 0.80 + 0.91%, and predicted contact time with a RMSE
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0f0.011 s and MAPE 0f 4.68 + 3.00%. The LR model predicted peak vGRF with a RMSE of 0.139
BW and MAPE of 4.04 + 2.57%, predicted vertical impulse with a RMSE of 0.002 BW*s and
MAPE of 0.50 = 0.42%, and predicted contact time with a RMSE of 0.008 s and MAPE of 3.50 +
2.27%. There were no statistically significant differences between QRF and LR model prediction
MAPE for peak vGRF (p = 0.549) or vertical impulse (p = 0.073), but the LR model’s MAPE for
contact time was significantly lower than the QRF model’s MAPE (p = 0.0497). Our findings
indicate that the QRF and LR models can accurately predict peak vGRF, vertical impulse, and
contact time (MAPE < 5%) from a single sacral-mounted accelerometer across a range of running
speeds. These findings may be beneficial for researchers, clinicians, or coaches seeking to monitor

running-related injury risk factors without force-measuring equipment.
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3.1 Introduction

Stress fractures are a common running-related injury associated with the mechanical
fatigue of bones in the pelvis, legs, and feet (Bennell et al., 1999) and affect 8 - 27% of runners
worldwide (Brukner & Bennell, 1997; Brunet et al., 1990). Mechanical fatigue of bone tissue refers
to the accumulation of damage and gradual decrease in strength resulting from repetitive loading
(Edwards, 2018). Mechanical failure (stress fracture) will occur if repetitive loading continues
without sufficient time for bone remodeling, and can require several months of decreased physical
activity to fully recover (Matheson et al., 1987; Rizzone et al., 2017). Increases in bone loading
peak magnitude and duration (total amount of time a bone is loaded) result in a decreased number
of loading cycles until mechanical failure and influence the risk of stress fracture development
(Edwards, 2018; Loundagin et al., 2018). Although bone loading magnitude and duration have
been measured in vivo, the invasiveness of this measurement limits the ability to monitor bone

loading over weeks or months of running (Milgrom et al., 2007).

Instead of measuring bone loading directly, previous studies have estimated bone strains
with finite element models (Edwards et al., 2009) and used external ground reaction forces to
develop surrogate measures of internal bone loading (Kiernan et al., 2018; Matijevich et al., 2019).
Although the vertical ground reaction force (vGRF) does not directly quantify the total force
applied to the bones of the leg during running, research suggests that peak tibial bone loading (a
combination of external reaction forces and internal muscle forces) occurs during midstance when
the vGRF is greatest (Sasimontonkul et al., 2007; Scott & Winter, 1990). Additionally, there is a
moderate correlation between peak axial tibial compressive force (calculated as the sum of the 3-
D GREF projected on the tibia and ankle torque divided by the Achilles tendon moment arm) and

peak vGRF during running across a range of speeds and on uphill/downhill slopes (Matijevich et
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al., 2019). During running, peak vGRF is representative of the magnitude of external bone loading
during stance phase and contact time is representative of external bone loading duration (Scott &
Winter, 1990). Vertical impulse (integral of the vGRF with respect to contact time) considers both
loading magnitude and duration and is representative of the total external loading with respect to
time. For example, knee joint impulse has been investigated as a measure of total joint loading
during running (Miller et al., 2014). However, peak vGRF, vertical impulse, and contact time are
typically quantified using expensive and immobile force plates or force-measuring treadmills.
Wearable devices provide a method for monitoring external loading variables longitudinally
outside of a laboratory (Paquette et al., 2020), but the ability to simultaneously predict peak vGRF,
vertical impulse, and contact time during running using a single wearable device and the accuracy
of these predictions is not known. Predicting these biomechanical variables with a single wearable
device could allow researchers, clinicians, and coaches to monitor external loading variables
associated with bone loading magnitude and duration without the need of force-measuring

equipment.

Inertial measurement units (IMUs) are wearable devices that contain an accelerometer,
gyroscope, and magnetometer. These wearable devices can measure biomechanical variables in a
variety of environments and have been used to measure limb segment accelerations during trail
running (Giandolini et al., 2016), temporal variables (e.g. stride length, stride frequency) during
marathons (Reenalda et al., 2016), and limb segment kinematics during an outdoor obstacle course
(Vitali et al., 2019). Additionally, IMUs can be used to longitudinally monitor biomechanical
variables that have been associated with running-related injuries. For example, IMUs have been
used to measure peak tibial acceleration over the course of a marathon (Ruder et al., 2019) or

estimate peak vGRF over several months of running (Kiernan et al., 2018); thus IMUs can be used
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to directly measure biomechanical variables (e.g. limb segment acceleration) and estimate
biomechanical variables (e.g. whole-body kinetics). Although IMUs have been used to monitor
runners and identify variables associated with prospective injuries (Davis et al., 2016), using IMUs
to estimate whole-body kinetic variables depends on sensor position (Tan et al., 2019), signal
filtering (Day et al., 2021), number of sensors used (Karatsidis et al., 2016), and features included

in predictive models (Neugebauer et al., 2012).

Placing an IMU near the center of mass may allow for accurate estimations of the vGRF
during running via acceleration data because the vGRF is the product of body mass and the vertical
acceleration of the center of mass (accounting for gravity), assuming air resistance is neglected
(Cavagna et al., 1971). This estimate could then be used to calculate discrete variables such as
peak vGRF, vertical impulse, and contact time. Such a physics-based approach would only require
the use of one accelerometer. Using pelvis accelerations in this manner to estimate peak vGRF
during treadmill running revealed moderate correlations with measures from gold standard force-
measuring equipment across speeds (3.8 — 5.4 m/s; r = 0.64; Day et al., 2021) and moderate
correlations when predicting the vVGRF waveform during the stance phase of overground running
(r = 0.50 £ 0.30; Gurchiek et al., 2017). Additionally, pelvis accelerations have been found to
consistently overestimate (by ~2.5 times) peak resultant COM acceleration (calculated by dividing
the 3-D ground reaction force by body mass and subtracting gravitational acceleration) in runners
across a range of speeds (2 — 5 m/s) (Nedergaard et al., 2017). However, applying more advanced
analysis methods may provide more accurate predictions of whole-body kinetics and stride

kinematics during running with a single sacral-mounted accelerometer.

Advanced data analysis techniques like machine learning have been used to estimate

biomechanical variables based on IMU measurements during running (Derie et al., 2020; Johnson
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etal., 2021; Pogson et al., 2020; Wouda et al., 2018). However, training complex machine learning
algorithms to predict vVGRF data from wearable devices can result in limited model interpretability
(the degree to which one can understand the cause of a machine learning model’s decision) (Miller,
2019) despite high model accuracy (mean error ~0.10 body weight (BW)) (Komaris et al., 2019).
Similarly, the number of IMUs required to estimate a given biomechanical variable affects the
financial cost of data collection and usability for coaches or clinicians interested in simultaneously
collecting data on multiple individuals. One benefit of using IMUs instead of a force-measuring
treadmill to measure whole-body kinetics and stride kinematics is the reduced financial cost of
using IMUs (<$1000 vs. $100,000), but the financial benefit diminishes if multiple IMUs are
needed to estimate biomechanical variables. Minimizing the number of IMUs required to estimate
VGRF characteristics while balancing model interpretability and accuracy would ultimately

improve the applicability of IMU-based research for researchers, clinicians, coaches, and athletes.

Supervised machine learning models like linear regressions and random forests have been
used to model complex relationships between biomechanical measures and clinical outcomes
(Backes et al., 2020; Halilaj et al., 2018). Linear regression (LR) models are often used to predict
biomechanical outcomes because regression coefficients allow for interpretable predictions but LR
models are generally limited to linear relationships between independent and dependent variables
(Chambers, 1992). Conversely, quantile regression forests (QRF) are a type of ensemble random
forest machine learning algorithm that can model linear or non-linear relationships between
independent and dependent variables, but a limitation of QRF algorithms is that they lack
traditional regression coefficients that are present in LR models (Breiman, 2001; Meinshausen,
2006). Thus, QRF models can be more difficult to interpret despite potentially improved prediction

accuracy (Marchese Robinson et al., 2017). Reporting the accuracy of multiple models applied to
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a dataset may illustrate this interpretability-accuracy tradeoff and present options that prioritize
either interpretability or accuracy. Developing predictive models of biomechanical variables such
as peak vGRF, vertical impulse, and contact time may improve the ability to quantify running-
related injury risk such as stress fracture risk by allowing coaches, clinicians, and researchers to
use wearable devices to longitudinally monitor characteristics of loading outside of a laboratory

setting.

