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ABSTRACT

Biomechanical analysis offers detailed insight into an individual’s movement strategies.
Spatiotemporal variables, segmental peak accelerations and joint kinematics are variables
that have been linked to predictors of athletic performance and injury risk. Their inclusion
within the monitoring frameworks of team sports athletes could further add to the
assessment of an athlete’s response to training load and aid in establishing an athlete’s
physical condition. Therefore, the aim of this thesis was to investigate the capabilities of a
Global Positioning System (GPS) based Inertial Measurement Unit (IMU) to measure the
running biomechanical variables that can be used within the context of athlete monitoring
frameworks.

The first study focused on accurately identifying foot stance characteristics to calculate
spatiotemporal variables of running (Chapter 3). Accuracy was running speed dependant and
potentially influenced by an individual’s running style on the acceleration profile of the GPS-
based IMU. To understand this further, an investigation was conducted into the effects of
running kinematics on the peak accelerations captured by the GPS-based IMUs (Chapter 4).
Results showed that the peak velocities of body segments had, on average, a greater effect
than the joint/segment angles. More specifically, the peak velocities of the shank and pelvis
during the impact subphase of the foot stance had the largest effect on the resultant peak
accelerations captured by the GPS devices. Considering the strengths of these relationships
found, a method is developed within Chapter 5 where artificial neural networks (ANN) were
utilised to predict running kinematics from GPS-based IMU, anthropometric and running
speed data. It was found that sagittal plane kinematics of the trunk, pelvis, hip, thigh and knee
could all be estimated with different levels of accuracy.

In this thesis, a series of novel methods to conduct biomechanical analysis of running was
developed with GPS devices commonly used by team sports athletes. These newly developed
data processing and analysis techniques lay the foundations for increasing the biomechanical
understanding of athletes in the field concerning sports performance and injury occurrence.
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Chapter 1: Introduction



1.1. Background:

The inclusion of global positioning systems (GPS) within athlete monitoring frameworks has
expanded the capabilities of coaches, sports science and medical practitioners to quantify the
field-based workload of athletes. Since the mid-2000s, these devices have been heavily
employed in sports teams to track the quantity and rate of an athlete's locomotion through
derivatives of distance and speed'™. Application of this data, in theory, aids in the
periodisation of training programs to ensure the correct physiological stimulus is provided to

the athletes whilst minimising fatigue and reducing injury risk*2.

Conversely, in this time, there has been an exponential increase in soft tissue injuries in team
sports such as football®1°, Causes of soft tissue injuries are multifactorial!, and there are
limitations of monitoring frameworks that have a heavy reliance on GPS data to manage injury
risk. GPS variables such as total distance and distance of high-speed running (distance
accumulated at speeds >18 km/h) have displayed a limited ability to predict soft tissue
injuries'2. The inclusion of variables such as injury history has increased accuracy in injury
forecasting models'3. However, there is yet to be a consensus on the most effective

methodology or choice of variables to utilise in managing injury risk45.

Measuring the quantity and rate of locomotion alone in athlete monitoring does not provide
a comprehensive insight into the physical condition of athletes (i.e. neuromuscular fatigue and
running economy). Analysis of these variables offers the quantification of training load or

‘dose’ and thus further information is required to measure an athlete's response to the



training stimulus'®. Typically, practitioners employ additional assessments of their athletes to
measure responsel’. Jump testing!®'°, blood taxonomy?®2!, muscle strength tests??%,
repeated sprint testing 242> and subjective questionnaires?®?” are popular assessments within
the literature employed as measures of response. Albeit, in practice, there are barriers that
can prevent the frequent use of these tests within athlete monitoring frameworks including
equipment costs, specialised training requirements for staff, athlete/coach buy-in and time
constraints'®. Therefore, there is a need for an additional/alternative assessment of response

that can be integrated more conveniently within the team sports environment.

A potential method of measuring response may already be present within GPS devices. In
addition to global coordinate data, GPS devices also contain high-frequency tri-axial
accelerometers. Inertial measurement units (IMU) such as accelerometers and gyroscopes
have been used extensively in both the clinical and sports industries to provide detailed
insights into human movement?®-32, When IMUs are attached to a body segment, they capture
the acceleration profile of that segment. During locomotion, time points of key gait events
such as initial foot contact (TFC) and terminal foot contact (TFC) can be identified within the
acceleration profile, which can be used to measure spatiotemporal variables of
walking/running such as step frequency3334, stride length3>3® and stance/flight time37:38,
Furthermore, methodologies have been developed to measure walking/running style by
directly estimating joint kinematics?®3%49, or indirectly, by measuring the attenuation of

ground reaction force to infer kinematic strategies* =43



Spatiotemporal variables that quantify running style have been of particular interest in
relation to sports performance. Increased step frequency has been associated with reduced
injury risk**, and stance time is an important variable in running performance®*¢, which can
also be employed as a proxy measure of neuromuscular fatigue*’. Recently, van Oeveren et
al.*8 suggested that the fundamental differences in running styles can be distinguished by
measuring step frequency (normalised to leg length), step length (normalised to leg length),
and stance/flight time. These four variables are often associated, in the literature, with
biomechanical predictors of performance, such as running economy and force production
capabilities*®*°=>1, The authors proposed the 'dual axis' framework that uses these variables
to categorise running styles into the following categories: bounce (long flight time and short
stance time), stick (short flight time and long stance time), push (large step length and lower
step frequency), hop (small step length and higher step frequency) and sit (medium
stance/flight time and medium step length/frequency) as indicated in Figure 1.1%. The
athletes position on the vertical axis (stance vs flight time) is partially descriptive of the lower
limb kinematics/kinetics and the position on the horizontal axis (step length vs step frequency)
represents the athlete's force production capabilities*®. They acknowledge that running style
is speed-dependent but stipulate that all runners can be grouped into one of the five running
styles. The framework intends to allow coaches to distinguish running styles between athletes
and provide the basis for future investigations about the most economical running style and

associated injury risks?®.
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Figure 1.1. Visualisation of the Dual axis framework to characterise the fundamental differences in
running styles between individuals. The horizontal axis represents a high stride frequency on the left
(hop) and a large stride length on the right (push). The ratio between stance and flight time is
represented in the vertical axis with long flight time (bounce) at the top and long stance time (stick) at
the bottom. The centre represents medium values of all variables (sit). From "The biomechanics of
running and running styles: a synthesis", B.T. van Oeveren, C.J. de Ruiter, P.J. Beek, J.H. van Dieén, 2021,
Sports Biomechanics, Published online March 4 2021, 1-39. The dual Axis framework section, Figure 7

(doi:10.1080/14763141.2021.1873411). CC BY-NC-ND 4.0.

In addition, measuring joint angles has been of interest when more specific analysis is required
into an individual's running kinematics. Analysing knee joint kinematics provides insights into
the rehabilitation progress of athletes who have undergone knee ligament surgery>2. It can

also be useful in assessing the risk of knee ligament injury, as athletes with reduced knee



flexion are at greater risk®>. However, there is a scarcity of field-based studies that have
measured joint kinematics longitudinally with IMUs due to errors associated with sensor
misalignment and gyroscopic drift39°*>>, Advanced data processing procedures such as
machine learning algorithms can overcome these issues, as they can analyse relationships
within data sets when the linearity and normality of the data have been skewed>®.
Additionally, they contain training and testing modules whereby the model learns the
strengths of the relationships between variables and then tests out the model's ability to
estimate the output variables®®. However, methods utilising deep learning algorithms with
IMU data to estimate joint kinematics have only been developed recently3°°7>%, As a result,
most applied field-based studies have indirectly measured running kinematics with IMUs by
capturing the peak accelerations of segments. Differences in peak accelerations between two
segments in the kinetic chain can provide insights into the shock attenuation properties of the
joints between the segments as a more flexed joint angle will result in greater attenuation>®,
This methodology has been applied to observing running kinematic alterations during fatigued

running®%62,

Analysing biomechanical variables is valuable in providing insights into the physical condition
of athletes and, if applied within team sports, could provide an alternative measure of
response within athlete monitoring frameworks. However, measuring spatiotemporal
variables and joint angles has yet to be validated with the IMUs contained within GPS devices.
Most manufacturers utilise IMU data to quantify external loading placed upon athletes
through the sum of all axial accelerations (Playerload™) or by analysing peak accelerations

during contact (either from the ground or an opposition player) as standard®**. Previous



investigations that have measured spatiotemporal variables with GPS devices have either not
mounted the sensor in its conventional position®® (in a standard vest positioning the device
between the scapular) or have done so in a single-participant study design®®. Furthermore,
Buttfield (2016) analysed step waveforms from the GPS accelerometer but did not validate
their step identification method against a motion capture system®. IMU mounting sites can
affect the accuracy of measuring spatiotemporal variables with IMU sensors®®, and multiple
participants are required to validate accuracy®®. Despite the existence of considerable
developments and research in this field, it remains unclear whether the GPS-based IMU can

accurately provide detailed biomechanical insight into the locomotion of athletes.

The potential application of GPS devices to capture biomechanical variables appeals to sports
science and medical practitioners. These devices are already commonly employed with
athletes and, therefore, would not require investment in additional analysis tools. Many sports
teams likely have large amounts of historical data, enabling trends analysis and establishing
benchmarks for their cohort of athletes. Moreover, GPS devices have batteries that can last
several hours and large data storage capacities, enabling a large window of opportunity to
capture an athlete's activity in the field. Given the convenience of collecting data with GPS
devices, it is clear that validating a methodology to analyse biomechanical variables would
provide practitioners with a practical means to capture an athlete's quality of locomotion in

the field, thereby adding value to athlete monitoring frameworks.

In order to measure biomechanical variables with IMUs, it is important to accurately identify

key gait events, such as initial foot contact and terminal foot contact, as this allows for the

7



separation of the stance, swing and flight phases during running’®. Once these gait events
have been identified, spatiotemporal variables such as stance/swing/flight time can be
calculated. Additionally, methodologies that utilise IMUs to analyse running kinematics rely
on the accurate measurement of the timing of ground contact to evaluate the resulting IMU
acceleration profile caused by ground reaction forces’!. Therefore, the first step to collecting
biomechanical variables with GPS devices should be to assess the GPS-based IMU’s
capabilities to identify the key gait events. In addition, this investigation should be conducted

over several speeds as this has been previously shown to affect the accuracy’?.

Once the measurement of spatiotemporal variables has been established with the GPS
devices, the next step should be to investigate the effects of inter and intrasubject differences
in running kinematics on the acceleration profile captured with the GPS. The mounting site of
the GPS device is on the posterior aspect of the upper trunk and is potentially influenced by
the segments preceding the trunk in the kinetic chain (pelvis, thigh, shank and foot). In
addition, peak acceleration is a variable already outputted by most GPS manufacturers'
software®3®4, and it is a commonly used variable to infer running kinematics in running-based
studies with IMUs mounted on other anatomical sites®2. Therefore, establishing which
segments and surrounding joints have the largest effect on the acceleration profile would
provide insight into whether the peak accelerations of the GPS-based IMU can identify

differences/changes in running kinematics.

Directly measuring joint kinematics during running with IMUs is particularly difficult outside

of the laboratory environment. The implementation of deep learning algorithms within the

8



data processing procedures of IMU data has shown great potential to overcome previous
issues within regression-based methods3%°’. Direct measurement of running kinematics could
benefit practitioners wanting a detailed analysis of an athlete's biomechanics, such as those
rehabilitating from an injury and analysing the effect of training interventions to increase
performance. If this is achievable with GPS devices, it would provide regular field-based
analysis of running kinematics and create the basis for further applied biomechanical research
studies concerning sports performance and injury. Subsequently, an investigation into the
predictive capabilities of artificial neural networks (ANN) to estimate running kinematics,

utilising data from GPS devices, is needed.

Lastly, the methods employed to capture biomechanical variables must be reproducible for
practitioners working with GPS devices to ensure ecological validity. Sports science and
medical practitioners typically do not have experience in data processing techniques such as
data mining, signal processing and coding. Similarly, there are time constraints when working
in a sporting environment with many athletes, requiring data processing procedures to be
concise and time efficient. For these reasons, the methods should be either simple or use

commercially available software to process data.

1.2. Aim:

The main aim of this thesis was to investigate the capabilities of a GPS-based IMU to measure
the running biomechanical variables that can be used within the context of athlete monitoring

frameworks.



Following this, three main objectives of the research have been defined:

1 To develop a method of identifying key gait events during foot contact to calculate
spatiotemporal variables of running gait with a GPS-based IMU (Chapter 3).

2 To investigate the relationship between running kinematics and the acceleration
profile of the GPS-based IMU (Chapter 4).

3 To investigate the potential of predicting running kinematics using the GPS-based

IMU, running speed and anthropometric data (Chapter 5).

1.3. Predicted Outcomes:

Considering the previous research using IMUs to measure biomechanical variables, as

mentioned in section 1.1, the following predicted outcomes of the thesis are:

e The GPS-based IMU can measure spatiotemporal variables of running, but the
accuracy is speed-dependent.

e Peak accelerations captured by the GPS-based IMU are related to running kinematics,
with the joints/segments closest to the trunk having the largest effect.

e ANNs containing data from GPS-based IMU, running speed and anthropometric

measurements will be able to estimate running kinematics.
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1.4. Scope and Boundaries:

This thesis investigates the application of a GPS-based IMU to measure biomechanical
variables of running on a treadmill with healthy participants. It does not include walking,

multidirectional running, overground running, or participants with pathological conditions.

1.5. Ethical Clearance:

The Staffordshire University ethical committee granted ethical clearance for the studies
conducted within this thesis, and all participants gave informed written consent before testing

(Appendix 1).

1.6. Thesis overview:

In chapter 2 of this thesis, a literature review describes how commonly used IMU variables
provide information on either the quantity, rate or quality of locomotion. This chapter
provides an overview of previous literature that has employed IMUs to analyse walking and
running within the clinical and sports industries. The variables covered within this review are
the number of steps, cadence, stride length, speed, distance, stance/flight time, joint
kinematics, impact and PlayerLoad™. The review focuses on the practical and logistical
considerations of data collection for each variable by discussing the variations in set-up

procedures and how they have been employed in applied research studies.
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The first study in this thesis (chapter 3) determined the validity of the GPS-based
accelerometer to identify key gait events of foot stance across several running speeds.
Previous studies that have used IMUs mounted on the upper trunk to measure spatiotemporal
variables during running have had varied accuracy that is speed dependent. Therefore, the
methodology developed within this chapter to identify key gait events in the GPS
accelerometer data is applied to treadmill running trials conducted at speeds ranging from 10
to 18 km/h. Each trial was captured with a motion capture system, and key gait events of initial
foot contact (IFC), midstance (MS) and terminal foot contact (TFC) were identified in the
coordinate data from the motion capture system and the vertical acceleration profile of the
GPS-based accelerometer. The agreement between the two systems is shown through Bland-

Altman plots for the calculation of stance time (s) and timings between IFC — MS and MS —TFC

(s).

Following this, chapter 4 aimed to determine the effects of running kinematics over several
speeds on the peak upper trunk segmental accelerations during foot contact captured with
the GPS-based accelerometer. Observing differences/changes in peak segmental accelerations
has been previously employed within running-based studies to analyse the kinematic
alterations within an individual's running style. The surrounding joints/segments of the
segment to which the accelerometer is attached will influence the magnitude of the peak
accelerations, and changes in running kinematics will alter the intersegmental transfer of force
throughout the kinetic chain. The positioning of the GPS devices on the upper trunk means
that the kinematics of the trunk, pelvis, thigh, shank and foot segments will potentially

influence the peak accelerations captured. Therefore, this chapter provides insight into the
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joint/segment kinematics that have the largest effects on the peak accelerations captured by
the GPS-based IMU at key gait events of foot stance. Additionally, the intersegmental
relationship between segment velocities throughout the kinetic chain during foot contact is
highlighted by determining which segments influence the peak accelerations of the upper

trunk.

The last investigation in this thesis (chapter 5) develops a novel method to predict running
kinematics from data available to practitioners working with team sports athletes. In recent
years, deep learning algorithms such as artificial neural networks (ANN) have shown greater
predictive accuracy than linear regression-based models to estimate joint kinematics from
IMU data during walking and running as ANNs can analyse non-linear relationships between
independent (input) and dependent (output) variables. Therefore, this chapter investigated
whether running kinematics can be accurately estimated through an ANN model containing
GPS-based accelerometer variables, running speed and anthropometric data. The results of
the ANNs show which kinematic variables can be predicted with high levels of accuracy and

provide insights into the individual contributions of each input variable within the models.
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Chapter 2: The use of inertial measurement units to quantify the quantity,

rate and quality of locomotion.

Parts of this chapter was published in the following book:

Needham, R.A,, Sinclair, J.K., Lawson, M., Naemi, R. and Chockalingam, N. (2022). 'Gait analysis
— kinematics' in Chockalingam, N. (1%) Technologies and Techniques in Gait Analysis: Past,

Present and Future. Stevenage: Institution of Engineering & Technology, pp: 61-84.



Abstract:

Inertial measurement units (IMU) such as accelerometers, gyroscopes and magnetometers
are powerful tools that can provide field-based analysis of quantity, rate and quality of
locomotion during walking and running. Several variables derived from IMU data can provide
insight into each of these three aspects of locomotion and have been employed extensively
in the clinical and sports industries. This review provides an overview of the extent and context
in which the current IMU-derived variables quantify these aspects of locomotion.
Furthermore, the practical and logistical aspects of data collection for each variable, variations
in set-up procedures, and how these are employed in applied research studies were discussed.
It was found that the number of steps and cadence (number of steps/min) are the most valid
and practical variables to quantify the quantity and rate of locomotion, respectively.
Throughout the reviewed literature, stance and swing time are validated variables that offer
basic unilateral insight into the quality of locomotion. Analysing the acceleration profiles of
body segments can provide a more detailed insight into the quality of locomotion by either
using multiple IMUs to directly estimate joint kinematics or analysing the peak accelerations
of a single IMU to infer kinematic strategies. Recent advancements in data processing
procedures by integrating deep learning algorithms offer the potential to use IMUs more
frequently in applied studies to longitudinally monitor the quality of locomotion in both the
clinical and sports industries. Furthermore, future research should look to develop methods
using single IMU sensor setups to improve the practicality of collecting data in the field.
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2.1. Introduction:

Walking and running are the two most commonly used forms of human locomotion and are
achieved through the coordinated movement of the lower limbs to propel and support the
body over a surface in a sinuous process. This process is referred to as a gait cycle, which
contains stance and swing phases. The simplistic distinction between the two forms of
locomotion is that walking employs a double limb support at the start and end of the stance
phase, so there is a continuity of ground contact throughout, whereas running involves a
single leg support stance phase and has periods of where there is no ground contact’®’3 as

shown in Figure 2.1,
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Figure 2.1. Comparison of the phases of the walking and running cycles: Initial Contact (IC), Midstance
(MST), Terminal Stance (TST), Preswing (PSw), Initial swing (ISw), Midswing (MSw), and Terminal swing
(TSw). Adapted from: Lohman EB, Balan Sackiriyas KS, Swen RW. A comparison of the spatiotemporal
parameters, kinematics, and biomechanics between shod, unshod, and minimally supported running

as compared to walking. Phys Ther Sport. 2011;12(4):151-163. doi:10.1016/].ptsp.2011.09.004

The biomechanical evaluation of walking and running offers objective insight into the variance
in technique within and between populations of people, leading to it being employed for
research purposes in both the clinical®®’#7> and sports industries’®’%. The current gold
standard to measure the temporal, kinematic and kinetic variables of locomotion utilises
optoelectronic motion capture systems that use multiple cameras and force platforms to
provide three-dimensional analysis’®8. Although some of these systems are used in a variety

of environments, these systems are mainly confined to a laboratory and are time-consuming
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to set up. Furthermore, they provide analysis for only a brief period and therefore may not
accurately reflect a person's natural locomotion in a real-world setting®'. This has
subsequently led to the development of other more practical methods of quantifying

locomotion that can be used for longitudinal analysis in the field.