The purpose of this study was to apply a QRF and LR model to data from a sacral-mounted
accelerometer and determine the accuracy for predicting peak vGRF, vertical impulse, and ground
contact time during running. Specifically, we used cross validation to train QRF and LR models
to predict these biomechanical variables and compared them to gold standard measurements from
a force-measuring treadmill. We hypothesized that the QRF model would have a lower mean
absolute percent error (MAPE) than the LR model when predicting peak vGRF, vertical impulse,
and contact time due to the model’s complexity and ability to account for potential non-linear

changes across running speeds (Marchese Robinson et al., 2017; Nilsson & Thorstensson, 1989).

3.2 Methods

3.2.1 Participants

Thirty-seven National Collegiate Athletic Association (NCAA) Division I Cross Country
runners (24 Female, 13 Male, 55.8 £ 9.7 kg, 170 = 8 cm, 20 + 2 years) from the University of
Colorado Boulder and University of Oregon participated. Participants were actively training and
reported no musculoskeletal injuries at the time of data collection. The protocol was approved by

the University of Colorado Boulder (protocol #: 17-0392) and University of Oregon (protocol #:
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05162017.019) Institutional Review Boards and all participants provided written informed consent

prior to data collection.
3.2.2 Experimental Design

Each participant ran on a level force-measuring treadmill (1000 Hz; Treadmetrix, Park
City, UT or Bertec, Columbus, OH) for a series of consecutive 30-sec trials following a 5-minute
self-paced warm up. Male participants ran at 3.8, 4.1, and 5.4 m/s while female participants ran at
3.8 and 4.9 m/s. We selected these speeds because they represent typical training run and race
speeds for NCAA Division I Cross Country runners while maintaining a common speed between
male and female participants. During all conditions, participants wore an accelerometer (500 Hz,
3 -axis £16 g; IMeasureU, Centennial, CO) clipped posteriorly to the waistband of their running
shorts near the sacrum as described in prior research (Figure 3.1; Day et al., 2021). The
accelerometer was positioned near the sacrum as vertical displacement of the sacrum is strongly
correlated (r = 0.95) with vertical displacement of the center of mass during running (Napier et al.,

2020).

;."

thaifial Maasuraiant Uh.it Figure 3.1 Inertial measurement
T - unit located near the sacrum,

- attached posteriorly on the

waistband of a participant’s
running shorts via a custom clip.

Custom Clip

Running Shorts Waistband
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3.3.3 Processing

Acceleration and vGRF data were collected during the final 10 seconds of each condition
using separate data collection software and required temporal synchronization prior to data
analysis. First, we down-sampled the vGRF data to match the sampling frequency of the
accelerometer data (500 Hz). Then, we synchronized acceleration and vGRF data by having
participants perform a countermovement jump on the stationary force-measuring treadmill at the
beginning and end of the data collection session while simultaneously measuring acceleration and
force. For each jump, we temporally aligned the estimated vGRF signal calculated from the
acceleration data to the vGRF measured by the treadmill based on the cross correlation of their
frequency content using a custom MATLAB (Mathworks, Natick, MA) script based on the work

by Savorani et al. (2013) (Savorani et al., 2013).

After time-synchronizing the data, we used a custom MATLAB (Mathworks, Natick, MA)
script to filter and process the vGRF data measured by the instrumented treadmill and acceleration
data measured by the accelerometer (Alcantara, 2019). We filtered vGRF data using a zero-lag 4"
order low pass Butterworth filter with a 30 Hz cut-off. All stance phases during the final 10 seconds
of each condition (approximately 30 steps) were used to calculate the mean peak vGRF, vertical
impulse, contact time, and step frequency (number of initial ground contacts per second), discrete
variables that were compared to each model’s predictions. Ground contact time was defined as the
duration when the participant’s vGRF exceeded a threshold of 5% body weight (BW) (Day &

Hahn, 2019).

The vertical acceleration data relative to the accelerometer’s local coordinate system were
used for this analysis. We filtered acceleration data using a zero-lag 8" order low pass Butterworth

filter with a 10 Hz cut-off, which isolates the frequency content corresponding to the vertical
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oscillation of the pelvis during running and the transient impact peak during early stance phase
(Day et al., 2021). Ground contact time for accelerometer data was defined as the duration when
the participant’s sacral acceleration exceeded a threshold of 0 m/s? because the center of mass
acceleration crosses 0 m/s? at the start and end of the stance phase during running (Brabandere et
al., 2018; Cavagna & Legramandi, 2015; Gaudino et al., 2013). We multiplied sacral acceleration
by participant body mass to obtain an estimate of VGRF over the entire stance phase and
normalized VGRF to BW. Using this acceleration-based estimate of VGRF, we calculated peak
vGRF, vertical impulse, and contact time for each condition. These discrete variables were used

as inputs for the QRF and LR models.
3.3.4 Analysis

We compared the predictive accuracy of QRF and LR models using a train/test method.
We chose to compare these models because LR models are generally interpretable due to the
presence of regression coefficients but can be inaccurate when modeling nonlinear relationships
and conversely, QRF models lack coefficients but can model nonlinear relationships. We
partitioned the dataset into two subsets, with 28 runners (76% of enrolled participants: 9 Male, 19
Female; 65 total samples) used to train all models and 9 runners (24% of enrolled participants; 4
Male, 5 Female; 22 total samples) reserved to test model accuracy. Similar distributions of male
and female runners were maintained in both subsets while ensuring that a runner’s data were not
present in both subsets. This precaution was taken to provide conservative measures of model
accuracy as model predictions were based on data from runners who were unknown to the model

during training.

A QRF and LR model were constructed for predicting peak vGRF, vertical impulse, and

contact time. In addition to the discrete variables calculated from the acceleration-based estimate,
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we included the runner’s body mass, step frequency, and running speed as predictor variables in
both models, as these variables have been associated with changes in running biomechanics
(Nagahara et al., 2018; Nilsson & Thorstensson, 1989). QRF models are a type of ensemble
regression tree machine learning algorithm that can be used to predict a continuous numerical
output instead of a classification label (Breiman, 2001; Meinshausen, 2006) and prior research
suggests ensemble regression tree algorithms can be used to estimate vGRF characteristics using
data from wearable devices (Derie et al., 2020). We used k-fold cross validation (5 folds) to train
the models on the 76% subset and optimize the QRF parameters, minimizing for root mean squared
error (RMSE) between model predictions and observed values. The QRF model predictions
represent an ensemble of 500 regression tree predictions (Meinshausen, 2006). Then we used the
trained models to make predictions based on the testing subset and quantified the error between
model predictions and observed values from the force-measuring treadmill. RMSE, MAPE, and
correlation coefficient (r) were calculated across the entire testing subset (22 predictions) and
reported as prediction accuracy metrics. Paired t-tests (two-tailed, a = 0.05) were used to compare
MAPE between models. Data analysis was performed in R (version 3.6.3) using custom scripts
and packages (Arnold et al., 2019; Kuhn, 2020; Meinshausen, 2006; R Core Team, 2020;
Wickham, 2009; Wickham & RStudio, 2020). For the LR models, the statistical significance level
was set at a = 0.05 to determine coefficients that significantly contributed to model predictions

during training.

3.3 Results

Across all participants and conditions, mean = SD peak vGRF, vertical impulse, and contact time
calculated from the force-measuring treadmill data were 2.94 £ 0.23 BW, 0.33 + 0.02 BW*s, and

0.189 + 0.017 s, respectively (Table 3.1). Mean +£ SD QRF model predictions of peak vGRF,
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vertical impulse, and contact time were 2.95 + 0.18 BW, 0.33 £ 0.02 BW*s, and 0.188 £ 0.017 s,
respectively (Table 3.2). Mean = SD LR model predictions of peak vGRF, vertical impulse, and

contact time were 2.93 £ 0.18 BW, 0.33 = 0.02 BW*s, and 0.189 + 0.015 s (Table 3.2).

Table 3.1 Mean = SD peak vertical ground reaction force (vGRF), vertical impulse, and
contact time calculated from the ground reaction forces measured by the treadmill for all
participants.

Speed [m/s] Peak vGRF [BW] Vertical Impulse [BW*s] Contact Time [s]

Females 3.8 2.79£0.19 0.34+0.02 0.201 £0.012
(n=24) 4.8 2.94+0.21 0.32+0.02 0.175+£0.011
Males 3.8 2.94 +0.20 0.35+0.01 0.204 £ 0.009
(n=13) 4.1 3.00£0.21 0.35+0.01 0.196 £ 0.008
54 3.14+0.24 0.32+0.01 0.168 £ 0.007

Cross validation of the QRF model revealed that the optimal number of variables randomly
sampled as candidates for each split in each regression tree was 2 when predicting peak vGRF and
3 when predicting vertical impulse or contact time. When applying the QRF model to the testing
subset, model predictions of peak VGRF had a RMSE of 0.150 BW and MAPE + SD of 4.27 +
2.85%, predictions of vertical impulse had a RMSE of 0.004 BW*s and MAPE of 0.80 + 0.91%,

and predictions of contact time had a RMSE 0f 0.011 s and MAPE of 4.68 + 3.00% (Figure 3.2).

60



Table 3.2 Discrete variables calculated from the treadmill and predicted by the Quantile
Regression Forest (QRF) or Linear Regression (LR) models for the testing subset of data.
Mean + SD peak vertical ground reaction force (vGRF), vertical impulse, and contact time for the
nine participants in the testing subset of data.

QRF LR
Peak vGRF [BW] Speed [m/s] Observed Prediction Prediction
Females 3.8 2.66 £0.18 2.78 £0.13 2.75 £0.05
(n=5) 4.8 2.86+£0.15 2.88 +£0.09 2.86+0.05
Males 3.8 2.98 +0.08 2.98 £0.20 2.94+0.13
(n=4) 4.1 3.07+0.10 3.02+0.16 3.00+0.15
54 3.30+0.20 3.14+£0.10 3.18+0.16
Vertical Impulse [BW*s]
Females 3.8 0.33+£0.02 0.33+£0.02 0.33+0.02
(n=5) 4.8 0.31 £0.02 0.31+0.01 0.31+0.02
Males 3.8 0.35+0.01 0.35+0.01 0.35+0.01
(n=4) 4.1 0.35+0.01 0.35+0.01 0.35+0.01
54 0.33+0.01 0.33+0.01 0.33+0.01
Contact Time [s]
Females 3.8 0.204+0.014  0.198 £0.004  0.198 = 0.008
(n=5) 4.8 0.177+0.012 0.167+0.005 0.174+0.008
Males 3.8 0.204 £0.009 0.203+£0.006 0.204 £ 0.005
(n=4) 4.1 0.195+0.007 0.201 £0.005  0.198 +0.005
54 0.165+0.007 0.173+0.010  0.172£0.002
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Table 3.3 Linear regression (LR) coefficients following cross validation on the training
subset. Unstandardized coefficients (B), coefficient standard errors (SE), t values (¢), and p values
(p) are listed for independent variables used to predict peak vertical ground reaction force (VGRF),
vertical impulse, and contact time, where AE is the Acceleration-based estimate and Freq. is step
frequency. Equations with statistically significant predictor variables are included. Bold p values
indicate p < 0.05.

Peak vGRF [BW] y =2.23 +0.15*Speed + 0.33*AE — 0.34*Step Freq.
B SE t p

Intercept 2.23 0.46 4.87 0.000
Speed [m/s] 0.15 0.03 4.42 0.000
Acceleration-based Estimate [BW] 0.33 0.05 6.54 0.000
Step Frequency [Hz] -0.34 0.12 -2.84 0.006
Body Mass [kg] 0.001 0.003 0.50 0.621
Vertical Impulse [BW*s] y =0.69 — 0.10*Step Freq.
B SE t p

Intercept 0.69 0.02 31.13 0.000
Speed [m/s] -0.002 0.001 -1.73 0.089
Acceleration-based Estimate [BW*s] -0.05 0.03 -1.79 0.079
Step Frequency [Hz] -0.10 0.004 -25.95 0.000
Body Mass [kg] 0.00003 0.00009 0.32 0.752
Contact Time [s] y =0.230 — 0.019*Speed + 0.151*AE. + 0.0007*Body Mass
B SE t p

Intercept 0.230 0.033 6.88 0.000
Speed [m/s] -0.019 0.002 -8.62 0.000
Acceleration-based Estimate [s] 0.151 0.063 2.42 0.019
Step Frequency [Hz] -0.011 0.007 -1.51 0.135
Body Mass [kg] 0.0007 0.0002 4.05 0.000

Cross validation of the LR model revealed that running speed, acceleration-based estimations, and
step frequency contributed significantly to model predictions of peak vGRF (p = 0.000, p = 0.000,
and p = 0.006 respectively; Table 3.3). Step frequency was the only predictor variable that
significantly contributed to predictions of vertical impulse (p = 0.000; Table 3.3). Lastly, running
speed, acceleration-based estimations, and body mass contributed significantly to predictions of
contact time (p = 0.000, p = 0.019, and p = 0.000 respectively; Table 3.3). When applying the LR
model to the testing subset, we found that model predictions of peak vGRF had a RMSE of 0.139

BW and MAPE + SD of4.04 + 2.57%, predictions of vertical impulse had a RMSE of 0.002 BW*s
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and MAPE of 0.50 = 0.42%, and predictions of contact time had a RMSE of 0.008 s and MAPE

of 3.50 + 2.27% (Figure 3.2).

There were no statistically significant differences between the QRF and LR model MAPE
when predicting peak vGRF (p = 0.549), or vertical impulse (p = 0.073). However, the LR model
predicted contact time with significantly less error based on MAPE (p = 0. 0497), compared to the

QRF model.

3.4 Discussion

We developed QRF and LR models and quantified their accuracy when predicting peak vGRF,
vertical impulse, and contact time from a sacral mounted IMU on data withheld during model
training. We found that QRF predictions had a MAPE of 0.80 — 4.68% and the LR predictions had
a MAPE of 0.50 — 4.04% for these biomechanical variables. Both models had the lowest MAPE
when predicting vertical impulse, which may be due to the inclusion of step frequency in our
models. For example, step frequency strongly contributed to the LR model prediction of vertical
impulse (B = -0.10; p = 0.000; Table 3.3). This finding corroborates prior research that observed
a strong negative correlation (r = -0.871 — -0.968 ) between step frequency and vertical impulse
during overground sprinting (Nagahara et al., 2018). The QRF and LR models theoretically
provide two levels of model accuracy and interpretability when predicting biomechanical variables
with an accelerometer, but our data did not entirely support our hypothesis as both model types
performed similarly when predicting peak vGRF and vertical impulse. Average differences in
MAPE between the QRF and LR model predictions of peak vGRF and vertical impulse were <
0.30% but when predicting contact time, the LR model had a significantly lower MAPE (3.50 +
2.27%) than the QRF model (4.68 £ 3.00%; p = 0.0497). Additionally, the LR model predictions

were more strongly correlated with the observed values from the treadmill data compared to the
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QRF model predictions (Figure 3.2). These findings suggest that the LR model may more
accurately describe the relationship between the predictor variables and contact time across the

range of speeds tested (3.8 — 5.4 m/s; Table 3.2).

Prior research that has predicted biomechanical variables using wearable devices has
utilized multiple IMUs or machine learning algorithms like artificial neural networks, which can
be difficult to interpret despite low prediction errors (Johnson et al., 2021; Pogson et al., 2020;
Wouda et al., 2018). This may ultimately limit the applicability of these prior findings because of
the financial cost of using multiple IMUs or the computational requirements of applying the model.
In the present study, we implemented a physics-based methodology of measuring acceleration at
the sacrum from a single accelerometer clipped to a runner’s waistband. Our predictive models
also required the runner’s body mass, speed, and step frequency, which can be measured using a
scale, treadmill or GPS watch, and a stopwatch, respectively. We predicted biomechanical
variables with a MAPE < 5% by using a single IMU, which reduces the financial cost of measuring
biomechanical variables yet maintains prediction accuracy comparable to that achieved using
multiple wearable devices, kinematic data from 3-D motion capture, and artificial neural networks.
For example, Wouda et al. (2018) predicted peak vGRF during running using three IMUs and an
artificial neural network with an average RMSE of 0.38 BW and Komaris et al. (2019) achieved a
mean error ~ 0.10 BW when predicting peak vGRF using 3-D motion capture data and an artificial
neural network. In contrast, our LR model predictions based on a single accelerometer achieved
an RMSE of 0.139 BW for peak vGRF. Additionally, the RMSE of LR model predictions was
smaller than the standard deviation of the peak VGRF, vertical impulse, and contact time values
measured by the force-measuring treadmill (Table 3.1). We provided regression coefficients for

the LR model (Table 3.3), which can be used to predict peak vGRF, vertical impulse, and contact
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Figure 3.2 Quantile regression forest (QRF) and Linear regression (LR) model predictions.
Model predictions (horizontal axes; QRF: circles, LR: diamonds) of peak vertical ground reaction
force (vGRF), vertical impulse, and contact time are compared to the observed values (vertical
axes) from the force-measuring treadmill. Dashed lines represent the line of identity, each point
represents the value for a given condition-participant combination, and colors represent different
participants in the testing subset (n = 9). Male participants completed three conditions and female
participants completed two conditions. QRF model predictions are based on the predictions of 500
regression trees, with the distribution of tree predictions represented by the ridge plots.
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time when provided with a runner’s speed, sacral acceleration, step frequency, and body mass. The
LR model coefficients may be useful for coaches or clinicians interested in monitoring peak vGRF,
vertical impulse, or contact time in runners over the course of a season or during injury
rehabilitation without needing to apply a complex machine learning algorithm or use a force-

measuring treadmill.