Amongst these methods are inertial measurement units (IMU) as they are lightweight, easily
transportable and have low power requirements®2, IMUs contain either or a combination of
the following sensors: accelerometers, gyroscopes and magnetometers. Accelerometers
measure the linear acceleration of an object, and gyroscopes measure the rotational
acceleration. Together, they can quantify the frequency and intensity of movementin all three
planes of motion?®83, Magnetometers however, measure the ambulatory position and
orientation of an object and are primarily employed within IMUs for azimuth determination

and correction of gyroscope drift in the horizontal plane 842>,

Similar to optical motion analysis systems, IMU sensors are used to quantify locomotion
through applying specific algorithms to the IMU data that identify patterns which correspond
to gait events, e.g. Initial foot contact and terminal foot contact. This allows for the stance and
swing phases of gait to be distinguished and subsequent variables of interest to be calculated
(contact time, stride length, peak tibial shock during stance). These algorithms will vary
depending on the type of sensor set up used, but there have been several methods validated
that have employed either a single IMU sensor®® or a system of multiple sensors mounted in
different anatomical locations®”. While these methodological processes have been previously

debated, the practical use of these variables and the information they are providing the
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practitioner on locomotion has yet to be discussed. Norris, Anderson & Kenny (2014)3%8
provided some context of application as they separated some commonly used IMU variables
into research-orientated and coach-orientated variables. However, they only focused on IMU
analysis of running and their method of grouping variables does not provide insight into the
aspect of locomotion that is being quantified. A comprehensive overview of these variables
could provide practitioners with the knowledge to make the correct choice of IMU sensor set
up and to inform them on which variables to measure, depending on the aspect of locomotion

intended to be quantified.

Therefore, this review aims to explore how the commonly used IMU variables within walking
and running analysis provide information on either the quantity, rate or quality of locomotion.
The review focuses on the practical aspects and logistics of data collection for each variable
by discussing the variations in set up procedures and how they have been employed in applied

research studies.

2.2. Variables related to walking:

2.2.1.1. Number of steps and Cadence:

Counting the number of steps a person makes is one of the simplest forms of analysis, and it
is either presented as the total number of steps in any particular time period or as the average
number of steps per minute (cadence). Its simplicity lies in the fact that a sensor must only
identify the shock or the impact force transmitted to the body during a foot strike, with no

requirement to measure the intensity or the temporal characteristics of the foot strike. For
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this reason, step counting has been conducted since 19658° and was initially measured with a
spring-levered pedometer sensor mounted to the hip. However, due to the mechanical design
of these pedometers, they have often been found to underestimate the number of steps at
lower walking speeds®®91, More recently, newer piezoelectric pedometers that are similar to
accelerometers have been developed, as they can measure the intensity of force and
accurately detect foot strikes at lower speeds®?. One problem remains, though, because the
sensors are uni-axial, the accuracy can become compromised if the sensor is tilted. This is seen
with people who are severely overweight or pregnant due to the increase in waist size and
wobbling mass of the upper body, which causes misalignment of the sensor and more sensor

oscillations?324,

As a result, methods using tri-axial accelerometers have been validated when the sensor is
mounted at the ankle, thigh and waist®>. The ability to count steps in all three axes of motion
theoretically means that the orientation of the sensor should not affect its accuracy. This has
led to the development of step-counting applications for smartphones and other devices using
the inbuilt tri-axial accelerometers. Although the validity and reliability of these applications
and their algorithms are questionable, especially in real-world conditions®®, further

development and research are needed to improve these devices for clinical use.

The total number of steps is a variable that quantifies the quantity of locomotion as more
steps are associated with more time a person has spent walking®”. It is most commonly
employed for research purposes within the clinical industry to observe the differences in the

amount of physical activity that people with debilitating physical conditions such as
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Osteoarthritis3?, Osteoporosis®®, and Multiple Sclerosis®® undertake. By combining this data
with other clinical tests to assess a patient’s quality of life, clinicians have been able to set
physical output targets in the form of the number of steps per day in intervention
programmes®. In addition, providing regular feedback to patients on the number of steps
undertaken has been a useful motivational tool in intervention programs for overweight
hypertensive patients to prevent cardiovascular disease!®. Aoyagi & Shephard (2011)%°! also
proposed that equipping just 5% of the general public with the means to count steps and meet
targets could reduce national health care costs by 3.7%, which displays the important value

that this variable has in the clinical industry.

On the other hand, Cadence is a variable that quantifies the rate of locomotion as more steps
per minute reflects a faster pace of walking and vice versa. It is typically employed similarly to
the number of steps within the clinical industry to analyse the rate of the physical output that
individuals with debilitating health conditions undertake3!. However, cadence is also
important in the prevention of skeletal diseases caused by bone mineral density loss.
Cadences of over 122 + 10 steps/min corresponded to peak vertical accelerations and peak
loading rate values recommended to maintain bone health (>4.9g and 43 BW/s
respectively)!??, Therefore, the regular use of this measure as a proxy measure of peak loading

rates is essential for older adults at risk of osteoporosis.

The total number of steps and cadence can provide insight into the quantity and rate of

locomotion, however on their own, they do not assess the quality of locomotion. This is
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because these variables view the human body as a non-animated mass and cannot

differentiate between the motions of the individual limbs or segments of the human body.

2.2.1.2. Stride length, Speed and Distance:

The calculation of average walking speed in the field can be done easily with a stopwatch when
the distance covered is known. When the distance is unknown, stride length and number of
strides can be used to estimate walking speed!®. A stride is considered as two consecutive
steps on the same limb, and stride length is the distance between these two steps. Multiplying
the stride length by the number of strides will give the total distance covered, and dividing
the distance over time will give the average walking speed. As previously mentioned,
identifying a step with an IMU is simple. However, the calculation of stride length is more

complex.

A variety of methods have been developed to measure stride length, yet they all are based
initially on identifying foot contact through the protocols previously discussed. Amongst these
methods are human gait models, which estimate stride length by measuring the vertical
displacement of the centre of mass with an inverted pendulum model®*10> 3s jllustrated in
Figure 2.21% The benefit of this model is that it only requires one triaxial accelerometer
placed at the centre of mass to analyse both limbs. Though, this method requires additional
anthropometric information, and the calculation procedures are extensive when highly
accurate measurement is required'®’. Another approach is the direct integration method,

which does not require anthropometric data. This is because it uses an added gyroscope to
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measure sensor and limb orientation with respect to the global coordinate system and then
integrates the sensor acceleration, from the start and end of the stride, to estimate the stride
length%8, However, for bilateral analysis, an accelerometer and gyroscope need to be attached
to each foot, and the accuracy of this method is heavily dependent on the correct

identification of sensor orientation.
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Figure 2.2. lllustration of the inverted pendulum model of walking. Adapted from: Zielinska T, Gao Z,
Zurawska M, Zheng Q, Mergner T, Lippi V. Postural balance using a disturbance rejection method. In:
2017 11th International Workshop on Robot Motion and Control (RoMoCo). IEEE; 2017:23-28.
doi:10.1109/RoM0C0.2017.8003888

Stride length is a variable that quantifies the quality of locomotion as it provides insight into

how a person walks. When combined with the number of steps, the quantity and rate of
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locomotion can be quantified through distance and speed, respectively. In theory, using these
three variables could appeal to clinical practitioners as they quantify the three aspects of
locomotion. In practice, however, this is not the case as the validity of the stride length is only
acceptable for people with normal walking gait, and there are large errors when applied to
people with pathological conditions!®. Further research and development are needed before

these variables can be used widely for clinical walking gait assessment.

2.2.2. Stance and swing:

Identification of initial foot contact (IFC) and terminal foot contact (TFC) allows for the
distinction between the two phases of gait (stance and swing), and subsequently, variables
such as stance time and swing time can be calculated. There have been several validated
multiple sensor systems that use accelerometers and/or gyroscopes to detect IFC and TFC
when mounted at either the foot'!?, shank'! or thigh!'2. For unilateral limb comparison,
though, sensors must be placed on each leg, which increases set-up time and cost and
requiring data integration procedures. Instead, single sensor systems have also been
developed mounted close to the centre of mass, on the pelvis/lumbar spine, to provide
unilateral comparisons3>!13, These methods use linear acceleration peaks within the
anterior/posterior axis to detect IFC and TFC and peaks within the medial/lateral axis to
identify which foot is in contact with the ground. McCamley et al.1'* also showed that IFC and
TFC are identifiable in the vertical axis with enhanced signal processing techniques. Single-

sensor methods, therefore, maybe a better option for field-based analysis.
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Stance time can be separated into periods of single-limb support and double-limb support by
identifying the time between the IFC and TFC of each limb and calculating the difference. It
represents the ability of the lower limbs to support the human body during locomotion!®.
Alternatively, swing time, which is the time between TFC and IFC, represents the motor control
ability of a person to maintain an evenly balanced walking gait!'®. Stance and swing phase
variables are of interest for hemiplegic patients where both neuromuscular and motor control
ability is affected. It has been reported that patients who have suffered a stroke spend more
time in the double support stance phase, and total swing time is also increased'?116, Also,
unilateral comparisons have shown that the stance time of the affected limb is less than the
unaffected!®®. The analysis of the two phases of gait allows practitioners to assess what degree
a person’s neuromuscular capability has become impaired and has also been used in the
analysis of other pathological conditions that cause large impairments in walking ability, such
as Parkinson’s disease!!’. However, this is only to a certain extent as they fail to show the
effect of only discrete changes in a person's walking gait as seen after an anterior cruciate

ligament reconstruction'?*®,

Similar to stride length, stance time and swing time quantify the quality of locomotion.
However, this is achieved only to a basic level, as they view the human body unilaterally
regarding the left and right lower limbs and cannot provide insights into the individual motions
of the foot, shank and thigh segments within each limb. Usually, the stance and swing time
calculation does not require long pre-calibration procedures; hence, they are a more practical

option than stride length.
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2.2.3. Joint Kinematics:

The analysis of the segmental motions and relationships of the lower limbs during walking can
provide insight into the motor control capabilities of the central nervous system. One way of
assessing this ability is to observe the relationships of the segments through quantifying joint
kinematics*®. When doing so with IMUs, a multiple-sensor setup is required, which usually
involves placing one IMU above and below the joint on the body segments, as shown in Figure
2.3'20_ Sensor fusion algorithms are then used to recreate a biomechanical model of the
human body by analysing the linear relationship between the sensor’s acceleration profiles.
Several methods have been developed to measure joint kinematics using triaxial
accelerometers and/or gyroscopes?™27. The accuracy of these linear regression-based
methods depends on the ability to measure sensor orientation relative to an inertial frame
and, therefore, requires lab-based pre-calibration procedures!??. Some methods have also
included magnetometers to reduce gyroscope drift error, which is effective within controlled
settings®4. However, magnetic disturbances are common in buildings, and their inclusion for

long-term monitoring is not practical'?.
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Figure 2.3. Placement of IMU sensors (orange) on the thigh, shank and foot for measurement of knee
and ankle joint angles in sensor fusion methods. The green arrows represent the coordinates of the
joint axis direction and the blue arrows represent the joint position (blue arrows) in the local
coordinate systems. Adapted from: Seel T, Raisch J, Schauer T. IMU-Based Joint Angle Measurement

for Gait Analysis. Sensors. 2014;14(4):6891-6909. doi:10.3390/s140406891

In addition, accurate measurement of joint kinematics with the linear regression-based
methods relies on the correct positioning of the IMU sensors on the anatomical axis of the
segment. Motions of the soft tissue and application methods (in a garment/belt), though, can
cause misalignment of the sensors, which significantly reduces accuracy and is a common
issue in longitudinal monitoring®>%’. Integration of deep learning algorithms such as artificial
neural networks (ANN) has shown promise in overcoming these issues as they can learn the
relationships between input (IMU data) and output (joint kinematics) variables?®>’.

Furthermore, ANNs are not limited to linear relationships and can analyse data when the
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normality and/or linearity has become skewed>®. Therefore, IMU-based methods that utilise

ANNs to measure joint kinematics are more robust and are advised in longitudinal monitoring

29,57,58,127

The development of ANNs within IMU measurement of walking kinematics is only recent, and
subsequently, previous applied studies have typically utilised linear regression-based IMU
methods. In these studies, the sensor set-up varies depending on the rationale for analysis
and which joint and plane/s of motion are relevant. Favre et al.'?! developed a shank and
thigh-based IMU set up that measured 3D knee kinematics and could detect subtle differences
in individuals who had anterior cruciate ligament reconstruction (ACLR). After one year of
rehabilitation, a lower flexion-extension range of motion and higher internal-external range
of motion were observed in the ACLR knee compared to the contralateral knee. Conversely,
Zijlstra et al.*?° didn’t use an above and below joint IMU set up when analysing the differences
in the gait of hip arthroplasty patients. A thorax and lower trunk-based IMU setup were used
to measure frontal plane pelvic angles and trunk motion, and subsequently, higher peak-to-
peak amplitudes in the trunk motion of patients with hip arthroplasty were found compared
to healthy controls. These results illustrate the versatility of IMUs to measure and monitor
joint kinematics in various pathological conditions, which can be used to assist in the
development of surgical and rehabilitation procedures. Considering the development of IMU
methods utilising ANNs, there is now scope to employ IMUs further in applied studies to

measure pathological walking kinematics.
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Measurement of joint kinematics offers the practitioner an in-depth analysis of the quality of
locomotion. They quantify quality to a greater extent than other previously mentioned
variables as they allow for the differentiation between the motions of individual segments and
thus can detect discrete changes in gait that are not observed in stance and swing variables!8,
One disadvantage, though, is that to quantify the quantity and rate of locomotion, other

methods of analysis or more IMUs are required. Meanwhile, a single IMU mounted on the

pelvis or lumbar spine can determine stance and swing variables, speed, and distance.

2.3. Variables related to running:

2.3.1.1. Number of steps and Cadence:

In theory, the methods to identify foot contact between walking and running are the same.
However, the accuracy of the methods employed in walking differs when used for running
analysis. When using uni-axial accelerometers, the error increases when the running speed is
>10km/h®3°, This is due to an increase in multiplanar motions, and therefore, methods using

triaxial accelerometers are needed to accurately detect ground contact during running*3°,

Cadence is of interest within applied running research, but it is often expressed as stride
frequency or stride rate (cadence divided by 30) in the literature, and there have been several
studies that have analysed the effect of manipulating this variable!3%132, Stride frequency has
been shown to influence oxygen consumption, and novice runners have naturally less optimal
stride frequencies than experienced runners!3!. Consciously increasing stride frequency has

also been linked to reducing the risk of injury as it decreases the tibial acceleration
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experienced at the point of ground contact!®3. Including cadence in running analysis could,

therefore, be potentially useful for improving running efficiency and reducing injury risk.

The number of steps and cadence still quantify the quantity and rate of locomotion in running
as they do in walking. The inclusion of cadence, though, in a controlled setting where the
qguantity and rate are measured through treadmill-derived distance and speed, as seen so
frequently in the literature, shows that cadence can also provide insight into the quality of
locomotion. This is to a lesser extent than other variables, as there is no distinction between

right and left!3%132,

2.3.1.2. Stride length, Speed and Distance:

As previously mentioned, there is a clear biomechanical distinction between walking and
running in that running has periods of no ground contact, referred to as the double float
phase’. The presence of this phase in running means that the inverted pendulum models
used to calculate stride length, distance, and speed in walking cannot be applied directly to
running. Instead, running is modelled as a spring-mass system where, during foot contact, the
lower limbs (spring) absorb the energy from the upper body (mass) and then release the
energy to propel the body upward and forward as illustrated in Figure 2.434. This model is
utilised in the direct integration method, proposed by Yang, Mohr & Lee35, to identify the start
and end points of the stride and subsequently calculate stride length, distance and speed.
Similar to the walking direct integration methods, this method requires both accelerometer

and gyroscope and two mounting sites on either shank for bilateral analysis. Running speed
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has also been accurately estimated with accelerometers only through integrating ANNs. This
method uses the acceleration profile of the gait cycle at known speeds during a controlled
calibration run and then uses the same profile during an uncontrolled run to estimate the
speed®®>, The benefit of this method is that it can provide bilateral analysis through a single
trunk-mounted accelerometer3®, Still, several pre-calibration runs are needed to accurately
estimate a range of running speeds, which is not convenient when working with multiple

athletes.
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Figure 2.4. lllustration of the spring-mass system whereby the lower limbs are the springs support
and propel the upper body mass (m). Adapted from: Blickhan R. The spring-mass model for running

and hopping. J Biomech. 1989;22(11-12):1217-1227. doi:10.1016/0021-9290(89)90224-8

One consideration unique to running speed estimation is that accelerated running differs
biomechanically from steady-state running as the body leans forward’%'37, As a result, models
that have been validated for steady-state running speed have difficulties when applied to
accelerated running, such as sprinting. Parrington et al.'38 tested whether a direct integration

method could accurately measure peak velocity and average 10m split time during a 100m
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sprint. However, unlike previous methods that used a direct integration model, the authors
used a centre of mass-mounted IMU containing an accelerometer and gyroscope. Despite the
strong correlations of average 10m split velocities from 10-100m and peak velocity, the model
had large errors and poor correlation in the first acceleration phase from 0-10m. Future
research should focus on accounting for the differences in running kinematics during the

separate phases of accelerated running.

The analysis of stride length during running is potentially useful in preventing and treating
running-related injuries. Heiderscheit et al.'*® found that increasing stride frequency and
decreasing stride length resulted in less mechanical energy absorbed at the hip and knee
joints, possibly reducing the risk of injury. Despite this, the application of IMU-derived stride
length, speed and distance in running research is lacking. Similar to walking analysis, these
three variables can quantify all three aspects of locomotion with a single sensor, but further
research is needed into how a practitioner can use these variables to help improve running

performance.

2.3.2. Stance and Swing:

The double float phase is characterised within research studies as flight time4°. Its inclusion
within the gait cycle, along with an increased speed of locomotion, decreases the time spent
in stance from 62% for walking to 31% for moderate running and 22% for sprinting'*L. Similar
to walking, the measurement of this phase, stance, and swing time requires the identification

of IFC and TFC. Due to the increased movement of soft tissues during running, there is more
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noise within the IMU signal, and thus, identifying IFC and TFC can be difficult at higher
speeds®. In addition, the mounting site is important in ensuring signal noise is reduced, and
there have been methods validated either mounting IMUs on the tibia®88%42 or an IMU at the
centre of mass!40143.144  Accelerometers and gyroscopes have been validated in these
mounting sites for low to moderate running speeds, but gyroscopes perform better at speeds

greater than 5.7m/s38.

The stance phase during running also differs from walking in that the anatomical location of
IFCis determined by individual running technique and running speed, which can vary between
the heel, midfoot or forefoot. The type of IFC can be identified within the pattern of the
accelerometer data by the timing and intensity of the accelerometer peaks throughout the
foot contact!®?. Also, it has been suggested that in ‘heel strikers’, the intensity of the first
vertical acceleration peak during the foot contact corresponds to the maximum loading
endured, and the intensity of the second vertical acceleration peak corresponds to the
maximum thrust produced®3. This added information from the accelerometer data during the
stance phase allows extra insight into the running performance and can be used by track and
field coaches to analyse their athletes' force production capabilities during running. There is
a correlation between shorter stance times and a faster sprinting performance* which is due
to a greater application of force during foot contact!*®. Additionally, stance time can be used
as a proxy measure of fatigue, as this increases during repeated sprint running®’. As outline
previously, there is a popular focus within training programs to increase force production

during ground contact, and measuring the level of fatigue is beneficial in understanding an
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athlete’s physical condition; therefore, measuring foot stance time can be employed to

measure these.