We predicted variables that characterize the magnitude and duration of external loading
using wearable device data, and these data could be used to predict more complex surrogates of
internal bone loading or identify stress fracture risk in runners via more accurate estimations of
variables that affect cumulative external loading. For example, prior research has proposed
surrogates of internal bone loading, such as peak axial tibial compression, that have a weak-
moderate correlation with vertical impulse (r = -0.46 + 0.40) and peak vGRF (r = 0.72 + 0.42)
across a range of speeds and slopes (Matijevich et al., 2019). We have shown that these external
loading variables can be predicted with wearable devices. It may be possible to map wearable
device data to peak axial tibial compression during running using similar techniques. However, it
is unknown if peak axial tibial compression can be used to prospectively identify stress fracture
risk despite the association between a bone’s load and risk of mechanical failure. If bone loading
metrics can be identified as biomechanical risk factors, data collected by wearable devices could
improve our understanding of stress fracture development in long distance runners as these data
could be collected over the course of a run, competitive season, or several years in the environment
experienced by runners daily and not only within a laboratory (Backes et al., 2020; Edwards, 2018;
Ryan et al., 2020). Biomechanical risk factors could then be considered alongside other metrics
such as bone mineral density or nutritional deficiencies when determining an individual’s stress

fracture risk (Wright et al., 2015).
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There are potential limitations of the present study that may limit the generalizability of our
findings. There may be a tendency for the QRF and LR models to overestimate lower peak vGRF
and contact times and underestimate higher peak vGRF and contact times (Figure 3.2E & F).
Variations in peak vGRF and contact time within a participant were due in part to changes in speed,
so these biomechanical predictions may not generalize outside of the range of speeds tested (3.8 —
5.4 m/s). QRF model predictions may have benefitted from additional predictor variables as
ensemble forests algorithms can be used to make predictions from hundreds or thousands of
predictor variables (Breiman, 2001). However, we intentionally limited the number of predictor
variables to increase model interpretability, likely at the cost of prediction accuracy. We collected
data from level running and the prediction accuracy of the models may be affected by changes in
slope, as uphill and downhill running affects kinematics and kinetics (Vernillo et al., 2020). The
method we used to attach the accelerometer to the body may have introduced error in the
acceleration data (Gurchiek et al., 2017). Specifically, the application of Newton’s second law of
motion assumes acceleration is measured at the center of mass and not the sacrum. Additionally,
we did not rotate the acceleration signal to be vertical in the global coordinate system, but instead
used the vertical axis in the local coordinate system of the accelerometer, which may have rotated
with changes in waistband position or pelvic orientation during running and influenced prediction
accuracy (Tan et al., 2019). However, our decision to attach the accelerometer to the runner’s
waistband and not rotate the vertical acceleration signal were in an effort to maintain the
generalizability of results. Thus, our methodology presents conservative measures of model
accuracy as using the global vertical acceleration from a device adhered directly to the skin would
have likely improved signal quality. However, we observed predictions within 5% of peak vGRF,

vertical impulse, and contact time across a range of speeds. The entirety of our participant
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population consisted of NCAA Division I Cross Country runners who may not be representative
of the general recreational running population. Differences in running biomechanics have been
observed when comparing runners of different skill levels or weekly running mileage (Boyer et
al., 2014; Cavanagh et al., 1977; Garcia-Pinillos et al., 2019; Mo et al., 2020) and these differences
may affect model prediction accuracy when applied to other running subpopulations. However, by
testing the QRF and LR models on data withheld during model training, we provided a measure

of model accuracy when applied to the data of runners who were unknown to the model.

3.5 Conclusions

We investigated the ability of quantile regression forest (QRF) and linear regression (LR)
models to predict peak vertical ground reaction force, vertical impulse, and ground contact time in
NCAA Division I Cross Country runners using sacral acceleration across a range of running speeds
(3.8 — 5.4 m/s). Both models predicted these biomechanical variables on data withheld during
model training with a mean absolute percent error (MAPE) < 5%. Our data indicate that a sacral-
mounted accelerometer can be used to predict peak vVGRF (RMSE: < 0.150 BW), vertical impulse
(RMSE: <0.003 BW*s), and contact time (RMSE: <0.011 s) during running. We also provide LR
model coefficients (Table 3.3), used to predict peak vGRF, vertical impulse, and contact time from
sacral-mounted accelerometer data. Accurate longitudinal monitoring of these biomechanical

variables may aid in the quantification of stress fracture risk in runners.
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4 Predicting continuous ground reaction forces from accelerometers during

uphill and downhill running: A recurrent neural network solution

Ground reaction forces (GRFs) are important for understanding the biomechanics of human
movement but the measurement of GRFs is generally limited to a laboratory environment.
Wearable devices like accelerometers have been used to measure biomechanical variables outside
the laboratory environment, but they cannot directly measure GRFs. Previous studies have used
neural networks to predict the entire GRF waveform during the stance phase from wearable device
data, but these networks require normalization of GRFs to the duration of a step or stance phase,
resulting in a loss of the GRF waveform’s temporal component. Additionally, previous studies
have predicted GRF waveforms during level-ground, but not uphill or downhill running. A method
of predicting the normal (perpendicular to running surface) GRF waveform using wearable devices
across a range of running speeds and slopes, while maintaining the GRF waveform’s temporal
component, could allow researchers and clinicians to predict kinetic and kinematic variables
outside the laboratory environment. We sought to develop a recurrent neural network capable of
predicting normal GRF waveforms across a range of running speeds and slopes using data from

accelerometers located on the sacrum and shoe.

19 subjects completed 30-s running trials on a force-measuring treadmill at five slopes (0°,
+5°, £10°) and three speeds (2.5, 3.33, and 4.17 m/s) per slope. One biaxial accelerometer was
adhered to the sacrum and two uniaxial accelerometers were adhered to the right shoe during all
trials. Accelerometers on the shoe were used to classify foot strike patterns as rearfoot, midfoot,
or forefoot, and sacral acceleration data were divided into overlapping 12-ms windows, allowing
the neural network to iteratively predict the experimentally-measured normal GRF waveform

frame-by-frame. The mean, SD, and range of accelerometer data for each 12-ms window were
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included as neural network input features, along with the subject’s body mass, height, running
speed, slope, and percentage of a trial’s steps classified as a rearfoot, midfoot, or forefoot strike.
We assessed the accuracy and generalizability of the neural network using leave-one-subject-out
cross validation, which provided an ensemble of Root Mean Square Error (RMSE) and relative
RMSE (rRMSE) values comparing the normal GRF waveform predicted by the neural network to
the normal GRF waveform measured by the force-measuring treadmill. Additionally, we
calculated the mean absolute percent error (MAPE) of step frequency, contact time, normal
impulse, normal GRF active peak, and loading rate between the predicted and measured GRF

waveforms.

The average + SD RMSE was 0.16 = 0.04 BW and rRMSE was 6.4 + 1.5% for neural
network predictions of each subject’s normal GRF waveform compared to measured GRF
waveforms across all conditions. RMSE values were lower during slow uphill running (2.5 m/s,
+10°; 0.13 = 0.07 BW) compared to fast downhill running (4.17 m/s, -10°; 0.20 + 0.05 BW). The
MAPE + SD for step frequency was 0.1 + 0.1%, contact time was 4.9 £+ 4.0%, normal impulse was

6.4 + 6.9%, normal GRF active peak was 8.5 + 8.2%, and loading rate was 27.6 + 36.1%.

We developed a recurrent neural network that uses accelerometer data to predict the
continuous normal GRF waveform across a range of running speeds and slopes. The neural
network does not require preliminary identification of the stance phase, maintains the temporal
component of the GRF waveform, can be applied to up- and downhill running, and facilitates the
prediction of kinetic and kinematic variables outside the laboratory environment. This represents
a substantial step towards accurately quantifying and monitoring the external loads experienced

by the body when running outdoors.
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4.1 Introduction

Ground reaction forces (GRFs) are applied to the body when the foot is in contact with the
ground and their measurement has facilitated numerous insights into the etiology of running-
related injuries (Ceyssens ef al., 2019). However, the measurement of GRFs is generally restricted
to a laboratory environment. To determine the effects of sport-specific environments on running
kinetics and kinematics, previous research studies have replicated aspects of an athlete’s training
or competitive environment within a laboratory environment. For example, Kipp et al. (Kipp,
Taboga and Kram, 2017) measured GRFs during a steeplechase “water jump” by mounting the
steeplechase barrier to a force platform and embedding another force platform below the landing
surface, Voloshina and Ferris (Voloshina and Ferris, 2015) developed a custom force-measuring
treadmill with an uneven running surface to mimic a trail surface, and Whiting et al. (Whiting et
al., 2020) measured stride kinematics during uphill running on a custom treadmill inclined to 30°
to mimic slopes experienced during trail running. However, measuring GRFs within a laboratory
environment may not adequately replicate the conditions (e.g. running surface, non-constant

velocity) encountered during training or competition.

Inertial measurement units (IMUs; wireless wearable devices that measure magnetism,
linear acceleration, and angular velocity) have been used to measure athletes’ leg joint angles,
stride kinematics, and segmental accelerations during competitive events (Reenalda et al., 2016;
Clermont et al., 2019; Ruder et al., 2019). However, IMUs cannot directly measure GRFs and
require the use of algorithms to estimate discrete variables like peak vertical GRF, ground contact
time, vertical impulse, and vertical loading rate (Neugebauer, Hawkins and Beckett, 2012;
Ancillao et al., 2018; Kiernan et al., 2018; Derie et al., 2020). Recently, neural networks have

been used to predict GRF waveforms during running (Wouda et al., 2018; Dorschky et al., 2020;
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Pogson et al., 2020; Johnson et al., 2021), from which a variety of discrete variables can be
calculated. Although predictions of the entire GRF waveform represent a more versatile outcome
compared to predicting a discrete variable, previous studies have used neural network architectures
that required data to be time-normalized to the duration of a step (Dorschky et al., 2020) or stance
phase (Wouda et al., 2018; Johnson et al., 2021), preventing the calculation of biomechanical
variables with a non-normalized temporal component (e.g. ground contact time, step frequency,
vertical impulse, and loading rate). Pogson et al. (2020) zero-padded the end of accelerometer data
to the length of the longest stance phase to preserve the temporal component, but observed
decreased accuracy when predicting the vertical GRF waveform during the stance phase (Root
Mean Square Error = 200 N)(Pogson et al., 2020). Additionally, previous studies have only
predicted GRF waveforms during level-ground running (Wouda et al., 2018; Dorschky et al.,
2020; Pogson et al., 2020; Johnson ef al., 2021), limiting the application to environments where
no uphill or downhill running occurs (i.e. a level treadmill or athletics track). Road and trail
running are internationally popular forms of physical activity (Running USA, 2019; International
Trail Running Association, 2020) and require runners to navigate a variety of running slopes and
terrain. A method of predicting GRF waveforms from wearable devices across a range of running
slopes, while maintaining the temporal component, could allow researchers, clinicians, and

coaches to measure a variety of kinetic and kinematic variables in a range of outdoor environments.

Long Short-Term Memory (LSTM) networks (Hochreiter and Schmidhuber, 1997) are a
type of recurrent neural network that overcome the requirement of the time-normalized inputs like
that of the neural networks used in previous research (Wouda et al., 2018; Johnson et al., 2021).
LSTM networks overcome this limitation by recurrently predicting small, uniform portions of a

larger sequence of data that can be of variable length. As such, a sequence of continuous GRF data
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can be predicted if it can be broken up into uniform portions. For the prediction of a given portion,
LSTM networks use information from previous portions, effectively “remembering” the portion’s
context. LSTM networks have been used in this manner to analyze a variety of sequential data,
ranging from natural language processing (Wang and Jiang, 2016) to stock market forecasting
(Selvin et al., 2017). In the field of biomechanics, LSTM networks have been used to make frame-
by-frame predictions of GRF waveforms using motion capture data (Mundt et al., 2020) and
predictions of the center of mass position relative to center of pressure from IMU data during
walking (Choi, Jung and Mun, 2019). To our knowledge, LSTM networks have not been used to
predict GRF waveforms from wearable device data exclusively during running. Developing such
a network would allow researchers to predict the GRF waveform not only during the stance phase,
but continuously for the entire duration of a run. Considering that IMUs have already been used to
longitudinally measure biomechanical variables related to running injury (Reenalda ef al., 2016;
Kiernan et al., 2018; Clermont et al., 2019; Ruder et al., 2019), applying an LSTM network to
such data would effectively provide a way to indirectly collect continuous GRF waveforms in

environments and quantities currently impossible to accomplish.

The purpose of this exploratory study was to develop an LSTM network that could predict
the normal (perpendicular to running surface) GRF waveform across a range of running speeds
and slopes using data from accelerometers. Given the novelty of this approach, we sought to
develop a network that could predict the GRF waveform with accuracy better than state-of-the-art
predictions of time-normalized vertical GRF data during level ground running using data from
multiple IMUs: a Root Mean Square Error (RMSE) of 0.21 BW (Dorschky et al., 2020) and
relative RMSE (rRMSE; RMSE normalized to the average range of the compared waveforms; Eq.

4.1) of 13.92% (Johnson et al., 2021).
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4.2 Methods

4.2.1 Subjects

We analyzed a pre-existing dataset (Baggaley et al., 2019; Khassetarash et al., 2020;
Vernillo et al., 2020) where 21 subjects ran at a combination of running speeds and slopes. Two
subjects were excluded from the current analysis due to equipment data acquisition errors, leaving
19 subjects remaining (10 Male, 9 Female; 29 + 9 years, 173 = 9 cm, 68.1 + 9.9 kg). All subjects
provided informed consent and the experimental protocol was approved by the University of

Calgary Conjoint Health Research Ethics Board (#REB14-1117).

4.2.2 Experimental Protocol

Following a 5-min warm up at a self-selected speed, each subject completed thirty 30-s
trials on a force-measuring treadmill (2000 Hz; Bertec, OH, USA), which included five slopes (0°,
+5°, £10°) at three speeds (2.5, 3.33, and 4.17 m/s) per slope, and three step frequencies (preferred
and + 10%) at 3.33 m/s for each slope. Three custom biaxial accelerometers (2000 Hz) were
adhered with tape to subjects during all conditions: one on the sacrum and two on the right shoe.
The accelerometers on the shoe were used to determine the foot strike pattern for each condition
using a previously validated method (Giandolini et al., 2014), which provided the percentage of a
trial's foot strikes classified as either a rearfoot, midfoot, or forefoot strike. Only the vertical and
anteroposterior axes relative to the local coordinate system of the sacral accelerometer and the
normal (perpendicular to the treadmill surface) GRFs were used in the current analysis. We chose
to exclude the shoe accelerometer data for predictions of GRF waveforms because the data were

not available for both feet.
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4.2.3 Processing

We analyzed 5 seconds of data from each trial (approximately 13 foot-ground contacts)
and downsampled the normal GRF, vertical sacral acceleration, and anteroposterior sacral
acceleration to 500 Hz to reduce the computational cost and match the sampling frequency of prior
studies (Day et al., 2021). The GRFs were normalized to bodyweight (BW) and filtered using a 4
order low-pass Butterworth filter with a cut-off frequency of 30 Hz and the sacral acceleration data
were filtered with a 4™ order low-pass Butterworth filter with a cut-off frequency of 20 Hz. Pilot
testing revealed that a 20 Hz cut-off frequency improved prediction accuracy and preserved

approximately 89% and 82% of the vertical and anteroposterior signal power, respectively.