Swing time has also been suggested to be an indicator of running performance. Naturally,
swing time decreases as speed increases, but unlike stance time, there is no correlation
between swing time and sprinting performance!*. Instead, swing time has been linked to
running economy in long-distance running as athletes who employ foot stride kinematics that
increases swing times and minimise stance time have a greater running economy?®. This
indicates that analysing swing time could also be used by track and field coaches with long-
distance athletes. The level of the athlete needs to be considered, though, as this correlation
does not appear to be consistent with elite-level runners, where non-biomechanical factors

have a greater effect on running economy#’.

The association that stance and swing time in running have with other variables such as force
production, fatigue and running economy shows that, like with walking, these variables
guantify the quality of locomotion. Although they are typically employed within a sports
performance context, they could also be used in a clinical setting with people returning to
recreational running after injury. Similar to walking, they only offer a basic level of analysis
into the quality of locomotion and further variables are required to gain a more in-depth

assessment of a person’s running biomechanics.
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2.3.3. Impact and shock attenuation:

During running, impact forces of 2.5 — 8 times body weight are experienced at the point of
foot contact with the ground!#®. Direct measurement of these impact forces needs to be at
the point of contact, which is difficult for IMUs due to their size. Instead, many studies use
IMUs mounted close to the point of contact on the shank as a proxy measure of impact forces
in field-based studies'*®. The first acceleration peak from an accelerometer is used to
represent the impact force, and it is referred to as ‘shock’. The attenuation of the shock by the
body can be analysed by calculating the difference between the peak accelerations of two
segments in the kinetic chain. Typically, the shank and head are the chosen mounting sites, as
this allows for insight into the force transfer through the major segments of the body®'.
However, placement on L5, close to the COM, has also been employed as a common mounting

site to focus on the shock attenuation properties of the lower limbs**°,

The human body is a series of linked segments, with each segment containing its own relative
mass, and thus, it does not respond to applied force the same as a single mass particle.
Therefore, IMU accelerations only represent the accelerations of the segment to which the
IMU is attached, and the intensity of this is not always directly proportional to the intensity of
the impact force®. This is because of the role effective mass has on segmental acceleration.
The effective mass represents the portion of the whole-body mass that is accelerated during
impact!®!. It has been demonstrated that effective mass has a dominant effect on segmental
acceleration over impact force, and it is possible for segment acceleration to increase when
impact forces decrease if effective mass also decreases®®. Factors that can affect the effective
mass are segment geometry, joint stiffness, segment deformation, segment masses and
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segment moments of inertia. Therefore, they should be considered when drawing conclusions

regarding impact forces from segmental accelerations.

The analysis of shank peak acceleration and shock attenuation during running has frequently
been used in the study of running-related injuries®’%12, Injury is believed to occur during
running when the accumulation of mechanical forces experienced by the soft tissue or bone
exceeds the rate of their repairing and remodelling processes®3. So therefore, analysing the
intensity of the applied force to the body and/or how this force is attenuated throughout the
segments within the kinetic chain can provide insights into the injury risk associated with
certain conditions/running styles. It has been shown that, when running on harder surfaces,
the body regulates the higher ground reaction forces by subconsciously increasing the
effective mass, and therefore, there is no difference between tibial acceleration and running
surface'>. The same shock attenuation strategies are seen when running in shoes with
different cushioning properties>>. Though, tibial acceleration increases when the motions of
the lower limbs are restricted, as seen in motion-control shoes, which have much firmer
cushioning properties'®®. Likewise, shock attenuating strategies have been shown to change
when the ability to self-regulate the effective mass becomes impaired under fatigue. How they
change depends on the individual athlete’s neuromuscular qualities and methods of inducing

fatigue®L62.152

When measuring peak tibial acceleration alone, the rate of locomotion is quantified as the
size of the peak is respective to the speed of locomotion!4°. When the running speed is known,

however, measuring the change in peak tibial accelerations can quantify the quality of
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locomotion and give an indirect insight into the running kinematics of a person due to the role
of a person’s effective mass on these peaks. This can also be extended to measuring the
attenuation of shock throughout the body or individual segments if multiple IMUs are placed

further up the kinetic chain, thus giving further insight into the quality of locomotion.

2.3.4. Joint Kinematics:

The analysis of joint kinematics should, in theory, be the same in running as it is in walking, as
joint motion is typically analysed over the entire gait cycle, and the influence of the double
float phase does not alter this. The problem is though, as the speed of locomotion increases,
so does the multi-planar segmental motion, which causes large errors in methods that employ
sensor fusion algorithms as described previously*?2. Additionally, deep learning algorithms
have been shown to decrease these errors, but like walking analysis, these methods have only
been developed recently3>'>’. As a result, previous applied studies of running haven’t
employed models to directly estimate joint kinematics and have instead opted for an indirect
method by analysing the acceleration patterns of the individual segments to infer kinematic

strategies 387,158,

The main area of interest in the literature on measuring segmental acceleration patterns
during running has come from the changes with fatigue. Strohrmann et al.®” conducted a
comprehensive investigation using 12 IMUs positioned around the body. It was found that
fatigue decreased heel lift (maximum deflection of the shank regarding the angle between the

shank and vertical) and increased trunk forward leaning (average upper trunk sensor pitch
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angle against vertical) independent of running surface or training level. These findings were
similar to an earlier pilot study that found foot acceleration during the swing phase to
decrease with fatigue3? and thus shows that the level of fatigue is measurable with the

acceleration profile of a single segment.

Considering the advancements of methods that employ deep learning algorithms to measure
joint angles directly with IMU data, there is potential to combine this with shock attenuation
analysis to provide greater insights into the effective mass/impact force paradigm under
fatigue. The additional knowledge of the joint angle and the peak segmental acceleration at
the point of impact will allow for impact force estimation if the relationship between the joint
angle and the segment effective mass is assumed to be linear®®. Future applied studies could
employ these new techniques to understand further the kinematic and kinetic alterations

during running under fatigue.

As with walking, analysis of joint angles through measuring segmental kinematics during
running quantifies the quality of locomotion to a detailed level. Again, though, this analysis
needs to be combined with measurements of quantity and rate of locomotion to understand
the reason for changes. In addition, including deep learning algorithms can potentially offer
more accurate measurements of joint angles with IMUs, but how these can employed within

applied studies is yet to be explored.
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2.3.5. PlayerLoad™:

One method of analysing locomotion that is popular in the sports industry is to measure the
sum of linear accelerations of the body during a training session or game. This is due to the
inclusion of accelerometers in the GPS tracking devices by manufacturers that sporting teams
employ to track the physical output of their players. It is proposed that including an IMU can
provide insight into the total applied force or ‘mechanical load’ placed on the body during
exercise®®. This variable is referred to as ‘PlayerLoad™’, and the simplicity of the calculation
means there is no distinction between its application in analysing walking or running. The
normal mounting site of the GPS device is in a special vest that places it between the scapular
and the thoracic spinal region, as shown in Figure 2.5. This is significant as the extra distance
from the centre of mass causes an overestimation of whole-body acceleration® %%, which
shows that PlayerLoad™ represents the motions of the trunk segment and does not directly

measure the applied force on the body as initially thought.
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GPS Device Location

Figure 2.5. lllustration of the GPS devices (grey) positioning between the scapula on the thoracic spinal

region within a specially designed vest.

Nevertheless, PlayerLoad™ has been shown to correlate with physical activity level and is
employed within team sports to compare the physical demands between training and
competition and in longitudinal physical load monitoring>*¢%1 Caution should be used,
though, with the findings in these studies as PlayerLoad™ only has moderate to high reliability
in sport-specific locomotion and large variances between individuals'®?. This is because of the
influence an individual’s running kinematics has on trunk segmental acceleration, and
Cormack et al.’®3 suggested that PlayerLoad™ can be used to identify fatigue. However, they
analysed the changes in contributions from the individual planes of motion to the overall
PlayerLoad™ score rather than the sum alone. These findings are similar to previous research

that has identified changes with fatigue with analysis of other body segments’ accelerations®.
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Therefore, there is potentially useful insight gained from analysing the motions of the trunk
segment in greater detail, but future research is needed to understand the mechanisms
behind the relationship between the accelerations captured with the GPS-based IMU and

running kinematics.

In the literature, PlayerLoad™ is employed as a variable to quantify the quantity and rate
(when analysed as average PlayerLoad™ per minute) of locomotion®4-1¢¢  This is incorrect,
however, and modifications need to be made to the PlayerLoad™ equation to remove the
overestimation error to quantify these two aspects of locomotion accurately. Instead, it can
be argued that PlayerLoad™ quantifies the quality of locomotion but only when the
accelerations in the individual axis are analysed. It is difficult to compare it to other variables
that quantify quality, though, as the level of detail that can be gained into whole body quality

of locomotion from measuring the accelerations of the trunk is yet to be explored in-depth.

2.4. Conclusion:

IMUs can accurately quantify the quantity, rate and quality of locomotion without the
assistance of other technology. The number of steps is the simplest and easiest form of
measuring the quantity of locomotion, and methods using a tri-axial accelerometer are the
most accurate for counting steps in walking and running. Likewise, concerning the rate of
locomotion, analysing the number of steps per minute (cadence) is the most practical method.
Analysing the peak accelerations of the shank can also be employed to measure the rate of

locomotion accurately, given its relationship with running speed. The quality of locomotion
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can be analysed at two levels. The basic level views the human body in terms of left and right
sides and can be characterised during walking and running by measuring stance and swing
times with a single COM-mounted gyroscope. For a detailed view, the motions of the
individual segments within the body must be analysed and utilising IMUs positioned on the
main body segments can infer changes in walking/running kinematics. Furthermore, including
ANNs with IMU data has improved the accuracy of directly measuring joint kinematics with
IMUs and offers the ability to measure the discrete characteristics in an individual's quality of
locomotion. The three aspects of locomotion can also be measured with stride length and
stride length-derived speed and distance. However, their methods have lengthy set-up
procedures, and their accuracy is limited, thus making these variables impractical for

practitioners.

There has been a substantial amount of research showing that there is valuable information
to be gained by quantifying all three aspects of locomotion that can be used within the clinical
industry to help prevent and rehabilitate people with pathological conditions. A similar impact
is seen within the sporting industry using variables which measure the quality of locomotion
to enhance physical performance. However, more insight into the practical use of employing
this type of analysis could be gained in both industries if sensor setup procedures and error
reduction techniques were improved. Utilising single IMU sensor set-ups is preferable when
there are time constraints, and integrating deep learning algorithms has shown great potential
in overcoming common errors with IMU data collection. In relation to the clinical industry,
developing algorithms that use smartphone-based IMUs is a potential avenue to gain more

frequent analysis of locomotion. The same can be said for the development of algorithms that
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use the data from the IMU contained within GPS tracking devices, as they are already well
established and heavily used within the sports industry. The more time patients and athletes
spend under observation will give the practitioner a clearer picture of their locomotion ability,
improving the practitioner’s capacity to detect abnormalities correctly and monitor

intervention programmes.
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Chapter 3: The validity of a commonly used athlete tracking device to measure

foot stance time parameters during running.

This chapter is currently under review in the journal of applied biomechanics and the abstract

was presented at the following conference:

Lawson, M., Naemi, R., Needham, R. A., & Chockalingam, N. (2021). The Validity of GPS-Based
Accelerometer to Measure Foot Stance Characteristics During Running. XXVIII Congress of The

International Society of Biomechanics. Stockholm, Sweden.



Abstract:

The overall aim of this study was to determine the validity of the GPS-based accelerometer to
identify key gait events across several running speeds. Thirteen male experienced runners ran
on a treadmill for 40 seconds at 9 different speeds ranging from 10-18 km/h at 1 km/h
increments. Participants wore a GPS device containing an embedded high frequency tri-axial
accelerometer and were recorded by an 18-camera motion capture system. Initial foot contact
(IFC), midstance (MS) and terminal foot contact (TFC) were identified in the motion capture
system and accelerometer and subsequent temporal measures: stance time and time
between IFC, MS and TFC were calculated. Bland-Altman plots with 95% limits of agreement,
Hedges g effect sizes and permutation t-test (P value = 0.05) were employed to assess the level
of agreement between the two systems and to understand the magnitude of the differences
observed across each running speed. Results showed lowest mean differences and highest
agreement between the two systems for running speeds 15 km/h (Mean difference: -0.01 s;
95% limits of agreement: -0.05 to 0.04 s) and 16 km/h (0.01 s; -0.04 to 0.06 s) for stance time.
There was a GPS-based accelerometer underestimation of stance time at lower running
speeds, however there were reasonable limits of agreement at 12 km/h (-0.02 s; -0.06 to 0.01
s) and 14 km/h (-0.01 s; -0.05 to 0.02 s). This study showed valid estimations of stance time
measures with the GPS based accelerometer at speeds of 12 km/h, 14 km/h, 15 km/h and 16
km/h. The results of this study can provide sports science and medical practitioners with a
practical method of measuring spatiotemporal variables of running, which can be used to gain
insight into the physical condition of their athletes.
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3.1. Introduction:

In team sports, understanding the physical condition of athletes is an integral component for
medical and sports science practitioners to appropriately manage training workloads to
maximise performance whilst minimising injury risk. It is inevitable that athletes will
experience fatigue in the training process however, the accumulation of fatigue due to
inadequate recovery can negatively affect performance and increase injury risk 167168, Low-
frequency fatigue (LFF) is one of the most common types of fatigue in team sports due to the
repetitive high-intensity, moderate-to-high-force actions of training and match play ®°. LFF
affects the body at the peripheral level as it reduces the force production capabilities of the
skeletal musculature 0. Inhibitions of the neuromuscular system can last up to 72 hours post-
exercise 171, Therefore, strategies must be employed to assess and monitor an athlete's

physical condition to ensure that the correct workload prescription is applied.

There has been a wealth of research assessing the neuromuscular fatigue status of team
sports players to gain insight into a player’s response to workload'®2°, Several testing
methodologies have been utilised, including blood taxonomy 2%2%, jump tests %%, muscle
strength tests 2223 and repeated sprint testing 2#%°. Albeit these methods are effective, team
sports have large squads of players, and these tests are time-consuming and thus impractical
for frequent daily use. In preseason, athletes can have multiple training sessions per day'’?,
and during the competitive season, there can be several games in a week'’3. Consequently, a
valid method of assessing an athlete’s physical condition is needed, which can be used

frequently with large numbers of athletes.
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Global positioning systems (GPS) devices are commonly employed within team sports to track
an athlete’s workload through derivatives of speed and distance, as they can track athletes in
any outdoor environment over several hours and require minimal set-up time. Most of the
common manufacturers also include high-frequency accelerometers within their devices,
which can provide a different type of analysis. When attached to a body segment,
accelerometers capture the micromovements of human movement during locomotion. They
have been previously employed in running studies to measure foot stance time characteristics
142,144 Neuromuscular fatigue #/, running economy “¢ and running style #8174 have all been
shown to influence an athlete’s foot stance times during running, which suggests that this
measure could be used to assess an athlete’s physical condition. In addition, identifying the
key gait events during the gait cycle (initial foot contact, midstance and terminal foot contact)
provides the basis for the calculation of other spatiotemporal variables of running (swing time,
flight time and step frequency) and further analysis into the impact and propulsion subphases

of stance 48143,

The GPS-based accelerometer is mounted in a specially designed vest, positioning the device
around the posterior aspect of the thoracic region of the spine. The mounting site of the
accelerometer is an important variable in attaining accurate measurement of gait event
timings®, and consequently, previously validated methods at other sites cannot be applied
directly. It was previously found that a commercial device containing an accelerometer
attached to the anterior aspect of the thoracic spine, close to the sternum via a chest strap,
underestimated stance time during running, but this error was speed dependent and

decreased as speed increased’?1’4, Despite this, both authors recommended the use of their
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devices for field-based analysis of running stance times as there was good reliability.
Therefore, whether the GPS-based accelerometer can accurately determine key gait events

across multiple subjects at different running speeds is yet to be determined.

The overall aim of this study was to determine the validity of the GPS-based accelerometer to
identify key gait events across several running speeds. Establishing this will provide sports
science and medical practitioners with a practical method of measuring running stance
characteristics, which can be used to calculate spatiotemporal variables and gain insight into

the physical condition of their athletes.

3.2. Material and methods:

3.2.1. Experimental setup:

Thirteen male experienced runners (age: 27 + 3.7 years, height: 1.81 + 0.06 m, mass: 82.7
6.2 Kg) ran on a treadmill with 1-degree inclination for 40 seconds repeated at 9 different
speeds ranging from 10-18 km/h at 1 km/h increments. Each participant completed 1 trial at
each speed and was given a maximum amount of rest between each trial to reduce fatigue
accumulation. Each trial began with the treadmill speed set at 10km/h, the participant used
the handrails to enter the treadmill and was instructed to run naturally whilst an assistant set
the appropriate running speed. After 40 seconds of running, the participant then used the
handrails to exit the treadmill whilst the treadmill was returned to 10km/h by the assistant.
Participants wore an appropriately sized standard issue vest housing a GPS device (STATSports

Apex, Northern Ireland, UK) containing an embedded high-frequency tri-axial accelerometer
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and were provided with standardized running shoes (Puma Anzarun). An eighteen-camera
motion capture system (VICON, Oxford, UK) recorded the coordinate data of 54 infrared
markers (14mm) attached to the participants with double-sided adhesive sticky tape. Ethical
clearance for this testing procedure was granted by the Staffordshire University ethical

committee and all participants gave informed written consent prior to testing.

3.2.2. Motion capture data acquisition:

A modified Istituto Ortopedico Rizzoli (IOR) marker set with an additional five clusters attached
to the left thigh, right thigh, left shank, right shank and the posterior aspect of the GPS device
(Figure 3.1) was employed 17>7177_ The recording frequency of the eighteen optical cameras
(VICON MXT40, Oxford, UK) was set at 100 Hz. The global coordinate system defined the X-
axis as anterior-posterior progression (positive in the forward direction), the Y-axis as medio-
lateral progression (positive in the left direction) and the Z-axis as the vertical progression
(positive in the upward direction). The coordinate data was then transferred from the Vicon
Nexus software to Visual 3D (C-Motion Inc, MD, USA) and filtered (4th order Butterworth, 10
Hz cut-off frequency) 8. Initial foot contact (IFC) was determined as the frame of minimal
vertical displacement of the calcaneal or 1% metatarsal (which ever occurred first) foot
markers!**. Terminal foot contact (TFC) was defined as the initial movement upward in vertical
displacement of the 1%t metatarsal foot marker'#4. Midstance (MS) was determined as the

lowest point of centre of mass displacement between IFC and TFC'7°,
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Figure 3.1. Modified IOR marker set up A) Anterior view B) Posterior view C) Cluster attached to the

GPS device.

3.2.3. Accelerometer data acquisition:

The GPS device containing a tri-axial accelerometer was positioned around the posterior
aspect of the thoracic region of the spine (T2) in a standard issue vest per manufacturer
recommendations. The frequency of the accelerometer was set at 100 Hz. The device was
orientated vertically, which corresponds the Z-axis to anterior-posterior acceleration (positive
in the forward direction), the X-axis to medio-lateral acceleration (positive in the left
direction), and the Y-axis to vertical acceleration (positive in the upward direction). Raw
accelerometer data was transferred from the STATSports Apex software to Visual 3D (C-
Motion Inc, MD, USA). A zero cross-over method of the vertical acceleration profile was used
to determine IFC (negative to positive) and TFC (positive to negative) (Figure 3.2)%. MS was
determined as the second acceleration peak in the vertical acceleration profile following IFC

(Figure 3.2) 143,
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Figure 3.2. GPS-based accelerometer vertical acceleration profile displaying the method for identifying

IFC, MS and TFC.

3.2.4. Data synchronisation:

To synchronise the motion capture data and accelerometer data, participants were instructed
to stand still while the GPS device was ‘tapped’ in a downward vertical direction. This was
performed before each running trial the participant completed. During the data analysis
process in Visual 3D (C-Motion Inc, MD, USA) the following protocol was used to determine
the timing of the tap and line up two data sets. In the motion capture data, the cluster marker
attached to the GPS device was used to determine the tap as the timing of the first frame
when the GPS device progressed negatively in the vertical axis. In the accelerometer data, the
timing of the first frame when there was a significant negative acceleration in the vertical axis

was determined as the tap.
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3.2.5. Data analysis:

Analysis of the foot contacts within each trial was conducted 20 seconds after the
synchronisation tap to ensure the participants were in a normal running pattern and were at
the correct speed following the treadmill ramp period. The timings of IFC, MS and TFC were
determined in both systems for 10 consecutive foot contacts within each trial. The time
between IFC and TFC was defined as foot stance time. Stance time and time between IFC, MS
and TFC were compared between the motion capture system and accelerometer across each

running speed.

3.2.6. Statistical analysis:

The agreement between the motion capture system and the accelerometer was examined for
all temporal variables across each speed with Bland-Altman plots including 95% limit of
agreement intervals (LOA). Mean differences, Hedges g effect sizes for small sample size and
permutation t-tests (p value = 0.05) were calculated to understand the magnitude of the
difference between the two systems and determine if it was significant. Statistical analysis was

conducted using SPSS software version-22 (IBM Corporation, Armonk, NY).

3.3. Results:

Stance time was significantly different (p < 0.05) with large to very large effect sizes (ES)
between the two systems for speed conditions: 10 km/h (ES: -1.44), 11 km/h (ES: -1.32), 12

km/h (ES: -1.24), 13 km/h (ES: -0.87), 14 km/h (ES: -0.88), 17 km/h (ES: 0.88) and 18 km/h (ES:
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1.02). There was a non-significant (p > 0.05) difference with small effect sizes for speeds 15

km/h (ES: -0.26) and 16 km/h (ES: 0.40) (Table 3.1).
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Table 3.1. Validity of average stance time and average time between IFC, MS and TFC measured with

the GPS-based accelerometer (GPS-ACC) compared to the motion capture system (MCS).

GPS-ACC  Difference Lower Upper
Speed Variable MCS (s) (s) (s) 95% LOA 95% LOA Hedges g p Value

Stance 0.29 0.26 -0.03 -0.09 0.02 -1.44 0.00
time (s)

10km/h | [FEMS 0.11 0.12 0.00 -0.05 0.05 0.09 0.81
time (s)
MS-TFC 0.18 0.14 -0.04 -0.06 -0.02 -2.82 0.00
time (s)
Stance 0.28 0.25 -0.03 -0.07 0.01 1.32 0.00
time (s)

11km/h | [FEMS 0.11 0.11 0.00 -0.04 0.05 0.18 0.64
time (s)
MS-TFC 0.17 0.14 -0.03 -0.05 -0.01 .43 0.00
time (s)
Stance 0.26 0.24 -0.02 -0.06 0.01 1.24 0.00
time (s)

12km/h | FEMS 0.10 0.11 0.00 -0.03 0.03 0.15 0.69
time (s)
MS-TFC 0.16 0.13 -0.02 -0.05 0.00 -1.70 0.00
time (s)
Stance 0.26 0.23 -0.02 -0.08 0.04 -0.87 0.03
time (s)

13km/h | FEMS 0.10 0.11 0.00 -0.05 0.05 0.12 0.75
time (s)
MS-TFC 0.15 0.13 -0.02 -0.06 0.01 -1.52 0.00
time (s)
Stance 0.24 0.23 -0.01 -0.05 0.02 -0.88 0.03
time (s)

1akm/h | 'FEMS 0.10 0.10 0.01 -0.02 0.04 0.39 0.30
time (s)
MS-TFC 0.14 0.12 0.02 -0.05 0.01 137 0.00
time (s)
Stance 0.23 0.23 -0.01 -0.05 0.04 -0.26 0.50
time (s)

15km/h | 'FEMS 0.10 0.10 0.01 -0.03 0.04 0.63 0.10
time (s)
MS-TFC 0.14 0.12 0.01 -0.06 0.03 -0.71 0.07
time (s)
Stance 0.22 0.23 0.01 -0.04 0.06 0.40 0.30
time (s)
IFC-M

16 km/h FC-MS 0.09 0.10 0.01 -0.02 0.03 0.61 0.12
time (s)
MS-TFC 0.13 0.13 0.00 -0.06 0.06 0.09 0.81
time (s)
Stance 021 0.23 0.02 -0.04 0.08 0.88 0.03
time (s)

17km/h | FEMS 0.09 0.10 0.01 -0.03 0.04 0.65 0.10
time (s)
MS-TFC 0.12 0.13 0.01 -0.06 0.08 0.40 0.33
time (s)
Stance 0.20 0.23 0.02 -0.04 0.08 1.02 0.01
time (s)

18km/h | FEMS 0.08 0.09 0.01 -0.02 0.04 0.89 0.03
time (s)
MS-TFC 0.12 0.13 0.01 -0.05 0.08 0.48 0.23
time (s)

*LOA = limits of agreement

54



Bland-Altman plots show an underestimation of stance time in the GPS-based accelerometer
for speed conditions: 10 km/h (Mean difference: -0.03 s; LOA: -0.09 to 0.02 s), 11 km/h (Mean
difference: -0.03 s; LOA: -0.07 t0 0.01 s), 12 km/h (Mean difference: -0.02 s; LOA: -0.06 to 0.01
s), 13 km/h (Mean difference: -0.02 s; LOA: -0.08 to 0.04 s), 14 km/h (Mean difference: -0.01
s; LOA: -0.05 to 0.02 s) (Figure 3.3a). The errors in these speeds are attributed to the time
between MS and TFC (Table 3.1, Figure 3.3b). An overestimation of stance time occurs at
speed conditions: 17 km/h (Mean difference: 0.02 s; LOA: -0.04 to 0.06 s) and 18 km/h (Mean
difference: 0.02 s; LOA: -0.04 to 0.08 s) (Figure 3.3a). Both the time between IFC and MS, and

the time between MS and TFC contribute to the error in these speeds (Table 3.1, Figure 3.3b).
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Figure 3.3. Bland-Altman plots of the difference between the motion capture system and GPS-based
accelerometer in timings between a) Stance time, b) IFC and TFC, MS and TFC. LOA= limits of

agreement.

Figure 3.4 shows the stance time individual means for each participant for the motion capture
system and GPS-based accelerometer. There are inter-participant variances in all speed

conditions which are larger at 10 km/h, 11 km/h, 13 km/h, 17 km/h and 18 km/h.
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Figure 3.4. Differences between the motion capture system (MCS) and GPS-based accelerometer (GPS-

ACC) in timings between Stance time for individual participants per speed trial.

3.4. Discussion:

Previous investigations of accelerometers mounted on the anterior aspect of the upper trunk,
with a chest strap, found underestimations of stance time at running speeds around 10-12
km/h that decreased as the speed increased’?. The present study observed similar results, as
the error decreased from 10 — 15 km/h, despite the accelerometer being positioned on the
posterior aspect of the upper trunk and within a vest. Furthermore, analysis of the subphases
shows that the error present in the lower running speeds is due to a shorter MS-TFC subphase,
and this caused the stance time to be underestimated. It has been suggested that the
underestimation at lower running speeds is due to greater vertical oscillations present at the
centre of mass compared to higher running speeds 72, which may have led to TFC being more

difficult to distinguish in the accelerometer’s vertical acceleration profile.

Conversely, when running speed was >16 km/h an overestimation of stance time was present

which was due to errors in identifying key gait events in both subphases of stance. As running
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speed increases, there is greater forward inclination and multiplanar displacement of the
trunk segment!8%18! The present study employed a uniaxial method of determining IFC and
TFC with the vertical axis acceleration profile. As the trunk becomes more inclined, the sensor
orientation becomes maligned from the global vertical axis, and an increase in multiplanar
displacement can cause added noise within the acceleration profile. Subsequently, this can
reduce the accuracy of the uniaxial zero-cross over method at higher running speeds. A
method that integrates all accelerometer axis profiles when running at speeds >16 km/h may
reduce this error®®. Additionally, as running speed increases, foot contact time decreases,

which can exaggerate the magnitude of the size of the errors.

Hedges g effect sizes indicated that stance time had a small, non-significant difference
between the two systems at 15 km/h and 16 km/h with reasonable limits of agreement. 12
and 14 km/h had significant differences with large effect sizes but also had reasonable limits
of agreement, which suggests that although there is an underestimation of stance time with
the accelerometer at these speeds, they are still acceptable speeds to conduct accurate field-
based measurement of stance time. 13 km/h is the outlier in these results and can be due to
the small sample size of the participants employed in this study and may improve with an

increased sample size.

Analysis of the individual participants provides further insight into the determinants of the
differences between the two systems that group means mask. The transfer from an
underestimation to an overestimation of stance time does not occur at the same speed for all

participants. For example, in participants 5 and 12, an overestimation occurs at 13 and 14
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km/h, respectively and increases as speed increases. In contrast, in participants 1 and 13, an
overestimation does not occur independent of the running speed. Differences in lower-limb
kinematics between participants due to running style have been previously shown to
influence the acceleration profile of the trunk segment 82, Lower-limb kinematics were not
characterised in the present study. However, these individual trends within the results suggest
that individual running style may be a determinant of the accelerometer's accuracy in
measuring stance time. Further investigation into the influence of different running styles and

their relationship to running speed is needed to confirm this.

The zero-cross over method employed with the present study is relatively simple when
compared to other accelerometer-based methods of measuring stance time 4% as it is uniaxial
and requires a limited data processing procedure. The rationale for this is to provide sport
science practitioners working with GPS-based accelerometer data with an accessible method
of calculating spatiotemporal variables with the data that is already being collected to
measure an athlete’s workload. By establishing the key gait events during foot stance, the GPS-
based accelerometer can calculate variables such as stance/swing/flight time, step frequency
and the timings of the subphases of foot stance*®43, These variables will allow for the
characterisation of an athlete’s spatiotemporal running profile, which can be used to group
athletes for further investigations into their relation to sports performance and injury
occurrence*®, Additionally, the associated errors highlighted with the different running speeds
provide insight into the appropriate speed thresholds that practitioners can confidently
employ spatiotemporal analysis and utilise these variables as a proxy measure to monitor an

athlete’s physical condition.
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3.5. Conclusion:

The present study has shown valid estimations of the accelerometers contained within the
GPS devices to measure foot stance characteristics at speeds of 12 km/h, 14 km/h, 15 km/h
and 16 km/h and, therefore, providing sports science and medicine practitioners with a simple
method of conducting spatiotemporal analysis in the field. The prevalence of this study will
allow for the measurement of spatiotemporal variables within the team sports setting.
Application of these variables will allow for the characterisation of running styles within a
cohort of athletes and provide the basis for further investigations into how these variables can

provide insights into an athlete’s physical condition.
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Chapter 4: The effects of running kinematics, on the peak upper trunk GPS

measured accelerations during foot contact at different running speeds.

This chapter was published in the following journal:

Lawson, M., Naemi, R., Needham, R. A., & Chockalingam, N. (2023). The Effects of Running
Kinematics on Peak Upper Trunk GPS-Measured Accelerations during Foot Contact at Different

Running Speeds. Applied Sciences, 14(1), 63.



Abstract:

The overall aim of this study was to determine the effects of running kinematics, on the peak
upper trunk segmental accelerations captured with an accelerometer embedded in a
commonly used GPS device. Thirteen male participants (age: 27 + 3.7 years, height: 1.81 +
0.06 m, mass: 82.7 + 6.2 Kg) with extensive running experience completed a single trial of
treadmill running (1-degree inclination) for 40 seconds at 9 different speeds ranging from 10
-18 km/h at 1 km/h increments. 3D peak upper trunk acceleration values were captured via a
GPS device containing a tri-axial accelerometer. Participants running kinematics were
calculated from the coordinate data captured by an 18-camera motion capture system. A
series of generalized linear mixed models were employed to determine the effects of the
kinematic variables on the accelerometer acceleration peaks across the key gait phases of foot
contact. Results showed that running kinematics had significant effects on peak
accelerometer-measured accelerations in all axes (p < 0.05). Overall, peak segment velocities
had a larger effect than joint/segment kinematics on resultant (F values = 720.9 / 54.2), vertical
(F values = 149.8 / 48.1) and medial-lateral (F values = 55.4 / 33.4) peak accelerometer
accelerations. The largest effect on peak accelerometer accelerations was observed during the
impact subphase of foot contact at the adduction/abduction velocity of the shank (F value =
129.2, coefficient = -0.03) and anterior/posterior velocity of the pelvis (F value = 58.9,
coefficient = 0.01). Axis dependant effects of running kinematics were also observed,
specifically at the trunk segment in the vertical and anterior-posterior peak accelerometer
accelerations. This study showed the intersegmental relationship between joint/segment
kinematics, segment velocities and the resulting peak accelerations of the upper trunk during
running over several speeds. These findings provide insights into the lower body's GRF
attenuation capacity and its contribution to trunk stability whilst running.
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4.1. Introduction:

Accelerometers are often employed in the field to analyse an athlete's running style as they
are low-cost, lightweight and have low power requirements 83, Estimating joint angles is
possible with multiple accelerometer set-ups by placing sensors on the relative segments
above and/or below the joint 39157184185 However, they require extensive set-up and data
processing procedures to overcome errors associated with longitudinal analysis, such as
sensor misalighment!?’. As a result, measuring the acceleration profile of a single segment
and inferring changes in kinematics has often been a methodology employed in running

related studies that have analysed a participant's running style over longer periods 71-186-189,

During foot contact, ground reaction forces are transmitted upwards through the kinetic
chain, causing the individual segments to accelerate®. The accelerations and subsequent
velocities of each segment depend on the force transferred by the previous segment and the
kinematic and anthropometric profiles of the segments®. Observing differences/changes in
peak segmental accelerations has been previously employed within running-based studies to
analyse the kinematic alterations within an individual's running style’>*%%191 Syboptimal
running kinematics can cause excessive soft tissue and bone stress during running, leading to
injury®? or reduced performance®. It is essential for sports science and medicine practitioners
to ensure their athletes remain healthy and perform at a high level. Therefore, insights into
an athlete's running kinematics will be beneficial to manage training load appropriately or to

measure progress during an athlete's injury rehabilitation.
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Employing a single accelerometer with minimal set-up and data processing procedures to
analyse running style is favourable when analysing in the field with more than one athlete.
Global positioning (GPS) devices are used with team sports athletes to monitor their training
load by analysing derivatives of distance and speed during training and match play®®. These
devices also contain an embedded tri-axial accelerometer, and most manufacturers' software
calculates peak acceleration instances during a training session'®, offering a potentially
convenient method to analyse an athlete's running style from already available data. When
analysing these peak accelerations, it is important to consider the mounting site of the
accelerometer. The surrounding joints/segments of the segment to which the accelerometer
is attached will influence the magnitude of the peak accelerations, and changes in running
kinematics will alter the intersegmental transfer of force throughout the kinetic chain®*. This
has been previously shown at the shank, where peak accelerometer accelerations have
increased when the position of the shank becomes more anteriorly rotated due to increased
knee flexion'8, The GPS devices, however, are positioned in a vest on the posterior aspect of
the upper trunk. Therefore, the acceleration peaks captured by the accelerometer will
potentially be influenced by the kinematics of the trunk, pelvis, thigh, shank and foot

segments.

There has been a limited amount of research that has analysed the effects of running
kinematics on the acceleration profile of the trunk. Lindsay, Yaggie & McGregor (2014)
investigated the contributions of the lower limb kinematics on the root mean square
acceleration (overall magnitude of acceleration over the whole gait cycle) of an accelerometer

placed on the lower trunk close to the centre of mass. Sagittal plane kinematics of the hip,
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knee and ankle at initial foot contact, midstance and terminal foot contact were significantly
correlated to the acceleration profile of the lower trunk!®. Due to its size and anatomical
structure, the trunk contains two segments: lower (lumbar spine) and upper (upper
thoracic)'®4, and the acceleration profiles of these two segments differ during running!®!. It
has been previously suggested that the positioning of the GPS-based accelerometer device on
the upper trunk was inappropriate for detecting changes in lower limb kinematics when
analysing the overall magnitude of acceleration during running due to noise caused within the
acceleration profile by upper-limb movement®. However, the experimental setup in that
study ®* did not allow for lower limb kinematics to be captured, so it remains unclear whether
there is a relationship between running kinematics and the acceleration profile of the upper
trunk. Furthermore, analysing the peak acceleration of the upper trunk during foot contact,
instead of the overall magnitude of acceleration, may provide a more sensitive measure to

differences in running kinematics as utilised in other settings.

Naturally, there will be inter-subject variation in running kinematics within a population of
athletes. A simple method of inducing intra-subject changes is to alter the running
speed®®>1%, As running speed increases, ground reaction forces and segment velocities
increase and as a result, compensatory mechanisms of the musculoskeletal system are
employed to attain stability of the trunk segments®®’. To gain a comprehensive insight into the
intersegmental relationship between the lower body and trunk, analysis must be conducted

over several different running speeds.

65



Therefore, this study aimed to determine the effects of running kinematics, over several
speeds, on the peak upper trunk segmental accelerations during foot contact captured with
an accelerometer embedded in a commonly used GPS device by achieving the following
objectives: (1) determine which joint/segments have the largest effect on the peak upper
trunk accelerations at initial foot contact (IFC), midstance (MS) and terminal foot contact
(TFC); (2)Highlight the intersegmental relationship between segment velocities throughout
the kinetic chain during foot contact by determining which segments influence the peak

accelerations of the upper trunk.

Understanding which running kinematics have the greatest effect on the accelerometer data
will allow sports science and medicine practitioners to use GPS-based accelerometer data to
measure an athlete's running style in the field. We hypothesize that there will be a significant
relationship between running kinematics and the peak accelerations captured by the GPS-

embedded accelerometer.

4.2. Methodology:

4.2.1. Experimental set-up:

Thirteen male participants (age: 27 * 3.7 years, height: 1.81 + 0.06 m, mass: 82.7 + 6.2 Kg)
with extensive running experience were recruited for this study. Participants completed a
single trial of treadmill running (1-degree inclination) for 40 seconds at 9 different speeds
starting at 10 km/h and proceeding to 18 km/h at 1 km/h increments. Maximum rest time was

allowed between sets to ensure minimal fatigue accumulation. Participants were provided
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with standardised running shoes (Puma Anzarun) and wore an appropriately sized standard
issue vest containing a GPS device (Statsports Apex, Northern Ireland, UK) which contained an
embedded high-frequency tri-axial accelerometer. Each trial was captured by an 18-camera
motion capture system (Vicon, Oxford, UK). Ethical clearance for this testing procedure was
granted by the Staffordshire University ethical committee and all participants gave informed

written consent prior to testing.

4.2.2. Data Processing:

Eighteen optical cameras (VICON MXT40, Oxford, UK) recorded the coordinate data of fifty-
four infrared markers (14mm) attached to the participants at a frequency of 100 Hz. A
modified Istituto Ortopedico Rizzoli (IOR) marker set with five additional clusters attached to
the left thigh, right thigh, left shank, right shank and the posterior aspect of the GPS device!’>"
177 was employed to calculate kinematic variables. The global coordinate system defined the
X-axis to represent anterior-posterior movement (positively oriented forward), the Y-axis for
medial-lateral movement (positively oriented to the left), and the Z-axis for vertical movement
(positively oriented upward). The coordinate data was then transferred from the Vicon Nexus
software to Visual 3D (C-Motion Inc, MD, USA) and filtered (4th order Butterworth, 10 Hz cut-

off frequency).