The vertical accelerometer data were further processed so that all negative values were
replaced with zeros. Pilot testing revealed that negative vertical acceleration values primarily occur
during the aerial phase and replacing them with zeros helped the LSTM network avoid predictions
of negative normal GRFs during the aerial phase. For each condition, we used the 2500-frame (5-
s (@ 500 Hz) sequences of vertical and anteroposterior sacral accelerometer data to predict the
simultaneously collected 2500-frame sequence of normal GRFs. The recurrent nature of the LSTM
network requires long sequences to be divided into smaller sequences that are iteratively used to
make predictions. To accomplish this, we divided the acceleration data for each trial into
overlapping windows with a width of 6 frames (12 ms) and padded the beginning and end of the
acceleration data with the nearest value to ensure that the number of windows was equal to the
number of frames in the normal GRFs (2500) and that the windows were centered on the
corresponding frame in the normal GRFs (Figure 4.1). Pilot testing revealed that a window width

of 6 frames was the smallest window we could use without decreasing LSTM network prediction
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accuracy. Thus, the LSTM network iteratively predicted a single frame of the normal GRF at time

t using acceleration data from frames ¢ 3 through ¢+> (Figure 4.1).
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Figure 4.1 Overview of the Long Short-Term Memory (LSTM) network’s input features. A)
The LSTM network’s input features included body mass, height, running speed, slope, and
percentage of a trial’s steps classified as a rearfoot (RFS), midfoot (MFS), or forefoot (FFS) strike.
Foot strike percentages were calculated from data collected by accelerometers on the right foot.
B) Filtered vertical and anteroposterior sacral acceleration data, relative to the device’s local
coordinate system. C) Accelerometer data were divided into overlapping 6-frame (12 ms)
windows, one for each frame of the ground reaction force (GRF) data. The mean, standard
deviation (SD), and range of vertical and anteroposterior sacral acceleration values were calculated
for each window and were used as input features to the LSTM network. For the prediction of a
normal GRF value at a given time (¢), the respective window of acceleration data begins at £.; and
ends at 7+2. D) Normal GRFs were predicted frame-by-frame by the LSTM network using the 13
input features.

4.2.4 Feature Engineering

A total of 13 features were used as inputs to the LSTM network (Figure 4.1). We calculated
the mean, standard deviation (SD), and range of vertical and anteroposterior acceleration data for

each 12-ms window and used them as input features. The use of summary statistics as input
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features has been shown to maintain neural network accuracy while benefiting from a reduced
computational cost (Figo et al., 2010). These three summary statistics were normalized to a range
of 0 — 1 and represent 6 (3 features x 2 acceleration axes) of the 13 input features. The remaining
input features were selected due to their effect on running kinetics and kinematics: subject height,
body mass, running speed, slope, and percentage of steps classified as either a rearfoot, midfoot,
or forefoot strike (Almeida, Davis and Lopes, 2015; Khassetarash et al., 2020; Vernillo et al.,
2020; Vincent et al., 2020). We chose not to include step frequency as an input feature, despite the
presence of the +10% preferred step frequency conditions, to increase the variability in the
accelerometer data used to predict the GRF waveforms. Doing so represents a greater challenge
for the LSTM network as there is known variability between trials that is not being explicitly

accounted for as an input variable.

4.2.5 Neural Network Architecture

The neural network consisted of a Bidirectional LSTM and multilayer perceptron (MLP)
with three fully connected layers containing 128, 384, and 320 neurons, respectively (Figure 4.2).
The Bidirectional LSTM consists of two LSTM layers where the order of the input sequence is
reversed for the second layer. Reversing the sequence for the second LSTM layer allows the
network to utilize information from future portions of the sequence just as the first LSTM layer
utilizes information from prior portions. The outputs from each LSTM layers are then averaged
before being passed along to the MLP. The number and size of the layers in this network were
determined using the Hyperband hyperparameter optimization algorithm (Li et al., 2018) on the
data of two randomly selected subjects. The LSTM network was trained using a batch size of 32,
learning rate of 0.001, and Mean Square Error loss function. Network weights and biases were

updated using the adaptive moment estimation (Adam) optimization algorithm at the end of each
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epoch (Kingma and Ba, 2017) and training lasted a maximum of 1000 epochs or until the Mean
Square Error failed to decrease by 0.001 BW after 30 consecutive epochs. The neural network was

developed using the Tensorflow (v2.2.0) python library (Abadi et al., 2016).

4.2.6 Network Validation

We assessed the accuracy and generalizability of the network using a leave-one-subject-
out (LOSO) cross validation method (Halilaj ez al., 2018). LOSO cross validation is a variation of
K-fold cross validation that requires the dataset to be subset by subject, with one subject’s data set
aside for testing purposes and the rest of the subjects’ data used to train the network. This process
is repeated until the network has been tested on every subject’s data, ultimately providing an
ensemble of networks and their respective accuracy metrics. These metrics illustrate how accurate
the network is when applied to data from many different individuals. Performing LOSO cross
validation is computationally costly, as the network must be trained and tested a number of times
equal to the number of subjects (n = 19), but the benefits of this method include the ensemble of
accuracy metrics and assurance that a subject’s data is not included in both the training and testing
subsets, which can artificially increase the reported accuracy of a network since it was tested on

data from a subject included during training (Saeb et al., 2017; Chaibub Neto et al., 2019).

In addition to the LOSO cross validation method, we performed a test-train split according
to slope (£5° trials reserved for testing, 0° and £10° slopes used for training) for one representative
subject’s data to test the accuracy of a model when predicting speed-slope combinations that were

not present during training. We selected subject 14 as a representative subject because their RMSE
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Figure 4.1 Neural Network Architecture. The Long Short-Term Memory (LSTM) network
consisted of a Bidirectional LSTM layer with a hyperbolic tangent activation function followed
by a multilayer perceptron (MLP) with rectified linear unit activation functions for three hidden
layers with 128, 384, and 320 neurons, respectively. The Bidirectional LSTM layer is unraveled
to illustrate its recurrent nature and dashed lines signify inputs (x) and outputs (%) at time z.; and
t+1. A dropout rate of 20% was applied to the input layer of the network and a dropout rate of 40%
was applied to the output of the Bidirectional LSTM layer to limit network overfitting. For each
prediction of the normal GRF at a given time (¢), the network received 13 features as inputs (xs;
Figure 4.1), passed the output from the Bidirectional LSTM layer (/%) to the MLP, and predicted
a single value (y,) with a linear activation function in the output layer.

Ouvutput

was similar to the average RMSE across all subjects (Figure 4.3) and their GRF waveforms
illustrated the interaction between running slope and normal GRF impact peak magnitude
(Gottschall and Kram, 2005). This single-subject validation method prioritizes accuracy over
generalizability (the ability to make accurate predictions for a variety of athletes) and represents

the potential circumstance of training the LSTM network on data collected from a single athlete

84



before the start of their competitive season and using it to predict the same athlete’s GRF data

during their competitive season.

Prediction error for each trial’s GRF waveform was quantified as the Root Mean Square
Error (RMSE) and relative RMSE (rRMSE), which is the RMSE normalized to the average range

of the compared waveforms expressed as a percentage and defined as

RMSE

RMSE =
r 0.5 * 322, (max(x;) — min(x;)) ’

100, (4.1)

where x; and x, are the GRF waveforms predicted by the LSTM network and measured by the
force-measuring treadmill (Ren, Jones and Howard, 2008). Additionally, we used a threshold of
5% BW to identify the start and end of the stance phase and calculated the active peak of the
normal GRF waveform, normal impulse, normal GRF loading rate, contact time, and step
frequency from the predicted and measured GRF data. The normal GRF active peak was calculated
as the maximum normal GRF value occurring between 40 — 60% of the stance phase because the
magnitude of the impact peak can exceed the active peak during downhill running and occurs
during early stance phase (0 - 30%) (Gottschall and Kram, 2005; Vernillo et al., 2020). We
calculated impulse as the integral of the normal GRF waveform during the stance phase with
respect to time, loading rate as the average slope of the normal GRF waveform during the first 25
ms of the stance phase (Yong et al., 2018), contact time as the duration when the normal GRF was
greater than 5% BW, and step frequency as the number of initial foot-ground contacts per second.
We report the mean absolute percent error (MAPE) of these discrete variables for each subject.
Data analysis was performed in python and R using custom libraries (Wickham, 2009, 2019;
Alcantara, 2019; Harris et al., 2020; pandas development team, 2020; R Core Team, 2020;

Virtanen et al., 2020; Wickham et al., 2020).
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We applied two constraints to the predicted GRF waveform to ensure that the data fell
within established biomechanical limits and could be used to calculate discrete biomechanical
variables of interest. First, the predicted GRF waveform had to have an equal number of foot-
ground contacts as the GRF waveform measured by the force-measuring treadmill, determined
using a 5% BW threshold. Second, the step frequency over the duration of the predicted GRF
waveform had to be < 4 Hz. These criteria represent biomechanical constraints to the network
predictions, as thresholds of 5% BW have been previously used to identify the stance phase for
the calculation of kinetic or kinematic variables (Day et al., 2021) and step frequency is < 4 Hz
during uphill and downhill running (Cavagna et al., 1997; Snyder and Farley, 2011). Trials that
failed to meet either of these criteria were used to calculate the LSTM network’s prediction failure

rate and removed from subsequent analyses.