The tri-axial accelerometer embedded within the GPS device was mounted around the
posterior aspect of the thoracic spine (T2) housed vertically within a standard issue vest. The

orientation of the device aligned the Y-axis to vertical (VT) acceleration (positive in the upward
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direction), the X-axis to medial-lateral (ML) acceleration (positive in the left direction), and the
Z-axis to anterior-posterior (AP) acceleration (positive in the forward direction). Time-series
data of the accelerometer was recorded at 100 Hz. Raw accelerometer data was transferred

from the STATSports Apex software to Visual 3D (C-Motion Inc, MD, USA).

To synchronise the data between the optical motion capture system and accelerometer, an
assistant 'tapped' the GPS device in a downward vertical direction at the beginning of each
trial. The frame of the tap was identified in both data sets. Ten consecutive gait cycles were
selected for analysis following a 20-second ramp period to allow for participants to reach the

target running speed.

4.2.3. Running kinematic variables:

A total of 160 kinematics variables were calculated, during key gait events of foot stance, to
provide a comprehensive insight into the intersegmental relationship between joint/segment
angles and subsequent segment velocities throughout the stance phase. A kinematic
method'#+1%8 (Chapter 3) was employed to determine IFC, MS and TFC. Three-dimensional
joint/segment angles were calculated for the thorax, trunk, pelvis, hip, thigh, knee, shank,
ankle and foot at IFC, MS and TFC. Additionally, three-dimensional peak segment velocities
were calculated for the thorax, trunk, pelvis, thigh, shank and foot during the two subphases
of foot stance (IFC - MS and MS — TFC). Averages of each variable were calculated across the

ten gait cycles.
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4.2.4. Accelerometer variables:

Peak accelerometer accelerations during foot stance were calculated by initially identifying
the time events of IFC and TFC within the accelerometer data (Chapter 3). Within each
instance of foot stance, the peak acceleration values for each axis and resultant (RES)
acceleration were identified. The averages of the peak acceleration values were calculated

across the ten cycles for each axis and the resultant acceleration.

4.2.5. Statistical Analysis:

Generalised linear mixed model (GLMM) analysis was selected as the appropriate method of
establishing the effects of the running kinematics (fixed effects) on peak accelerometer
accelerations (dependent variables) due to the study design containing multiple measures per
subject. GLMM's are regression models that allow for autocorrelation and are therefore
preferred when observations are not independent and contain repeated measures'®2%°, The
data structure of the fixed effect and dependent variables was continuous, so a linear model

with an identity link function was employed (Eq. 4.1).

f(x)=x (Eq. 4.1)

Where fis the function, and x represents the variable values.

A series of GLMM's were conducted due to the number of fixed effects and dependent
variables. Fixed effect variables were separated into two categories, and the running speed
was defined as the repeated measure. Category 1 contained the joint/segment three-

dimensional kinematics at IFC, MS and TFC. Category 2 contained the peak segmental
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velocities between IFC-MS and MS-TFC. Preliminary GLMM analysis was conducted on the
individual joint/segment kinematics, separately for category 1 and 2 variables against each

dependant variable, to filter out non-significant variables (p value > 0.05).

The remaining Category 1 and 2 fixed effect variables were then further analysed by GLMM
against each dependent variable. A type Il F-test was used to determine the magnitude of the
effect of each fixed effect variable (F value), whether it was direct or inverse (fixed effects
coefficient) and if it was significant (p value < 0.05). Averages and standard deviations of all F
values were calculated to separate the significant fixed effect variables into groups of small
effect: F value < average — (0.5*standard deviation), medium effect: F value > average —
(0.5*standard deviation) and < average + (0.5*standard deviation) and large effect: F value >
average + (0.5*standard deviation). Mean difference (g) between the actual and predicted
peak accelerometer accelerations with 95% limits of agreement (LOA) were also calculated
from the GLMMs to assess accuracy of each model. In addition, residual effect estimates were
calculated to understand the residual effect of running speed on the GLMMs. Statistical

analysis was conducted using SPSS software (IBM Corporation, Armonk, NY).

4.3. Results:

GLMMs for category 1 and 2 fixed effect variables showed a significant relationship for all
dependent variables (p < 0.05, Table 4.1). Model summaries of the category 1 fixed effects
GLMMs to estimate the peak accelerations were RES (Mean difference: -0.01 g; LOA: -0.43 g,

0.42 g; F value: 54.18; p < 0.05), VT (Mean difference: -0.01 g; LOA: -0.49 g, 0.47 g; F value:
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48.06; p < 0.05), AP (Mean difference: 0.00 g; LOA: -0.16 g, 0.17 g; F value: 56.43; p < 0.05)

and ML (Mean difference: -0.01 g; LOA: -0.20 g, 0.18 g; F value: 33.41; p < 0.05). Model

summaries of the category 2 fixed effects GLMMs to estimate the peak accelerations were RES

(Mean difference: 0.00 g; LOA: -0.42 g, 0.43 g; F value: 720.83; p < 0.05), VT (Mean difference:

-0.01 g; LOA: -0.61 g, 0.64 g; F value: 149.79; p < 0.05), AP (Mean difference: 0.00 g; LOA: -

0.21g,0.21 g; F value: 53.93; p < 0.05) and ML (Mean difference: 0.00 g; LOA: -0.17 g, 0.17 g;

F value: 55.38; p < 0.05). Significant residual effects of running speed were observed on peak

RES, VT and ML accelerations for category 1 fixed effect variables (p < 0.05, Table 4.2).

However, running speed had significant residual effects on all peak accelerations for category

2 fixed effect variables (p < 0.05, Table 4.3).

Table 4.1. GLMM summary of category 1 and 2 fixed effects variables for each dependent variable.

Peak RES Acceleration Peak VT Acceleration Peak AP Acceleration Peak ML Acceleration
GLMM F value Significance Fvalue Significance Fvalue Significance F value Significance
Category 1 54.18 0.00* 48.07 0.00* 56.43 0.00* 33.41 0.00*
Category 2 720.89 0.00* 149.79 0.00* 53.92 0.00* 55.38 0.00*

*Significance is < 0.05, RES = Resultant, VT = Vertical, AP = Anterior/posterior, ML = Medial-Lateral

Table 4.2. The residual effect of running speed on peak accelerations of the GPS-embedded
accelerometer for category 1 fixed effect variables.

Peak RES Acceleration Peak VT Acceleration Peak AP Acceleration Peak ML Acceleration

Speed Estimate  Significance | Estimate  Significance | Estimate  Significance | Estimate  Significance
10 km/h 0.08 0.04* 0.12 0.04* 0.01 0.14 0.01 0.10
11 km/h 0.03 0.10 0.03 0.17 0.01 0.28 0.02 0.04*
12 km/h 0.08 0.03* 0.08 0.04* 0.01 0.10 0.01 0.08
13 km/h 0.04 0.09 0.04 0.20 0.03 0.11 0.01 0.10
14 km/h 0.01 0.22 0.04 0.13 0.01 0.10 0.01 0.06
15 km/h 0.04 0.12 0.04 0.16 0.00 0.45 0.00 0.40
16 km/h 0.04 0.10 0.09 0.09 0.01 0.20 0.01 0.09
17 km/h 0.09 0.05 0.07 0.09 0.01 0.28 0.00 0.52
18 km/h 0.11 0.06 0.11 0.06 0.01 0.20 0.04 0.04*

*Significance is < 0.05, RES = Resultant, VT = Vertical, AP = Anterior/posterior, ML = Medial-Lateral
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Table 4.3. The residual effect of running speed on peak accelerations of the GPS-embedded
accelerometer for category 2 fixed effect variables.

Peak RES Acceleration Peak VT Acceleration Peak AP Acceleration Peak ML Acceleration

Speed Estimate Significance Estimate  Significance Estimate Significance | Estimate  Significance
10 km/h 0.09 0.04* 0.12 0.02* 0.02 0.07 0.00 0.21
11 km/h 0.06 0.04* 0.00 0.82 0.01 0.07 0.01 0.02*
12 km/h 0.02 0.16 0.05 0.07 0.01 0.04* 0.00 0.19
13 km/h 0.19 0.03* 0.18 0.04* 0.02 0.07 0.00 0.20
14 km/h 0.01 0.23 0.05 0.08 0.01 0.07 0.01 0.04*
15 km/h 0.01 0.26 0.16 0.05 0.01 0.08 0.01 0.06
16 km/h 0.05 0.14 0.14 0.10 0.02 0.09 0.01 0.04*
17 km/h 0.09 0.06 0.16 0.05 0.02 0.14 0.01 0.06
18 km/h 0.10 0.06 0.28 0.12 0.01 0.25 0.03 0.05

*Significance is < 0.05, RES = Resultant, VT = Vertical, AP = Anterior/posterior, ML = Medial-Lateral

F-test results showed significant effects (p < 0.05) of category 1 fixed effect variables on the
peak accelerations in the upper trunk-mounted accelerometer, which varied between axes
and were dependent on the phase during contact. For peak RES accelerations, the thorax (IFC),
pelvis (MS), hip (IFC & MS), knee (IFC & TFC), shank (TFC) and ankle (MS) had significant (p <
0.05) F values ranging from 5.4 — 26.4 (Figure 4.1). For peak VT accelerations, the thorax (IFC
& TFC), pelvis (IFC, MS & TFC), hip (IFC), knee (TFC) and ankle (MS) had significant (p < 0.05) F
values ranging from 4.2 — 18.2 (Figure 4.2). For peak AP accelerations, the thorax (MS), pelvis
(IFC), ankle (MS), and foot (TFC) had significant (p < 0.05) F values ranging from 4.3 — 10.9
(Figure 4.3). Lastly, for peak ML accelerations, the thorax (MS), pelvis (IFC), ankle (MS) and

foot (TFC) all had significant (p < 0.05) F values ranging from 4.2 — 5.3 (Figure 4.4).

Category 2 fixed effect variables had significant effects in both subphases of foot contact (IFC-
MS & MS-TFC) and the largest range in F values (4.2 — 129.2). For RES, VT and AP peak
accelerations, the thorax, pelvis and thigh significantly affected both subphases (p < 0.05,

Figures 4.1-4.3). The shank had a significant effect in both subphases for RES but only in IFC-
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MS for VT and ML acceleration peaks (p < 0.05, Figures 4.1,4.2 & 4.4). The foot also had a
significant effect in AP during MS-TFC and during both subphases for ML acceleration peaks
(p < 0.05, Figures 4.3 & 4.4). In addition, the pelvis and thigh significantly affected ML

acceleration peak during MS-TFC (p < 0.05, Figure 4.4).

The reader is encouraged to take notice of the coefficients (+/-) in figures 4.1-4.4 to
understand whether the effects of the kinematics were direct or inverse. In addition, all the F-

test results from the GLMMs can be found in Appendices 2, 3, and 4.
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Figure 4.1. Category 1 & 2 variables with a significant effect (p < 0.05) on the peak RES accelerations of the GPS-based accelerometer at each key gait phase

F value and fixed effects coefficient (+ = direct, - = inverse) are displayed within the brackets of each variable. The direction of the arrows represents the motion
of the joint/segment that has a significant effect at each key gait phase
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75



Joint/Segment
Kinematics at IFC

Peak Segment Velocities
Between IFC-MS

Joint/Segment
Kinematics at MS

Peak Segment Velocities

@ F Score (Small)
Joint/Segment
5 / g 5 F Score (Medium)
Between MS-TFC Kinematics at TFC
< </ & ® F Score (Large)
X \ & '\1 ".-!‘3 (} Angular Kinematic
X Thorax Segment < ") Thorax Segment §
. >\\“ : AP Velocity & \:‘ Flex/Ext Angle & § ‘Linear Kinematic
N (22.7, +) N\ (62,4) N
. g Pelvic Segment
73 Pelvis Segment 2 > r 2
(B rsxies Al 5 o ";» Flex/Ext Velocity Vo
"X (/62 -) . \ \ \ (10.8, +) (=
\ ’ \ \ Thigh Segment |
\ \ Flex/Ext Velocity
| (13.5, +) J
Q § & < &
\ 4 4 /
/ / Foot Segment
- I A\ A ; ! Foot Segment
= S N N Apvelocity \\ . Flex/Ext Angle
(17.3,-) — X 09,4
.9,
ot *iz;-, ’
< » - y
Th;),?i(/:;gcrirtl:nt P =) ‘=~ . Thorax Segment
v T ) :
(40.2, +) o] \ ML Velacity
, - WO (12.8, +)
(1= \ Pelvis Segment g Pelvis Segment -
‘. 7 ¢ Add/Abd Angle ™ " Rotational Velocit A7) 7 XA ./
v ¢ ¢ Yy N \ x 7
\3 (4.9,-) ¥ u (4.3, +) \:V . \\ﬁ' g \\. \ %/
\ Thigh Segment \ \ \
\ T Rotational Velocity \ \ \
- 20.2, + !
| ( ) | 1 Y  §
Ankle Joint
It

‘A
\ Foot Segment Foot Segment
e Rotation Angle '
y (4.3,+)

. Rotational Velocity Lateral Velocity

&= 3,,'2 (9.8,-) (25.8,+) )
Figure 4.3. Category 1 & 2 variables with a significant effect (p < 0.05) on the peak AP accelerations of the GPS-based accelerometer at each key gait phase. F

value and fixed effects coefficient (+ = direct, - = inverse) are displayed within the brackets of each variable. The direction of the arrows represents the motion
of the joint/segment that has a significant effect at each key gait phase.

76



Joint/Segment

Peak Segment Velocities
Kinematics at MS

Joint/Segment
Between IFC-MS

Kinematics at IFC

R X I
N U
) =) W\
‘ 9 (> ""_)
N\ \\ \
\ l/
P e o
e = AN

| Thorax Segment
Rotation Angle

(@.2,-)
‘11 A \_‘l*’ X \{} )

\ \ |
|\ ,‘ |

b \
\ Shank Segment | Foot Segment |

Add/Abd Velocit
Add/Abd Velocity | /(19 A iloa v
3,
(49.2,-) Foot Segment  Foot Segment Ankle Joint
t ifotational Velocity VT Velocity Rotation Angle
: (27.3,-) 4.1,4) -"J,. 47, +)

@ F Score (Small)
Joint/Segment

Peak Segment Velocities
Kinematics at TFC

Between‘ MS-TFC

F Score (Medium)

@ F Score (Large)}

Y,

(' Angular Kinematic

» Linear Kinematic

P

*,

‘T‘.',zf

Thigh Segment

Flex/Ext Velocity Thigh Segment

| (15.7, +) ] Flex/Ext Angle
F | ¢ (5.0, +)
/ //
A 4
X
=~y \\\\
L EE .
o E
e E=s
A
| =  PelvisSegment Pelvis Segment
= L. Add/Abd Velocity ML Velocity ANy
\ (16.6, +) (14.9,-)
\ \
Thigh Segment
U Rotational Velocity |
(12.5,-) e
4 | Shank Segment
| | Add/Abd Angle
Foot Segment Foot Segment | (5.3, +)
~+ Rotational Velocity Add/Abd Velocity Y '
)

)  35.0,-) (9.5, +)

Figure 4.4. Category 1 & 2 variables with a significant effect (p < 0.05) on the peak ML accelerations of the GPS-based accelerometer at each key gait phase. F

value and fixed effects coefficient (+ = direct, - = inverse) are displayed within the brackets of each variable. The direction of the arrows represents the motion

of the joint/segment that has a significant effect at each key gait phase.

77



4.4. Discussion:

The present study aimed to determine the effects of running kinematics during foot contact
on the peak upper trunk accelerations captured by an accelerometer embedded within a
commonly used GPS tracking device. Variables of running kinematics were separated into two
categories: joint/segment kinematics at IFC, MS and TFC, and peak segment velocities
between IFC-MS and MS-TFC. Analysing these variables independently, through GLMMs,
allowed for insights into which joint/segments have the largest effect on the peak upper trunk
accelerations, which key gait event this occurs and the effect of the subsequent peak velocities
of the bodily segments during the impact (IFC-MS) and propulsion (MS-TFC) subphases of foot

contact.

GLMM summaries showed that category 2 fixed effect variables (peak segment velocities) had
a larger effect (F value) than the category 1 fixed effect variables (joint/segment kinematics)
on the RES, VT and ML accelerometer peak accelerations (Table 4.1). In addition, running
speed had a greater residual effect on the category 2 fixed variables (Table 4.2). To our
knowledge, these comparisons have not been previously reported however, they substantiate
the relationships described by Derrick (2004) on the determinants of bodily segmental
accelerations when exposed to impact forces during running. These findings validate the value
of including segment velocities in future studies can lead to a better understanding of the
intersegmental relationship during running instead of focusing on joint kinematics alone, as

seen in previous studies!82186:201,
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It has previously been well documented that increased joint stiffness and stability around the
lower limb segments result in less GRF being attenuated and more force transferring up the
kinetic chain, leading to greater impact and propulsion forces during running!®2202203 Qur
results support findings from Lindsay et al. (2014) as decreased knee flexion at IFC increases
the shank segment's stability, reducing the shank's peak linear and angular velocities during
the impact subphase (IFC-MS) and causing greater peak accelerometer accelerations (Figure
4.1). The shank segment had the largest effect on peak RES (F value = 129.2, Figure 4.1) and
ML (F value =49.2, Figure 4.4) accelerometer accelerations of all peak segment velocities, thus

displaying its important role in the transfer of GRF throughout the kinetic chain.

Additionally, during MS, the role of the ankle is apparent as there is a medium-sized effect of
decreased ankle flexion resulting in larger RES (F value = 10.0, Figure 4.1) and VT (F value =
18.2, Figure 4.2) peak accelerations, suggesting that larger acceleration peaks are related to
reduced decoupling of the ankle joint. Increased joint stiffness can increase propulsion force
capabilities during stance?%3, resulting in larger peak segment velocities. This is shown in the
propulsion subphase (MS-TFC) as increased peak angular (flexion) velocity of the thigh has a
large to medium-sized effect on the peak accelerometer accelerations in all axes (Figures 4.1-
4.4). Furthermore, large to medium-sized effects were observed for foot segment linear
(posterior and medial) and angular (internal rotation) peak velocities on the AP and ML peak
accelerometer accelerations (Figures 4.3 & 4.4). These findings differ from previous
investigations'® as the ankle flexion angle was associated with TFC and they did not analyse

segmental velocities, possibly due to the different accelerometer mounting sites.
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The proximal joints and segments of the trunk were shown in our results also to influence the
peak accelerometer accelerations. During impact (IFC-MS), the second largest effect on peak
RES accelerometer accelerations was observed at the pelvis segment (F value = 58.0, Figure

182 reduces the

4.1). Increased hip flexion at IFC, which also supports previous findings
effective mass of pelvis segment®?, causing increased linear (anterior) and angular (internal
rotation) peak velocities during impact (IFC-MS) (Figure 4.1). This results in increased flexion
of the pelvis at MS due to the pelvis decoupling to support the deceleration of the trunk
segment post-impact as it supports trunk stability. During propulsion (MS-TFC), there are
medium-sized effects of pelvis angular (extension and internal rotation) and linear (anterior)
peak velocities, which contribute to larger RES and VT peak accelerometer accelerations
(Figures 4.1 & 4.2). Conversely, reduced extension peak velocities (increased flexion) at the
pelvis contributed to larger AP peak accelerometer accelerations, and greater frontal plane
peak velocities at the pelvis resulted in larger ML peak accelerometer accelerations (Figures
4.3 & 4.4). This indicates that insights can be gained into pelvis extension and stability

properties of athletes by analysing the differences between VT, AP and ML peak accelerometer

accelerations.