4.3 Results

4.3.1 LSTM Network Prediction Failure Rate

We analyzed 529 trials for the present study. The predicted GRF waveforms for 32 trials
(6%) failed to meet one or both criteria and were classified as failed predictions. Specifically, 22
trials (4%) required a threshold greater than 5% BW to identify an equal number of steps between
the predicted and measured GRF waveforms and 10 trials (2%) had a step frequency greater than
4 Hz. Thus, 94% of the GRF waveforms predicted by the LSTM network fell within the imposed

biomechanical boundaries.
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Figure 4.2 Ground reaction force waveform prediction error for each subject across all
conditions. The average Root Mean Square Error (RMSE) across subjects was 0.16 BW (dashed
horizontal line). Filled circles represent each trial, and the color indicates slope (0°, £5°, £10°) at
three speeds (2.5, 3.33, and 4.17 m/s). Open circles represent each subject’s average RMSE,
horizontal bars are the median RMSE, box plot edges indicate the interquartile range (IQR; 25

and 75" percentile), and the whiskers encompass values that fall within 1.5*IQR. Subjects are
sorted from lowest to highest RMSE.

4.3.2 LOSO Cross Validation

The average = SD RMSE was 0.16 = 0.04 BW (Figure 4.3) and rRMSE was 6.4 + 1.5%
for the LSTM network predictions of each subject’s normal GRF waveforms compared to the GRF
waveforms measured by the force-measuring treadmill across all conditions (Table 4.1). RMSE
values were lower during slow uphill running (2.5 m/s, +10°; 0.13 BW) compared to fast downhill

running (4.17 m/s, -10°; 0.20 BW) (Figure 4.4 & Figure 4.5). The MAPE for step frequency was
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0.1 + 0.1%, contact time was 4.9 + 4.0%, impulse was 6.4 + 6.9%, normal GRF active peak was

8.5 + 8.2%, and loading rate was 27.6 + 36.1% (Table 4.2).
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Figure 4.3 Ground reaction force waveform prediction error for each condition.
The average = SD Root Mean Square Error (RMSE) of the predicted ground reaction
force (GRF) waveforms compared to the GRF waveform measured by the force-
measuring treadmill for each condition during leave-one-subject-out cross validation.

4.3.3 Single-Subject Validation

The error metrics calculated during the single-subject validation reflect the accuracy of the
LSTM network when tested on the data from a representative subject (Subject 14) during the +5°
slope trials and trained on their remaining trials. The prediction error for the representative
subject’s normal GRF waveforms at £5° was lower than those resulting from the LOSO cross
validation, with an average + SD RMSE 0f 0.08 £ 0.02 BW and rRMSE of 3.3 = 0.9%. The MAPE
of step frequency (0.1 = 0.1 %), contact time (3.0 + 2.3%), impulse (2.5 + 1.9%), normal GRF
active peak (2.7 = 2.0%), and loading rate (17.6 £ 16.9%) calculated from the GRF waveform
predicted by the LSTM network were also generally lower than those resulting from the LOSO

cross validation.
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4.4 Discussion

We developed a recurrent neural network capable of predicting the continuous normal GRF
waveform across a range of running speeds (2.5 — 4.17 m/s), slopes (0°, £5°, £10°), and step
frequencies (preferred, £10%) from accelerometer data. Our findings indicate that an LSTM
network given the runner’s mass, height, running speed, slope, foot strike pattern, and sacral
acceleration can predict the normal GRF waveform across a range of speeds and slopes with an
RMSE 0f 0.12 — 0.20 BW and rRMSE of 5.4 — 7.3% (Figure 4.4). For comparison, recent studies
report an RMSE 0f 0.39 + 0.26 BW (Wouda ef al., 2018), an RMSE 0f 0.21 + 0.03 BW (Dorschky
et al., 2020), and an rRMSE of 13.92% (Johnson et al., 2021) when using neural networks to
predict the stance phase vertical GRF waveform during level-ground running. Previous studies
also quantified the accuracy of their networks using the Pearson correlation between the predicted
and measured GRF waveforms, but we chose not to include correlation as a primary metric of
accuracy. We refrained from calculating the Pearson correlation because it appears to lack the
sensitivity of RMSE or rRMSE when comparing GRF waveforms (Ancillao et al., 2018). Previous
studies have achieved very strong correlations (> 0.90) when predicting the vertical GRF
waveform but RMSE and rRMSE values were up to twice as large as the average values achieved

in the present study.

In contrast to previous studies, the LSTM network does not require stance phase
identification or time normalization, which preserves the temporal component of the predicted
GRF waveform. This characteristic of the LSTM network allowed us to calculate stride kinematic
variables like step frequency and contact time with a MAPE < 5%. Additionally, the recurrent
nature of the LSTM network facilitates frame-by-frame predictions of the GRF waveform and can

be used to make predictions over any duration of running if the length of the accelerometer signal
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is divisible by the window width (12 ms). Thus, the LSTM network could be used to quantify

changes in the normal GRF waveform over the course of prolonged runs (e.g. a marathon race).
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Figure 4.5 Predicted and measured normal GRF waveforms across slopes for a
representative subject. The normal ground reaction force (GRF) waveforms predicted by the
recurrent neural network (dashed red lines) and measured by the force-measuring treadmill (solid
blue lines) at 3.33 m/s and all slopes (0°, £5°, £10°) are presented for Subject 14. Subject 14 was
selected because they had similar RMSE values (0.17 = 0.07 BW) as the average across all subjects
(0.16 = 0.04 BW) and their data illustrate the effect of slope on the presence of an impact peak in
the normal GRF waveform.

91



The accuracy of the predicted GRF waveforms varied across speeds and slopes, with a
combination of faster running speeds and negative slopes producing greater RMSE values than
slower running speeds and positive slopes (Figure 4.4). We suspect that the greater RMSE values
during downhill running may be due to the LSTM network’s inability to account for changes in
impact peak magnitude across slopes ( Figure 4.5). Previous studies have found that the presence
of an impact peak in the normal GRF waveform is subject-specific, affected by changes in running
slope, and associated with the acceleration of the effective mass of the lower extremity during
early stance phase (McMahon, Valiant and Frederick, 1987; Gottschall and Kram, 2005; Vernillo
et al., 2020). Thus, predictions of the normal GRF waveform across slopes may be further

improved by incorporating accelerations measured at the feet or lower legs.

4.4.1 Single-Subject Validation

We quantified the accuracy of the LSTM network when trained and tested on data from
the same subject. Although not a valid method of determining the generalizability of a machine
learning algorithm, single-subject validation provides insight into how well a personalized neural
network could predict an individual’s GRF waveform for unknown combinations of speed and
slope in the future. We found that predicted GRF waveforms during the +5° slope conditions had
an average = SD RMSE of 0.08 = 0.02 BW, indicating that a subject-specific LSTM network was
approximately twice as accurate as the LOSO cross validated LSTM network. A single-subject
approach may be particularly beneficial for researchers, coaches, or clinicians who have the
resources to train personalized LSTM networks and wish to monitor a specific athlete’s
biomechanics over the course of a competitive season. For example, an athlete could run at a
variety of speeds and slopes while wearing accelerometers during baseline testing on a force-

measuring treadmill at the start of their competitive season and a personalized LSTM network
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could be trained on their data. Then, if accelerometer data were collected from an athlete during
training runs, their normal GRF waveforms and a variety of discrete values could be predicted and
monitored longitudinally. Although this approach benefits from improved prediction accuracy, it

requires computational resources necessary to train personalized LSTM networks for each athlete.

4.4.2 Discrete Variable Accuracy

The MAPE values for step frequency, contact time, impulse, and normal GRF active peak
were < 8.5%, but the loading rate MAPE was 27.6 + 36.1%. The lower MAPE values for step
frequency, contact time, impulse, and normal GRF active peak indicate that the LSTM network
consistently identified the general shape of the GRF waveform and the boundaries of the stance
phase despite changes in speed, slope, and step frequency. However, the network did not
consistently predict the presence of an impact peak during early stance phase (Figure 4.5, -10°
trial), which affects the slope of the GRF waveform during early stance phase and thus the accuracy
of the loading rate values. Although the prominence of an impact peak in the normal GRF
waveform is affected by foot strike pattern and slope (Gottschall and Kram, 2005), which are two
variables that we included as input features for the LSTM network, the decreased accuracy when
estimating loading rate may be because we did not include accelerometer data from the lower legs
or feet. The impact peak of the GRF waveform is associated with the acceleration of the effective
mass of the lower extremity during early stance phase (McMahon, Valiant and Frederick, 1987;
Gottschall and Kram, 2005) and a previous study found moderate-strong correlations between
axial tibial acceleration and vertical GRF impact peak magnitude (r = 0.76) and timing (r = 0.94)
during running (Hennig and Lafortune, 1991). We did not include the accelerometer data from the

shoes as inputs for the LSTM network because the data were not available for both feet but

93



including data from an accelerometer located on the lower legs or feet as inputs to a neural network

may further improve the prediction accuracy of loading rate.