Furthermore, similar differences between the peak accelerometer accelerations were also
observed regarding the thorax segment velocities. Reduced peak linear (anterior) velocity
during impact and increased peak linear (vertical) velocity during propulsion of the thorax
resulted in larger VT peak accelerometer accelerations (Figure 4.2). Whereas increased linear
(vertical and anterior) peak velocity during impact and increased linear (lateral) peak velocity

of the thorax resulted in larger AP peak accelerometer accelerations (Figure 4.3). As force is
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transferred from the pelvis to the trunk, the surrounding musculature is activated to maintain
stability and influences the subsequent displacement of the trunk segment!®’. Therefore, our
results suggest that analysing the differences between the VT and AP peak accelerometer

accelerations may provide insights into these mechanisms.

Findings from this study show that GRF attenuation properties of the surrounding joints to the
shank segment and the kinematics of the pelvis in maintaining trunk stability, specifically at
MS, have the largest effects on the peak accelerometer accelerations. The practical
applications of these findings are that peak accelerometer accelerations could be valuable in
analysing an athlete's rehabilitation from an ACL reconstruction, as this has been shown to
affect knee extension during running>2. Alternatively, observing the differences between the
axis of peak accelerometer accelerations throughout an athlete's training session may be used
to provide insight into the level of neuromuscular fatigue specifically affecting the stability of
pelvis/trunk segments®”163, The relationships found in this study also show that peak
accelerations can be used to identify differences/changes in running styles between athletes
and further add to the characterisation of running styles within a cohort of athletes with the

GPS-based IMU, as proposed in chapter 3.

Direct comparisons of our results to those of Lindsey et al. (2014) were not possible due to
the differences in statistical analysis between studies. The present study utilised GLMMs as
repeated measures were present, whereas Lindsey et al. (2014) employed a stepwise
regression analysis. Similar findings were observed though, regarding the significant effects of

the hip and knee flexion/extension angle on the RES acceleration profile at IFC (Figure 4.1).
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Lindsey at al. (2014) mounted their accelerometer on the lower trunk. Therefore, it can be
suggested that hip and knee kinematics at IFC affect both the lower and upper trunk

acceleration profiles.

In addition, our results refute previous suggestions® that the mounting site of the
accelerometer on the upper trunk is unacceptable for observing changes in lower limb running
kinematics. The limitations of the present study are that the findings only apply to straight-
line running, as the trials were conducted on a treadmill. It is suggested that practitioners
utilise the coordinate data from the GPS devices to ensure instances of straight-line running
are selected when applying the current findings to field-based running style analysis?*.
Treadmill running was selected in the study design to control the running speed and to induce
intra-subject variations in running kinematics by altering the speed between each trail. As a
result, GRF was not captured due to the absence of an embedded force platform. Considering
the residual effects of running speed observed, especially in the category 2 fixed effect
variables, understanding the associated changes in joint/segment kinetics with each running
speed and how that differed across a wider variety of running styles would have provided a
more comprehensive insight into the effect of different running styles on the GPS based
accelerometer accelerations. The outcome of this study was favourable, considering the
significant associations found with relatively small participants. In the future, having a bigger

sample size would allow for further verifications of the outcome of this study.
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4.5. Conclusion:

In summary, GLMMs within this study have demonstrated the intersegmental relationship
between joint/segment kinematics, segment velocities and the resulting peak accelerations
of the upper trunk during running over several speeds. Specifically, peak shank and pelvis
velocities during impact (IFC-MS) had the largest effect on the RES upper trunk peak
accelerations captured by the accelerometer contained within the GPS device. Furthermore,
differences in pelvis and thorax peak velocities affected the peak accelerometer accelerations
in the individual axes (VT, AP and ML). The findings of this study provide rationale for including
analysis of peak accelerations captured from the GPS-based accelerometer within a
framework to characterise an athlete's running style in the field. The strengths of the
relationships found between running kinematics and the peak accelerations highlight the
potential value of employing these variables within applied research studies to investigate

their relationships with lower body GRF attenuation and trunk stability mechanisms.
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Chapter 5: Can Machine Learning Predict Running Kinematics Based on
Upper Trunk GPS-Based IMU Acceleration? A Novel Method of
Conducting Biomechanical Analysis in the Field Using Artificial Neural

Networks.

This chapter was published in the following journal:

Lawson, M., Naemi, R., Needham, R. A., & Chockalingam, N. (2024). Can Machine Learning Predict
Running Kinematics Based on Upper Trunk GPS-Based IMU Acceleration? A Novel Method of
Conducting Biomechanical Analysis in the Field Using Artificial Neural Networks. Applied Sciences,

14(5),1750.



Abstract

This study aimed to investigate whether running kinematics can be accurately estimated
through an artificial neural network (ANN) model containing GPS-based accelerometer
variables, running speed and anthropometric data. Thirteen male participants with extensive
running experience completed treadmill running trials at several speeds. Participants wore a
GPS device containing a tri-axial accelerometer and running kinematics were captured by an
18-camera motion capture system for each trial. Multiple multilayer perceptron neural
networks model was constructed to estimate participant’s 3D running kinematics with the
following input variables: 3D peak accelerometer acceleration during foot stance (g), stance
time (s), running speed (km/h), participant height (cm), leg length (cm) and mass (kg).
Pearson’s correlation coefficient (r), root mean squared error (RMSE), and relative root mean
squared error (rRMSE) showed ANN models provide accurate estimations of joint/segment
angles (mean rRMSE = 13.0 £ 4.3%) and peak segment velocities (mean rRMSE =22.1 + 14.7%)
at key gait phases across foot stance. Highest accuracies were achieved for flexion/extension
angles of the thorax, pelvis and hip, and peak thigh flexion/extension and vertical velocities
(rRMSE < 10%). The current findings provide sports science and medical practitioners, working
with this data, a method of conducting field-based analysis of running kinematics.
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5.1. Introduction:

In recent years, there has been an exploration of using inertial measurement units (IMUs) to
estimate joint kinematics during walking and running?%°7,°8127,185205 Conducting
biomechanical analysis in the field with IMUs allows sports science and medical practitioners
to capture an individual's locomotion characteristics more frequently and with a reduced
cost/set-up time than lab-based analysis!®. IMUs such as accelerometers have been
extensively employed to analyse the acceleration profile of bodily segments to infer the
potential differences between individuals or changes in an individual's walking/running
kinematics!10142182 However, with advances in data processing procedures, it is now

possible to accurately estimate joint kinematics with IMUs?°>7:58,127,205,

Conventional models utilising IMUs to estimate joint kinematics have been previously
employed within the health industry to analyse patients' walking kinematics. Analysis of

123 and knee ligament reconstruction??! have been

patients rehabilitating from hip arthroplasty
used to inform the long-term effects of and effectiveness on patients' functionality post-
surgery. These earlier models mount IMUs on the proximal/distal segments to the relevant
joint and measure the IMU sensor orientation relative to the inertial frame3°. Lab-based pre-
calibration is required to ensure accurate sensor-sensor alignment to the anatomical axes and
measurement of segment geometry so that a joint orientation matrix can be calculated
(similar to stereophotogrammetry)3. The IMUs are utilised to reconstruct a biomechanical

model of the human body, and the linear relationships between the sensor acceleration

profiles are used to estimate the joint kinematics'2>1%7,
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Integration of accelerometer, gyroscope and magnetometer data with sensor fusion
algorithms have shown root mean squared error (RMSE) of <3.6° when estimating 3D lower
limb joint angles in the laboratory®®. Nevertheless, concerns with using IMUs to measure
segmental orientation have been previously stated when applying these systems in the field3°,
Magnetometers are employed to reduce drift errors that can occur in the gyroscope's angular
velocity data by 'resetting' the sensor orientation, but magnetic disturbances in the field can
affect the magnetometer’s reference coordinates and thus not recommended for field base
use3%>4, Additionally, soft tissue motion can lead to the misalighment of the IMU sensors>>,
which is inevitable when conducting longitudinal analysis and greatly reduces the accuracy of
models that rely on the linear relationship between two aligned sensors'?’. As a result, there
is a lack of research that has successfully implemented these methods in the field over longer
periods of time?°®, Recent developments in advanced data processing procedures have
overcome previous regression-based problems with sensor misalignment and have
subsequently renewed the possibility of conducting field-based predictions of joint kinematics

with IMUs1%7,

Deep learning algorithms such as artificial neural networks (ANN) allow for greater predictive
accuracy than linear regression-based models when non-linear relationships between
independent (input) and dependent (output) variables are present®®. ANNs consist of
interconnected units (neurons) separated into three layers: input, hidden and output. Each
layer contains several neurons, which are connected and appropriately weighted depending
on the strength of the connection between neurons>®2%’, Each ANN consists of training and

testing modules whereby in the training module, the model learns the relationship between
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variables and appropriately "weights" each connection depending on the fitting of the data
structure®®. The testing module then tests the algorithm to analyse how accurately the model

predicted the output variable.

Several classes of ANNs have been employed within studies that have attempted to predict
biomechanical variables during locomotion. Amongst these classes, the multilayer perceptron
(MLP) networks have performed well when predicting joint kinematics during walking?®->7-°8,
MLP networks are considered a simpler form of ANNs that are easy to train and often
employed as the baseline ANN to compare newer models against®’. MLPs have shown a
relative root mean squared error (rRMSE) of <9% for lower limb kinematics during walking>2,
although this error has increased to ~34% when analysing knee moments during running-
based tasks®>. As a result, more complex ANNs (convolutional neural networks) have been
developed, integrating musculoskeletal simulations into the training module to improve
accuracy3>%7. However, these models' pre-calibration procedures are extensive and require
access to a biomechanics laboratory. In principle, though, the increased accuracy of including
musculoskeletal simulations highlights the value of utilising additional biomechanical input

variables in ANNs to predict joint kinematics when compared to IMU data alone.

Previous investigations utilising IMUs and ANNs to predict joint kinematics have typically
stemmed from a clinical background?>2%>, and its application within sports has not been
explored. With team sports athletes, IMUs contained within global positioning systems (GPS)
are commonly used to monitor athletes' workload along with GPS-derived variables such as

distance and running speed®%. As the GPS devices are mounted at approximately the
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posterior aspect of the upper thoracic spine, the IMUs capture the acceleration profile of the
upper trunk segment. Previous research (Chapter 3 & 4) has shown that characteristics of foot
stance can be accurately identified within the accelerometer data and that an individual's
running kinematics significantly influences the acceleration peaks. Additionally, athlete
anthropometrics?®, stance time?%? and running speed!®>1° have also been shown to have a
relationship with an athlete’s running kinematics. These variables are accessible to
practitioners working with team sports athletes as anthropometric measurements are
routinely collected during skinfold body composition assessments?'°, and running speed can
be accurately measured with coordinate data derived from GPS devices?!!. Considering this,
including these variables in addition to IMU data could potentially increase the accuracy of

ANNs in predicting running kinematics.

The capacity to utilise IMUs within GPS devices to conduct field-based biomechanical analysis
of their athletes offers sports science and medical practitioners a convenient and valuable tool
to track an athlete's progression during injury rehabilitation. Including accurate estimations of
an individual's running kinematics would add to the level of detail the GPS-based IMU can
offer when conducting biomechanical analysis in the field. Therefore, the present study aims
to investigate whether running kinematics can be accurately estimated through an ANN model
containing GPS-based accelerometer variables, running speed and anthropometric data. This
study intends to explore the predictive capabilities of data that is easily accessible to sports
science and medical practitioners working with team sports athletes to conduct

comprehensive biomechanical analysis in the field.
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5.2. Methodology:

The present study used data and findings from a previous study (chapter 4) to train a series of
ANNs to predict kinematic variables (section 5.2.3) that had been identified to influence the
acceleration profile of the GPS-based accelerometer. Additional input variables, such as
anthropometric, stance time characteristics and running speed (section 5.2.2), were added to

the dataset to strengthen the ANN’s predictive capabilities.

5.2.1. Experimental Set-Up:

Thirteen experienced male runners (age: 27 + 3.7 years, height: 1.81 + 0.06 m, mass: 82.7 +
6.2 Kg) completed nine trials of treadmill running (1-degree inclination) for 40 seconds at
speeds starting at 10 km/h and increasing at 1 km/h increments to 18 km/h. Treadmill running
trials were captured by an 18-camera motion capture system (Vicon, Oxford, UK). Each
participant wore a standard-issue vest containing a GPS device (Statsports Apex, Northern
Ireland, UK) with an embedded high-frequency tri-axial accelerometer and was provided with
standardised running shoes (Puma Anzarun). The Staffordshire University ethical committee
granted ethical clearance for this testing procedure, and all participants gave informed written

consent before testing.

The standard issue vest positioned the GPS device around the thoracic spine's posterior
aspect, and the embedded tri-axial accelerometer sampling frequency was set to 100 Hz. Fifty-
four infrared markers (14mm) were attached to the participants that corresponded to the

modified Istituto Ortopedico Rizzoli (IOR) marker set with five additional clusters attached to
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the left thigh, right thigh, left shank, right shank and the posterior aspect of the GPS device!’>"
177 Eighteen optical cameras (VICON MXT40, Oxford, UK) recorded the coordinate data of the
infrared markers at 100 Hz. Raw accelerometer and marker coordinate data were transferred
from the respective software (STATSport APEX and Vicon Nexus) to Visual 3D (C-Motion Inc,
MD, USA). Synchronisation of accelerometer and motion capture data was conducted by an
assistant ‘tapping’ the GPS device at the beginning of each running trial. The frame of the tap
was established in each data set, and then ten consecutive gait cycles were selected for

analysis following a 20-second ramp period.

5.2.2. Input variables:

Accelerometer variables consisting of stance time characteristics and peak accelerations
during foot stance were selected as the accelerometer input variables. Instances of initial foot
contact (IFC), midstance (MS) and terminal foot contact (TFC) were identified in the vertical
acceleration profile (Chapter 3), and the subsequent timings (s) between these events were
calculated (stance time, IFC-MS time, MS-TFC time). The vertical (VT), anterior/posterior (AP),
medial/lateral (ML) and resultant (RES) peak accelerations (g) during foot stance were then
calculated by identifying the largest value in each axis during this time frame. Averages of each

accelerometer variable were calculated across the ten gait cycles.

Participant height (cm), body mass (kg) and leg length (cm) (distance from the anterior
superior iliac spine to the medial malleolus) were recorded prior to testing and included as
the anthropometric input variables?°®. Running speed was derived from the treadmill speed

within each trial.
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5.2.3. Output Variables:

A previous investigation (Chapter 4) highlighted joint/segment kinematics that had significant
relationships with the peak accelerations of the GPS-based accelerometer at specific timings
during foot stance. Therefore, these findings provided the basis for selecting the output
variables that the present study would utilise as output variables within a series of ANNs.
Joint/segment angles at IFC, MS and TFC, and peak segment velocities during the impact (IFC-
MS) and propulsion (MS-TFC) subphases were calculated for all bodily joints/segments.
However, the following subsections (5.2.3.1, 5.2.3.2) describe the kinematics that were
included as output variables. The averages of the output variables were calculated over the

ten gait cycles for each trial.

5.2.3.1. Joint/Segment angles:

Thorax flexion/extension and internal/external rotation angles at IFC.
e Pelvis flexion/extension and adduction/abduction angles at IFC.

e Hip flexion/extension angle at IFC.

e Knee flexion/extension angle at IFC.

e Thorax flexion/extension angle at MS.

e Pelvis flexion/extension angle at MS.

e Ankle flexion/extension and internal/external rotation angles at MS.
e Thigh flexion/extension angle at TFC.

e Shank adduction/abduction angle at TFC.

e Foot flexion/extension angle at TFC.
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5.2.3.2. Peak segmental velocities:

e Thorax vertical and horizontal linear velocities during impact.

e Pelvis horizontal linear velocity during impact.

e Pelvis internal/external angular velocity during impact.

e Thigh vertical linear velocity during impact.

e Thigh internal/external angular velocity during impact.

e Shank adduction/abduction angular velocity during impact.

e Foot adduction/abduction and internal/external velocities during impact.

e Thorax vertical and lateral linear velocities during propulsion.

e Pelvis horizontal and lateral linear velocities during propulsion.

e Pelvis flexion/extension, adduction/abduction and internal/external angular velocities
during propulsion.

e Thigh vertical linear velocity during propulsion.

e Thigh flexion/extension and internal/external angular velocities during propulsion.

e Shank adduction/abduction and internal/external angular velocities during
propulsion.

e Foot horizontal and lateral linear velocities during propulsion.

e Foot internal/external angular velocity during propulsion.

5.2.4. ANN model:

The MLP class of ANNs was chosen as the deep learning algorithm to test the predictive

capabilities of the input variables using the IBM SPSS Modeler software version-22 (IBM Corp.,
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Armonk, N.Y., USA). The model contained a feedforward architecture and was set to default,
using a single hidden layer and automatically selecting the most appropriate number of
hidden layer units (minimum = 1, maximum = 50). The dataset was partitioned randomly into
~70% testing sample and ~30% training sample depending on the relative number of cases.
Activation link functions selected were the hyperbolic tangent (Eq. 5.1) for the hidden layers
and the identity function (Eq. 5.2) for the output layer due to the presence of scale-dependent

variables.

y(c) = tanh(c) = (e —e™¢)/(ec+e7°) (Eq. 5.1)

Where y(c) is the link function, tanh(c) is the hyperbolic tangent and e€ is the exponential
function.

y(c) = ¢ (Eq. 5.2)

Where y is the function, and c represents the variable values.

49 ANNs were produced, and each output variable was tested separately. Each ANN consisted
of all input variables except for the peak accelerometer accelerations. The axis of peak
accelerometer accelerations chosen depended on the output variable that had previously
displayed a relationship with that input variable (Chapter 4). Therefore, each ANN contained

either the RES, VT, AP or ML peak accelerometer accelerations.
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5.2.5. Statistical Analysis:

Descriptive statistics of the ANN were conducted to provide insight into the average sample
size percentages of the training and testing modules and the average number of units within
the hidden layer. The Root Mean Squared Error (RMSE) and relative Root Mean Squared Error
(rRMSE) for each ANN were calculated and used to assess the accuracy of each model in the
training and testing modules. Pearson’s correlation coefficient (r) was used to measure the
agreement between ANN estimated output variables, categorised as weak (r < 0.35),
moderate (0.35 <r<0.67), strong (0.67 < r<0.90) and excellent (> 0.90)8. Sensitivity analysis
of the input variables was performed to determine the individual importance of the predictors
in determining the neural network. All statistical analysis was performed using SPSS software

version 22 (IBM Corporation, Armonk, NY).

5.3. Results:

The average dataset partitions utilised within the ANNs were 72.8% * 4.1% (training) and
27.2% + 4.1% (testing) with 4.1 £ 1.5 hidden units. Model summaries showed, on average, the
accuracies of the ANNs to estimate the output variables were greater for joint/segment angles
(testing rRMSE = 13.0% + 4.3%, r = 0.95 £ 0.03) than peak segment velocities (testing rRMSE
=22.1% + 14.7%, r = 0.91 £ 0.07) (Table 5.1). Mean correlation coefficients showed excellent

estimations of both groups of output variables (r > 0.90) (Table 5.1).
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Table 5.1. Mean accuracy (RMSE, root-mean squared error; rRMSE, relative root-mean squared error;
r, Pearson’s correlation coefficient) of the estimated outcome variables by groups.