External cumulative loading is generally calculated as the product of a given external load’s
magnitude (e.g. peak GRF) and the number of steps taken over a given duration of running
(Firminger and Edwards, 2016; Kiernan et al., 2018; Backes et al., 2020; Ryan et al., 2020) and
has been associated with running-related overuse injuries (Colby et al., 2014; Bertelsen et al.,
2017; Kiernan et al., 2018). Previous studies have predicted the peak vertical GRF from pelvis
accelerometer data with a MAPE of 4.0 — 8.3% during level-ground running (Neugebauer,
Hawkins and Beckett, 2012), but a personalized LSTM network could be used to measure an
athlete’s external cumulative load with improved accuracy (MAPE = 2.7 £+ 2.0%) across a range
of running speeds and slopes. Thus, an LSTM network could be used to monitor an athlete’s risk

of sustaining a running-related overuse injury over the course of a competitive season.

4.4.3 Considerations for LSTM Network Implementation

The LSTM network represents a promising strategy for predicting continuous normal
GRFs from wearable devices in outdoor environments. The LSTM network required three
accelerometers (one on the sacrum and two on the right shoe to determine foot strike pattern), but
we performed a post-hoc analysis of the prediction accuracy without the foot strike pattern data to
quantify the network’s accuracy when only using data from one sacral accelerometer. The post-
hoc analysis revealed that excluding foot strike pattern data slightly increased the average + SD
RMSE from 0.16 + 0.04 BW to 0.17 £ 0.05 BW and rRMSE from 6.4 = 1.5% to 6.7 + 1.7%.
Excluding foot strike pattern data affected the MAPE of discrete variables by < 3% (Table 4.3).
These findings indicate that the LSTM network can predict normal GRF waveforms from a single

accelerometer on the sacrum more accurately than neural networks implemented in previous
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studies (RMSE = 0.21 — 0.39 BW, rRMSE = 13.92%), which require data from 3 — 7 wearable

devices (Wouda et al., 2018; Dorschky et al., 2020; Johnson et al., 2021).

Table 4.3 Error metrics for the predicted waveform and discrete variables when training the
Long Short-Term Memory (LSTM) network with and without foot strike pattern as input
features. Root Mean Square Error (RMSE) and relative RMSE (rRMSE) are presented for the
normal ground reaction force (GRF) waveforms predicted by an LSTM network trained with and
without foot strike pattern data from the two accelerometers on the right foot. Mean absolute percent
error (MAPE) values are presented for the discrete variables calculated from the normal GRF
waveforms predicted by both LSTM networks.

LSTM With Foot Strike LSTM Without Foot Strike

(Sacrum + Right Foot (Only Sacrum
Accelerometers) Accelerometer)
GRF Waveform
RMSE [BW] 0.16 £0.04 0.17+0.05
rRMSE 6.4+1.5% 6.7+ 1.7%
Discrete Variables MAPE
Step Frequency 0.1£0.1% 0.1£0.1%
Contact Time 4.9 £4.0% 5.6+4.5%
Impulse 6.4+6.9% 6.0+7.1%
Active Peak 8.5+8.2% 7.7+6.3%
Loading Rate 27.6 £36.1% 30.3 +£41.6%

Using a recurrent neural network in combination with accelerometers and a global
positioning system (GPS) device to obtain speed and slope data could potentially allow runners to
receive accurate biomechanical feedback during an outdoor run. GPS devices are commonly used
by runners (Janssen ef al., 2020), have been used to provide real-time feedback of step frequency
(Willy et al., 2016), and could provide the LSTM network with the running speed and slope data
necessary to predict the GRF waveform (Scott, Scott and Kelly, 2016). This could facilitate near
real-time predictions of the normal GRF waveform if the accelerometer data can be synchronized
with the GPS data and split into portions with near constant speeds and slopes. Discrete
biomechanical variables could then be calculated from the predicted normal GRF waveform and

sent to a clinician, coach, researcher, or the runner themselves. A similar approach has been
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implemented during outdoor walking and running using an integrated IMU-GPS device placed in
a backpack, but it is unclear how generalizable or accurate this approach is as the network was
trained and tested on data from the same three subjects and the reported accuracy metrics are
combined for walking and running (Vitali et al., 2019). To facilitate the calculation of GRF-based
variables during outdoor running using accelerometers, we have made the LSTM networks, which

were trained on all subjects, with and without the need for foot strike data, publicly available.

4.4.4 Limitations

There are potential limitations to consider alongside our findings. The accelerometers used
in the present study were adhered to subjects using tape, and a less secure attachment method may
introduce movement artefact into the accelerometer signal. Securing an IMU to the lower leg using
a commercial strap resulted in peak accelerations that were 1.2 g greater than when securing the
IMU with athletic tape (Johnson et al., 2020), but the lower leg experiences larger accelerations
than the sacrum during running (Baggaley et al., 2019) and may be more sensitive to different
attachment methods. Using the LSTM network to predict normal GRF waveforms from
accelerometers adhered differently than in the present study may decrease prediction accuracy, but
the 20 Hz low-pass filter we applied to the accelerometer data can potentially mitigate this effect.
Additionally, predictions made with the LSTM network may not be generalizable for speeds or
slopes that fall outside the range of the training data (2.5 — 4.17 m/s and £10°) as biomechanics
change when running on steep slopes (e.g. 20 — 40°) (Giovanelli et al., 2016; Whiting et al., 2020).
Lastly, the LSTM network was trained on data collected on a stiff force-measuring treadmill and
thus accelerometer data collected during running on less stiff surfaces (e.g. grass) may result in
greater prediction errors given the effects of surface stiffness on running biomechanics and thus

energy absorption (Derrick, Hamill and Caldwell, 1998; Ferris, Louie and Farley, 1998).
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4.5 Conclusions

We developed a Long Short-Term Memory (LSTM) neural network that used
accelerometer data to predict the continuous normal GRF waveform across a range of running
speeds (2.5 —4.17 m/s) and slopes (0°, £5°, £10°) with an average £ SD RMSE 0f 0.16 + 0.04 BW
and rRMSE of 6.4 + 1.5%. Unlike neural networks implemented in prior studies, the LSTM
network does not require preliminary identification of the stance phase or temporal normalization
and allows for near real-time predictions of the normal GRF waveform during running. Accurate
predictions of the normal GRF waveform using wearable devices will improve our ability to

longitudinally monitor biomechanical variables in non-laboratory environments.
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5 Conclusion

My first study (Chapter 1) quantified the effects of RSP and lower limb mass on metabolic
power and biomechanical asymmetry in individuals with a transtibial amputation running at 2.5
n/s. I found that added mass to the RSP and lower limb resulted in increased metabolic power but
had no effect on measures of asymmetry. Additionally, when 100 g were added to each limb of
runners with a transtibial amputation, they had greater increases in metabolic power than runners
without an amputation. Considering the relationship between metabolic power and distance
running performance, runners with a transtibial amputation might improve their performance by

reducing the mass of their RSP.

My second study (Chapter 2) measured the leg-specific force production and lower body
joint kinetics and kinematics during maximum velocity sprinting on a straightaway and two flat
curve radii typical of track and field sprint events. My findings validate previous theoretical
models, provide substantial evidence for leg-specific biomechanical functions during curve

sprinting, and highlight opportunities to improve sprinting performance.

In my third study (Chapter 3), I developed a method of predicting running-related
biomechanical variables with a single accelerometer clipped onto the back of running shorts. This
approach was more accurate than previous attempts at predicting biomechanical variables from
wearable devices. Accurate predictions with wearable devices in biomechanical research will

improve our ability to measure an athlete’s biomechanics and monitor injury risk.

In my fourth study (Chapter 4), I present a novel application of neural networks to
accelerometer data that is capable of near-real time predictions of GRFs during running.

Continuous predictions of the GRF waveform improves upon previous research predicting discrete
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variables or only portions of the GRF waveform and could potentially allow runners to receive
more accurate biomechanical feedback during an outdoor run. The application of machine learning
and statistical models to wearable device data will potentially provide a way to collect accurate

biomechanical data in environments and quantities previously impossible to accomplish.

In conclusion, my dissertation furthers our understanding of running physiology, sprinting
biomechanics, and how wearable devices can be used to remotely monitor a runner’s biomechanics
and injury risk. These findings may provide information for long distance runners and sprinters to
improve their performance as well as strategies for coaches, clinicians, and researchers to prevent
overuse injuries in runners. Overall, my dissertation identifies current biomechanical and
physiological limitations to human performance and provides strategies for overcoming these

limitations.
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