Training Testing
Output Variable RMSE rRMSE (%) RMSE rRMSE (%) r
Group
Joint/Segment 3.33+2.88 8.8+7.4 1.86+0.65 13.0+43 0.95 +0.03
Angles (°)

Peak Segment 5.35 +4.28 1414115 3.83+3.14 22.1+14.7 0.91 +0.07
Velocities (m/s)

All Variables 4.52+3.87 12.0+10.3 3.03+262 18.4+12.4 0.93+0.06

Joint angle estimations had the smallest range in rRMSE (4.1% - 20.5%), with thorax
flexion/extension angle during MS being the most accurate (RMSE = 0.65°; rRMSE = 4.1%; r =
0.98) (Table 5.2). However, estimations of the thigh flexion/extension peak angular velocity
during propulsion (MS-TFC) had the greatest accuracy of all output variables (RMSE = 0.24
m/s; rRMSE = 2.2%; r = 0.9) (Table 5.3), which performed better when the RES accelerometer
peak acceleration was included over the AP. There were four joint angles (Hip
flexion/extension at IFC; Thorax flexion/extension at IFC; Pelvis flexion/extension at IFC; Pelvis
flexion/extension at MS) and two peak segment velocities (Thigh flexion/extension during

propulsion; Thigh vertical during propulsion) that had rRMSE of < 10%.
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Table 5.2. Individual accuracy (RMSE, root-mean squared error; rRMSE, relative root-mean squared
error; r, Pearson’s correlation coefficient) of the estimated joint/segment angles during testing.

Output Variable
Accelerometer Body . Gait .
Peak Accel . Plane of Motion RMSE (°) rRMSE (%) r
. Joint/Segment Phase
Axis

HIP Flexion/Extension IFC 2.26 9.9% 0.96
KNEE Flexion/Extension IFC 2.47 19.3% 0.83
THORAX Flexion/Extension IFC 0.93 7.6% 0.98

RES Internal/External
THORAX Rotation IFC 1.86 15.0% 0.92
ANKLE Flexion/Extension MS 2.19 12.2% 0.96
PELVIS Flexion/Extension MS 1.56 9.2% 0.96

Internal/External
THORAX Rotation IFC 1.46 11.6% 0.95

ML Internal/External
ANKLE Rotation MS 1.17 12.6% 0.95
SHANK Adduction/Abduction TFC 2.47 10.9% 0.96
THIGH Flexion/Extension TFC 3.27 15.8% 0.97
HIP Flexion/Extension IFC 1.70 10.0% 0.97
THORAX Flexion/Extension IFC 1.58 19.5% 0.94
VT ANKLE Flexion/Extension MS 1.79 13.6% 0.96
PELVIS Flexion/Extension MS 1.08 11.5% 0.98

Internal/External
ANKLE Rotation MS 1.87 15.4% 0.96
PELVIS Adduction/Abduction IFC 2.10 12.7% 0.94
PELVIS Flexion/Extension IFC 1.82 9.6% 0.95
AP THORAX Flexion/Extension MS 0.65 4.1% 0.98

Internal/External
ANKLE Rotation MS 2.15 19.0% 0.93
FOOT Flexion/Extension TFC 2.91 20.5% 0.92
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Table 5.3. Individual accuracy (RMSE, root-mean squared error; rRMSE, relative root-mean squared
error; r, Pearson’s correlation coefficient) of the estimated peak segment velocities during testing.

Output Variable

Accelerometer

Peak Accel Body Plane of Motion Gait RMSE rRMSE (%) r
. Segment Phase (m/s)
Axis

SHANK Adduction/Abduction IFC-MS 1.88 12.2% 0.97
Internal/External

PELVIS Rotation IFC-MS 3.09 15.5% 0.91

PELVIS Anterior/Posterior IFC-MS 1.32 10.8% 0.94

RES SHANK Adduction/Abduction MS-TFC 4.93 44.9% 0.69

PELVIS Flexion/Extension MS-TFC 2.99 20.7% 0.88

THIGH Flexion/Extension MS-TFC 0.24 2.2% 0.99
Internal/External

SHANK Rotation MS-TFC 5.30 28.8% 0.91

THORAX Medial/Lateral MS-TFC 2.43 15.6% 0.96

FOOT Adduction/Abduction IFC-MS 5.29 29.3% 0.87

SHANK Adduction/Abduction IFC-MS 2.57 13.5% 0.96
Internal/External

FOOT Rotation IFC-MS 2.89 18.4% 0.92

PELVIS Adduction/Abduction MS-TFC 3.20 28.0% 0.89

ML THIGH Flexion/Extension MS-TFC 0.61 5.3% 0.99
Internal/External

FOOT Rotation MS-TFC 10.07 31.0% 0.88
Internal/External

THIGH Rotation MS-TFC 6.30 27.0% 0.91

PELVIS Medial/Lateral MS-TFC 6.73 19.8% 0.93

PELVIS Anterior/Posterior IFC-MS 4.83 28.1% 0.87

THORAX Anterior/Posterior IFC-MS 6.26 47.8% 0.85

THIGH Vertical IFC-MS 5.71 27.2% 0.91

VT THIGH Flexion/Extension MS-TFC 0.71 5.7% 0.98

PELVIS Anterior/Posterior MS-TFC 2.75 17.4% 0.92

THIGH Vertical MS-TFC 1.34 9.3% 0.91

THORAX Vertical MS-TFC 2.76 18.0% 0.93
Internal/External

THIGH Rotation IFC-MS 2.06 13.2% 0.98

THORAX Anterior/Posterior IFC-MS 4.88 48.5% 0.80

AP THORAX Vertical IFC-MS 15.06 65.0% 0.82

THIGH Flexion/Extension MS-TFC 0.52 4.4% 0.99

FOOT Anterior/Posterior MS-TFC 3.18 20.4% 0.91

FOOT Medial/Lateral MS-TFC 1.22 12.9% 0.95

Sensitivity analysis of the input variables showed that participant height (cm) had the
highest average relative importance across estimations of joint angles (mean = 75% + 25%)
and was the most important variable in 7 ANNs (figure 5.1). Whereas participants right leg
length (cm) had the highest average relative importance across estimations of peak segment

velocities (mean = 63% + 29%) and was the most important in 8 ANNs (figure 5.2). Peak
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accelerometer accelerations were ranked 4t (joint angles) and 7t (peak segment velocities)

in average relative importance (figures 5.1 & 5.2).

Estimation of joint/segment angles
> > . &
Output @ sz& %3 & %g'o% \@'&% <~°é\é& § “ f-x"@\
variable <& ¥ € & ¥ S ® ¢ A\
1 44% 63% 73% aa%  [INI00%  23% 24% 75% 37%
2 18% 65% 75% 74% 34% | 79% @ 23%
3 32% 65% 27% 10% 43% 72% 75%
4 20% 16% 39% 35% 19% 41% 17%
5 29% 8% 65% [100%  35% 45% 48%
6  28% 29% 37% 25% 34% 29% 21%
7 19% 11% 46% 61% 15% 31% 22%
8  30% 58% 65%  80%  42% | 91% @ 69%
9 24% 8% 30% 5%
10 87% | 30% 66% 56%
11 43% 37% 32% 41%
12 38% 65% [N100% 0  58%
13 46% 19% 70% 40%
14 49% 38% 36% 12%
15 36% 13% [0  72%
16 19% 54% 58% 23% 65% 24%
17 27% 42% 57% 19% 21% 19% 25%
18 25% 43% 23% 26% 23% 23% 29% 26%
19 36% 76% 58% 42% 18% 32% 51% 68%
20/ 73% 39% 00N  50% 54% 71% 74% 27%
Mean  36% 58% 75% 62% 59% 55% 31% 57% 38%
STDEV  18% 28% 25% 26% 25% 30% 16% 26% 21%
Key: Output Variable Number) Accelerometer Peak Accel Axis-Body Segment-Plane of motion-Gait phase.
1) RES-HIP-Flex/Ext-IFC; 2) RES-KNEE-Flex/Ext-IFC; 3) RES-THORAX-Flex/Ext-IFC; 4) RES-THORAX-Int/Ext Rot-IFC; 5) RES-ANKLE-Flex/Ext-
MS; 6) RES-PELVIS-Flex/Ext-MS; 7) ML-THORAX-Int/Ext Rot-IFC; 8) ML-ANKLE-Int/Ext Rot-MS; 9) ML-SHANK-Add/Abd-TFC; 10) ML-THIGH-
Flex/Ext-TFC; 11) VT-HIP-Flex/Ext-IFC; 12) VT-THORAX-Flex/Ext-IFC; 13) VT-ANKLE-Flex/Ext-MS; 14) VT-PELVIS-Flex/Ext-MS; 15) VT-ANKLE-
Int/Ext Rot-MS; 16) AP-PELVIS-Add/Abd-IFC; 17) AP-PELVIS-Flex/Ext-IFC; 18) AP-THORAX-Flex/Ext-MS; 19) AP-ANKLE-Int/Ext Rot-MS; 20)
AP-FOOT-Flex/Ext-TFC

Figure 5.1. Matrix of relative importance for the input variables in the estimation of joint/segment
angles. Speed = running speed (km/h); ACC peak = accelerometer peak acceleration (g); Height =
participant height (cm); Mass = participant mass (kg); LLegLength = participant left leg length (cm);
RLeglength = participant right leg length (cm); StanceTime = accelerometer derived stance time (s);
IFC-MSTime = accelerometer derived time between IFC and MS; MS-TFCTime = accelerometer derived

time between MS and TFC; STDEV = Standard deviation.
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Estimation of peak segment velocities

o o . ¢ N
Output & cf‘?'%{~ & & 339’0% ﬁé\% 0"0\‘& &{\ ¢ q"@
variable < & € ) ¥ e o® ¢ &

1 33% 74% 63% [100% " 69% 61% 25% 25% 15%
2 5% 17% 21% 13% 63% [NI00%  21% 29% 11%
3 32% 26% 43% 62% 34% 48% 21% [INI00%  24%
4- 25% [INI00%  48% 77% 46% 57% 27%
5 5% 38% 19% 56% 66% 68% 48%

6 49% 71% 72% 58% 55% | 92%
7 49% 63% 49% 70% 57% 56%
8  67% 59% 49% 48% 64% 67%
9 32% 23% 31% | 85% 74%
10 42% 27% 70% 23% 64% 27%
11 00 5% 35% 18% 44% 21% 62% 50% 37%
12 32% 48% 35% 66% 55% - 62% 59% 31%
13 30% 15% 45% 18% 70% 58% 35% 18%
1400 24% 9% 24% 12% 30% 24% 32% 19%
15 43%  55%  S4% | 77% [NSERNINH00%N 81 [S0% | 76%
16 00N  20% 30% 17% 74% 33% 24% 19% 17%
17, 75% 49% 28% 33% 60% 28%
18 38% 54% 27% 36% 29%
19 33% 14% 25% 59% 68%
20 53% 19% 28% 63% 28% 14% 14%
21 20% 31% 42% 48% 68% 34% 15%
74% 68% [1100% @  74% 19% 39% 53%

44% 47% 28% 16% 44% 61% 43%

29% 60% 13% 33% 47%

72% 19% 74%

13% 41% 18% 63% 13% 21%

43% 43% 60% 41% 48% 41%

39% 42% 36% 53% 35% 52% | 83% | 45%

29 19% 33% 49% 14% 59% 31% 28% 21%
Mean  58% 45% 60% 53% 60% 63% 45% 53% 42%
STDEV  27% 29% 29% 31% 27% 29% 19% 25% 25%

Key: Output Variable Number) Accelerometer Peak Accel Axis-Body Segment-Plane of motion-Gait phase.

1) RES-SHANK-Add/Abd-IFC-MS; 2) RES-PELVIS-Int/Ext Rot-IFC-MS; 3) RES-SHANK-Add/Abd-MS-TFC; 4) RES-PELVIS-Flex/Ext-MS-TFC; 5) RES-
THIGH-Flex/Ext-MS-TFC; 6) RES-SHANK-Int/Ext Rot-MS-TFC; 7)MIL-FOOT-Add/Abd-IFC-MS; 8) ML-SHANK-Add/Abd-IFC-MS; 9) ML-FOOT-
Int/Ext Rot-IFC-MS; 10) ML-PELVIS-Add/Abd-MS-TFC; 11) ML-THIGH-Flex/Ext-MS-TFC; 12) ML FOOT-Int/Ext Rot-MS-TFC; 13) ML-THIGH-
Int/Ext Rot-MS-TFC; 14) VT-THIGH-Flex/Ext-MS-TFC; 15) VT-THIGH-Int/Ext Rot-IFC-MS; 16) VT-THIGH-Flex/Ext-MS-TFC; 17) RES-PELVIS-
Horizontal-IFC-MS; 18) RES-THORAX-Lateral-MS-TFC; 19) ML-PELVIS-Lateral-MS-TFC; 20) VT-PELVIS-Horizontal-IFC-MS; 21) VT-THORAX-
Horizontal-IFC-MS; 22) VT-THIGH-Vertical-IFC-MS; 23) VT-PELVIS-Horizontal-MS-TFC; 24) VT-THIGH-Vertical-MS-TFC; 25) VT-THORAX-
Vertical-MS-TFC; 26) AP-THORAX-Horizontal-IFC-MS; 27) AP-THORAX-Vertical-IFC-MS; 28) AP-FOOT-Horizontal-MS-TFC; 29) AP-FOOT-
Lateral-MS-TFC

Figure 5.2. Matrix of relative importance for the input variables in the estimation of peak segment
velocities. Speed = running speed (km/h); ACC peak = accelerometer peak acceleration (g); Height =
participant height (cm); Mass = participant mass (kg); LLegLength = participant left leg length (cm);
RLeglLength = participant right leg length (cm); StanceTime = accelerometer derived stance time (s);
IFC-MSTime = accelerometer derived time between IFC and MS; MS-TFCTime = accelerometer
derived time between MS and TFC; STDEV = Standard deviation.
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5.4. Discussion:

This study aimed to determine the predictive capabilities of ANNs containing GPS-based
accelerometer, running speed and anthropometric data to estimate running kinematics. The
study's results provide insights into the application of deep learning algorithms with data that
is easily accessible to sports science and medical practitioners working with team sports

athletes to conduct analyses of running kinematics in the field.

Correlation coefficients of the estimated vs actual output variables ranged from strong to
excellent across all output variables, showing the model's performance was highly accurate.
Overall, estimations of joint/segment angles (mean rRMSE = 13.0 * 4.3%) were better than
peak segment velocities (mean rRMSE = 22.1 + 14.7%). Previous research (Chapter 4) found
that peak segment velocities had a greater effect on GPS-accelerometer peak accelerations
than joint/segment angles in linear regression-based analysis. Conversely, in the current study;,
better accuracy was observed in predicting joint/segment angles than peak segment
velocities, indicating a stronger relationship between the input variables and joint/segment
angles. Including added input variables (running speed, stance times, anthropometrics) or the

capability of ANNs to utilise non-linear relationships may be responsible for this finding.

Sensitivity analysis of the input variables highlighted that the GPS-accelerometer-derived
variables were, on average, not the most important variables in both joint/segment and peak
segment velocities estimations (Figures 5.1 & 5.2). The performance of each ANN must be

considered, as the accelerometer peak acceleration had the highest relative importance in
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estimating thorax flexion/extension at MS, which was the most accurate estimation of all
joint/segment angles. Despite this, the value of including anthropometric data in the ANNs
has become evident in the current study. The highest mean relative importance for
joint/segment angles were participant height (75 £ 25 %) and mass (62 + 26 %), and for peak
segment velocities, leg length (right = 63 + 29 %; left = 60 + 27 %) and height (60 + 29 %) were
highest. Anthropometric data has been previously employed within pre-calibration
procedures of conventional neural networks to improve the accuracy of estimating joint
kinematics®’, and our results show that anthropometric data can also aid multilayer

perceptron ANNs instead of relying on IMU data alone.

The five joint/segment angles that had the highest accuracy during testing were thorax
flexion/extension at IFC (RMSE = 0.93°; rRMSE = 7.6%,; r = 0.98) and MS (RMSE = 0.65°; rRMSE
= 4.1%; r = 0.98), pelvis flexion/extension at IFC (RMSE = 1.82°; rRMSE = 9.6%; r = 0.95) and
MS (RMSE = 1.56°; rRMSE = 9.2%; r = 0.96), and hip flexion/extension at IFC (RMSE = 2.26°;
rRMSE = 9.9%; r = 0.96). Previous investigations have typically only analysed lower limb
kinematics and found hip flexion/extension RMSE values of 5.1 — 5.6° and knee
flexion/extension RMSE values of 4.8 — 6.5° during running3>%7. The present study differed
from previous investigations as estimations of joint/segment angles at specific gait events
were estimated rather than the continuous joint angle over the whole gait cycle and the type
of ANN used. Nevertheless, our results showed that the RMSE values of knee
flexion/extension at IFC were 2.47°. It can be suggested that MLP ANNs could achieve similar
or greater accuracy in estimating hip and knee sagittal joint angles than previous methods.

Accurate estimations of peak thigh flexion/extension and vertical velocities during propulsion
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were also observed (rRMSE < 9.3%) however, there are no previous studies to compare these

results against.

Analysing the sagittal plane kinematics of athletes in the field can provide sports science and
medical practitioners with useful insight into their athletes' physical condition and running
performance. Trunk flexion/extension angle has been shown to increase when localised
muscular fatigue is present®”?12, Additionally, more experienced runners typically have less
trunk flexion and reduced peak hip flexion during foot contact, resulting in increased
performance® and reduced injury risk?!3. Segment velocities can also be used to characterise
performance, as thigh flexion/extension angular velocity is a determining factor during sprint
running?!*. Our results showed that all these variables can be accurately estimated with ANNs,
thus providing practitioners with a method to quantify variables related to running

performance and monitoring fatigue in the field.

The findings of this study can also be used in relation to sports injury analysis. Accurate
estimations of knee flexion/extension angle were found, which could be employed regarding
anterior cruciate ligament (ACL) injuries. Athletes who have undergone ACL reconstruction
can have limited knee extension during running for up to one year post-surgery>2. Therefore,
monitoring this variable during rehabilitation can provide insights into an athlete’s progress.
It has also been suggested that athletes with limited knee flexion during running, jumping and
cutting tasks have a greater risk of suffering non-contact ACL injuries®, which is prevalent
among female athletes?!>. However, it must be stated that the current study only analysed the

prediction capabilities during straight line steady state running. Whether the same accuracies
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in running kinematic estimation can be achieved in jumping and multidirectional tasks remains
unclear. Yet, the present study offers the potential for practitioners to accurately measure

sagittal plane kinematics that are of interest in hip and knee injuries.

Furthermore, the methodology employed within this study utilised commercially available
software (IBM SPSS Modeler software version-22) to compute the MLP ANNs. Using this
software does not require knowledge or experience in building and training ANNs. Most sports
science and medicine university degrees teach the use of SPSS software during their research
methods modules. Thus, the methodology used within the present study is reproducible to
those sports science and medical practitioners who have undergone a university degree and

can be introduced into their daily practices.

The limitations of the present study are that output variables were specific to gait events.
Analysing joint/segment angles and velocities over the whole gait cycle would provide a more
comprehensive insight into the predictive capacity of ANNs to predict running kinematics with
data from GPS devices and anthropometric measurements. Additionally, MLPs are a simple

form of ANNSs, and greater accuracy may be achieved with more complex classes of ANNs>’.

5.5. Conclusion:

The present study explored the predictive capabilities of using ANNs with GPS-based
accelerometer data, treadmill-derived running speed and anthropometric measurements to

estimate running kinematics. Accurate estimations of joint/segment angles and peak segment
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velocities were achieved, with the highest estimation accuracy for flexion/extension angles of
the thorax, pelvis and hip, and peak thigh flexion/extension and vertical velocities. Our
findings provide sports science and medical practitioners, working with this data, a method of

conducting field-based analysis of running kinematics.
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Chapter 6: Discussion



6.1. Motive:

The motivation for this thesis was to provide sports science and medical practitioners working
with GPS devices with a set of methods to conduct biomechanical analysis of their athletes in
the field from the IMU data collected by these devices. Current approaches to predict injury
risk perform poorly with the standard variables outputted from GPS devices'?, and there is a
need for additional variables to enhance the level of insight into the physical condition of
athletes within athlete monitoring frameworks. Utilising additional assessments to
understand an athlete’s response to the training load theoretically could provide this insight.
Yet, conventional methods such as maximal performance testing’®°22 and blood
taxonomy?®2%, contain barriers (equipment costs, athlete motivation etc.) that prevent
frequent use within practice. Incorporating biomechanical analysis with GPS devices could
overcome these barriers as they can capture an athlete's movement strategies conveniently
in the field without the need for additional equipment. Furthermore, biomechanical variables
have been previously employed to measure fatigue*”:87:163, 3id in assessing injury risk>*2%3 and
used to track an athlete's progress during injury rehabilitation?12°, Therefore, displaying the

potential value of utilising biomechanical analysis as a measure of response.

6.2. Overview of IMU-derived biomechanical variables (Chapter 2):

To understand which biomechanical variables can provide insights into an individual's physical
condition, | conducted an overview of literature encompassing the practical and logistical
applications of IMUs to analyse locomotion in clinical and sporting settings (Chapter 2). This

process revealed that IMU-derived variables quantified either the quantity, rate or quality of
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locomotion. The number of steps and cadence (number of steps per minute) can accurately
measure the quantity and rate of locomotion31°>%30, The quality of locomotion can be
analysed at a basic level by measuring stance and swing times3>14°, as they allow for analysis
of the left and right limbs. For a detailed view, as seen in running analyses, the acceleration
profiles of the individual segments within the body must be captured, which can be used to
infer changes/differences in body kinematics!#>'*°, The accuracy of each variable depended
on the data processing procedures, the type of IMU employed and the mounting site of the
IMU. Stride length, distance and speed could also quantify all three aspects of locomotion,
but they had varied accuracies and required long set-up and data processing procedures36138,
Similarly, IMU measurement of joint angles had complications in longitudinal use due to errors
associated with sensor misalighment®>. However, introducing machine learning algorithms
has been shown to reduce these errors3%°7, but these developments are only recent, and
there is a lack of applied research studies in this area. Lastly, in relation to this thesis, methods
employing a single IMU sensor are favourable within the sporting environment as there is a
reduced set-up time, and they are less likely to interfere with performance than using multiple

IMUs.

The outcomes of this review provided direction into which variables can potentially be
accurately measured with the GPS-based IMU and those that can provide insights into an
individual's physical condition. The GPS devices already capture the distance and speed of
locomotion with the coordinate data; therefore, IMU-derived variables of quantity and rate
were not required. Variables characterising the quality of locomotion, though, could provide

this added insight.
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Spatiotemporal variables such as stance and swing time are correlated to biomechanical
predictors of running performance!*>'#’ and are influenced by fatigue*’. Analysing peak
accelerations of a bodily segment can inform on the changes in running kinematics and are
also associated with fatigue®%1>2, Despite the issues with field-based accuracy in linear
regression-based models, IMU estimations of joint angles can provide insight into the subtle
kinematic differences in an individual's locomotion during injury rehabilitation?%12°,
Considering the long pre-calibration and data processing procedures, IMU-derived stride
length was not a variable chosen to be included in this thesis. Instead, stride length can be
calculated by including the global positioning data (distance) divided by step count, which
emphasises the importance of detecting foot contact with GPS devices. Furthermore, by
validating the variables mentioned above, grouping athletes' running styles, as proposed in

the dual axis framework?®, would be achievable with GPS devices.

Based on the findings of the overview, three key objectives were identified:

1 To develop a method of identifying key gait events during foot contact to calculate
spatiotemporal variables of running gait with the GPS-based IMU (Chapter 3).

2 To investigate the relationship between running kinematics and the acceleration
profile of the GPS-based IMU (Chapter 4)

3 To investigate the potential of predicting running kinematics using the GPS-based

IMU, running speed and anthropometric data (Chapter 5).
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6.3. Validation of GPS-derived spatiotemporal variables (Chapter 3):

To calculate spatiotemporal variables (stance and swing time) with IMUs, it is paramount to
accurately identify gait events of initial foot contact (IFC) and terminal foot contact (TFC).
Additionally, by identifying midstance (MS), the two subphases of foot stance (impact and
propulsion) can be characterised*3. Methodologies have been validated with IMUs mounted
at the shank!?, pelvis!*3?'6 and sternum’%74 to identify IFC, MS and TFC. However, they
cannot be directly applied to the GPS-based IMUs data as the devices are mounted on the

posterior aspect of the upper trunk and changes in mounting sites can affect accuracy®®.

In this thesis (Chapter 3), a novel method of identifying IFC, MS and TFC was developed by
utilising the vertical acceleration profile of the GPS-based accelerometer. IFC and TFC were
identified through a zero cross-over method, and MS was identified as the second peak within
the acceleration profile following IFC. The advantage of this method is that it is relatively

simple to conduct compared to other methods!4°

as it does not require additional filtering of
the data post export out of the GPS software and is uniaxial. Comparisons of stance time with
those measured by the motion capture system showed GPS-measured underestimations at
running speeds of 10 — 15 km/h and overestimations of 16 — 18 km/h, similar to previous
validated methods mounting the IMUs on the sternum’2. The highest agreement between
systems was observed at running speeds of 12 km/h, 14 km/h, 15 km/h and 16 km/h.
Furthermore, errors in stance time estimations were largely associated with identifying TFC,

and the measurement of the IFC-MS time was the most accurate of the two subphases of foot

stance.
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The zero cross-over method presented within this thesis showed accurate measurements of
the characteristics of foot stance with the GPS-based accelerometer, thereby providing a
method to calculate spatiotemporal running variables. As a result, sports science and medical
practitioners can use GPS devices to categorise their athlete's running styles, as presented in
the dual axis framework*8, by measuring stance/flight time, step frequency and stride length
(GPS-derived distance + step frequency). Oeveran et al.*® proposed that these spatiotemporal
variables are associated with biomechanical predictors of running performance, and
categorising running styles may guide future research regarding training interventions and

injury prevalence.

Another important finding in this chapter was apparent when analysing the between-
participant variances in stance time estimations. The GPS method showed that the influence
of individual running styles may be characterised in the GPS-based accelerometer data. The
transfer of an underestimation of stance time to an overestimation did not occur at the same
speed for all participants. Differences in running styles can cause this, as it has been previously
shown that lower limb kinematics can influence the acceleration profile of the trunk
segment!®, Moreover, this suggests that the GPS-based IMU could provide further insights

into the differences in running styles than only analysing spatiotemporal variables.

6.4. The effects of running kinematics on the GPS acceleration profile (Chapter 4):

To understand whether the acceleration profile of the GPS devices is influenced by differences

in running kinematics, an investigation was conducted in this thesis (Chapter 4) into the effects
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of running kinematics on the peak accelerations captured by the GPS-based accelerometer.
Analysing peak accelerations of a body segment with accelerometers has been previously
employed to investigate kinematic changes in applied running-based studies®.62152.217,
Typically, the accelerometer is placed on the segment above a joint in the lower body and
changes in the joint angle will cause changes in peak accelerations during foot contact#2,
Albeit, the upper trunk has not been a mounting site previously employed in this manner and
considering the distance from the point of ground contact the GPS is, it was unclear which
joints/segments would have the largest effect on the GPS peak accelerations. Lindsey et al.®2
investigated an accelerometer mounted on the lower trunk and found significant effects of
lower limb sagittal plane kinematics. However, they analysed the magnitude of the
acceleration profile over the whole gait cycle and employed a different mounting site.
Considering the above, it was important to conduct a comprehensive investigation into which

joints/segments have the largest effects on GPS accelerations.

In order to gain insight into the intersegmental relationship between joint/segment angles
and subsequent segment velocities throughout the stance phase, two categories of kinematic
variables were included. Category one variables included joint/segment kinematics at IFC, MS
and TFC, and category two variables included peak segment velocities during impact (IFC-MS)
and propulsion (MS-TFC). A series of generalised linear mixed models were employed to
determine the size of the effect of each variable on the resultant (RES), vertical (VT), anterior-
posterior (AP) and mediolateral (ML) peak GPS-accelerometer accelerations, if they were
significant and whether the relationship was direct or inverse. Multiple speeds per participant

were included to observe inter and intra-participant variances in running kinematics.
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The outcomes of this investigation showed that the peak segment velocities had a larger effect
than the joint/segment kinematics on the RES, VT and AP peak GPS-accelerometer
accelerations. More specifically, the velocities of the shank (inverse effect) and pelvis (direct
effect) during impact (IFC-MS) had the largest effects of all variables. These findings suggest
that the attenuation properties of the surrounding joints to the shank (reduced shank velocity
= increased GPS acceleration) and the kinematics of the pelvis to maintain trunk stability
(increased pelvis velocity = increased GPS acceleration) are the two characteristics of running
style that have the largest effect on the peak RES accelerations of the GPS. Moreover, by
analysing differences between peak accelerations in the individual axis of the GPS-
accelerometer (VT, AP and ML), insights into the differences/changes in stability properties of

the pelvis/trunk segments can be achieved.

The practical applications of this investigation are that practitioners may conveniently analyse
the peak accelerations captured with the GPS devices to measure running kinematics
indirectly. Most GPS manufacturers' software calculates peak acceleration instances during a
training/game session®3, and therefore, does not require any additional data processing. RES
peak accelerations could be used to analyse the effect of training interventions employed to
improve lower limb stifness?1®21°, Additionally, by analysing the differences between VT, AP
and ML peak accelerations during a training/game session, the level of neuromuscular fatigue
affecting an athlete's trunk can also be determined®”:163, As a result, peak accelerations can
be included within a framework to categorise athletes' running styles along with

spatiotemporal variables as described previously*.
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This investigation also provided valuable information into the strength of the relationships
between running kinematics and the acceleration profiles of the GPS-based accelerometer. It
has been previously suggested that the device's mounting site was unsuitable for detecting
differences in lower limb kinematics®4. This investigation refuted these claims and showed
evidence of a relationship. This finding was pivotal in deciding the next chapter within this
thesis as it laid the foundations for investigating whether the GPS devices could be used to

estimate running kinematics directly (Chapter 5).

6.5. A novel method for predicting running kinematics (Chapter 5):

The work presented within this thesis led to the development of a number of novel methods
to measure biomechanical variables with GPS devices related to analysing the physical
condition of athletes. Spatiotemporal variables and peak accelerations offer a method to
measure an athlete's running style. Yet, these methods are indirect and do not allow for
detailed insight into individual joint/segment kinematics. Direct measurement of
joint/segment kinematics is crucial in analysing the progress of an individual's rehabilitation
from injury®?>??! and can depict discrete kinematic contributors to performance®®?4,
However, field-based measurement of joint kinematics with IMUs is practically impossible
with the conventional linear regression-based methods when applying them to team sports
athletes. This is because they require IMUs to be placed above and/or below the joint, and
movement of the sensors (which is certain during high-velocity running) during data capture

greatly reduces accuracy?’.
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Recent developments of including deep learning algorithms, such as artificial neural networks
(ANN), in the IMU data processing have shown promise in overcoming sensor misalignment
errors’?’. ANN models can detect non-linear relationships between input and output
variables®®, and accurate joint kinematics estimation was previously achieved while running
with ANNs containing IMU data3°%, Considering this and the relationships found previously
(Chapter 4) between running kinematics and the GPS accelerometer data, this thesis explored
the predictive capabilities of the data collected by the GPS-based IMU to be used within ANNs

to estimate running kinematics.

The advantage of ANNs is that they contain a training module whereby the model learns the
strength of the relationships between variables and appropriately 'weights' the importance
of each input variable®®. ANNs then test out the input variables' predictive performance in the
testing module®®. To increase the performance of the ANN model developed in this thesis, |
decided to include input variables available to sports science practitioners that had previously
demonstrated a relationship with running kinematics. Consequently, peak GPS accelerations,
stance time?%, running speed!®>!%® and athlete anthropometrics??® were selected as they met

these criteria.

The output variables chosen to be estimated were the joint/segment angles and peak
segment velocities shown in Chapter 4 to have a significant relationship with the GPS

accelerometer data. Model summaries from the testing modules of the ANNs showed the
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highest accuracies for predicting sagittal plane kinematics of the thorax, pelvis and hip at IFC
and peak thigh velocity during MS-TFC (relative root-mean-squared error < 10%). In addition,
sagittal plane knee kinematics at IFC had less error than previous studies®*°® (root-mean-
squared error = 2.47°). Although predictions of these variables were restricted to specific gait
events (IFC, MS and TFC) and not over the whole gait cycle, the results showed promising

accuracy of the GPS IMU and anthropometric data to predict running kinematics.

As previously mentioned, analysing running kinematics can be of great value to practitioners
working with athletes. In particular, the variables that could be accurately predicted i.e.
sagittal plane kinematics of the trunk, hip, and thigh, are important when evaluating running
performance®®24, Furthermore, flexion/extension angles of the hip and knee can be used to
assess injury risk®3?13, Findings from this thesis showed that all these variables can be
predicted with ANNs containing GPS and anthropometric data with different levels of
accuracy. There may be concerns with the complexity of employing ANNs in the daily practices
of sports science and medical practitioners, as it is assumed that experience in coding and
data processing is needed. However, the ANNs employed within this thesis were developed
in commercially available software (IBM SPSS Modeler software version-22) using the
multilayer perceptron class (MLP) of ANNs. Most sports science and medicine university
degrees teach the use of SPSS software, and therefore, the methods presented here are

reproducible for those practitioners who have undergone a university degree.

As a result, the novel findings of this investigation provide sports science and medical

practitioners working with GPS devices and anthropometric data with a practical method of
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conducting field-based analysis of running kinematics that can be used to measure the subtle
characteristics of an athlete's biomechanics. The high levels of accuracy achieved within this
study are notable, considering the previous issues with estimating kinematic data with a single
IMU sensor, and the method presented could be instrumental in conducting frequent

biomechanical analyses of athletes.

6.6. Concluding remarks:

In this thesis, a series of methods to conduct biomechanical analysis of running was developed
with a GPS-based IMU commonly used by team sports athletes. These newly developed data
processing and analysis techniques lay the foundations for increasing the biomechanical
understanding of athletes in the field concerning sports performance and injury occurrence.
Including biomechanical variables within athlete monitoring frameworks can provide insight
into the quality of an athlete's locomotion, thereby providing sports science and medical
practitioners with a measure of response to training load that can be explored to understand

how these variables can assess the physical condition of athletes.

The accuracy of utilising the GPS-based IMU to measure spatiotemporal variables of running,
as well as using these devices to measure running kinematics, was demonstrated within this
thesis. Applying these variables will enable the characterisation of running styles in a cohort
of athletes, which can be used in applied research studies for injury prediction modelling and
assessing the effectiveness of training interventions to improve running performance. The

impact of this thesis lies within the practicality of the methods developed to measure the
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biomechanical variables. The direct measurement of such biomechanical data needs access
to comprehensive motion capture equipment that is not feasible in real-world settings, such
as athletic performance on the pitch. All variables use the data collected within the GPS-based
IMU and do not require additional IMU sensors or motion capture technologies. The only
additional data required are anthropometric measurements and running speed when using
ANNs to estimate running kinematics, which are easily attainable. Furthermore, the data
processing procedures utilised are simple or use commercially available software, thereby
presenting to sports science and medical practitioners with reproducible methods that can

be conveniently implemented into their daily work.

6.7. Implications for practice:

The work presented in this thesis has utilised the practical experience | have accrued working
as a sports science practitioner in professional football over the past 12 years. During this
time, several considerations in implementing a successful athlete monitoring framework have
become apparent. Assessment of an athlete’s physical condition is a complex process. An
over-reliance on the measurement of training load (dose) can often lead to shortcomings as
an athlete’s activity is only captured for a small percentage of their total daily workload and
does not take into account activity away from the immediate training environment. Utilising
a dose/response model; whereby additional information is utilised to understand an athlete's
response to the training program, can provide the contextual insight needed to inform

interventions.
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As previously mentioned, there can be barriers within the football environment that prevent
the frequent use of assessments to measure an athlete’s response’®. Aside from the
equipment costs and specialised training needed, in my experience, player/coach buy-in has
the biggest influence on gaining accurate and frequent measures of response. Jump and
muscle strength testing requires allocated time away from the pitch and maximal effort from
the athletes. Likewise, subjective questionnaires count on the honest participation from the
athletes and accurate self-assessment. These assumptions are not always met as professional
football is a high-pressure and volatile environment where psychological factors can affect
the integrity of these assessments. It’s from this perspective that conducting biomechanical
analysis with GPS devices can add great value. The methods provided in this thesis allow for
an athlete’s response to training load to be measured whilst they are in their natural training
environment with minimal time cost and additional effort from the athletes. It must be stated
though, the study designs employed within this thesis were laboratory-based and the
application of GPS-based biomechanical variables is yet to be explored in a practical setting.
Therefore, it is recommended that they should be initially used in conjunction with other
methods of measuring response to understand their sensitivity to assess an athlete’s physical

condition.

Admittedly, there are other wearable systems that can provide biomechanical analysis which
have been designed for use in football. A dual IMU sensor system (Playermaker, London, UK)
is an alternative to conventional GPS devices to measure locomotion speed and distance that
also provides spatiotemporal biomechanical analysis??2°222, These devices are mounted on

each foot which is a previously validated location to mount IMUs to measure variables such
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as stance time??3. Comparisons between this system and the GPS-based IMU method were
not explored within this thesis. However, the influence of sensor placement is important
when considering other biomechanical variables. Chapters 4 & 5 showed that the upper trunk
mounting site allows for the kinematics of the lower body and trunk to be inferred and
estimated with the GPS-based IMU peak accelerations. These relationships may not be
present with a foot-mounted IMU as it will be unable to measure the attenuation of force
throughout the kinetic chain. Furthermore, differences are present between systems when
measuring running speed and distance??%222, which could deter practitioners from replacing
GPS devices with a foot-mounted IMU system. GPS devices have been used by team sports
traditionally, so there is a wealth of historical data to which retrospective analysis can be

conducted with the methods displayed in this thesis.

There are two considerations before applying the methods developed in this thesis to field-
based analysis of an athlete's biomechanics with the GPS-based IMU. Firstly, the methods are
explicit to linear steady-state running, so therefore, the running must be in a controlled
setting or periods of linear running must be filtered from the training/game session. Secondly,
the method developed to measure the spatiotemporal variables is most accurate within

running speeds of 12 — 16 km/h, which needs to be considered when conducting this analysis.

The global coordinate data collected by the GPS devices can be employed to separate periods
of linear running and between speed thresholds by applying a filter to the raw data®’. During
a football match, approximately 29.7% * 2.8% of total distance run (10943 + 935m) is between

speeds of 11 and 19 km/h?%* which is dependent on playing position and league standard??>.
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Periods of linear steady state running within these speeds may be considerably lower but
even 1% would equate to approximately 100m and 70-80 foot strikes that can be analysed.
Alternatively, a controlled running drill could be implemented into a warm up/cool down and

these instances can be manually separated within the GPS manufacturer's software.

Once the periods of straight-line running have been established, there are several
applications of the biomechanical variables in relation to sports performance and injury.
Utilising the spatiotemporal variables will allow for the characterisation of running styles
between athletes. Particularly, stance/flight time and step frequency/length can provide
insight into the running economy and force production capabilities of athletes*6:4-51,
Including the resultant peak accelerations during foot stance can also provide insight into each
athlete's lower limb stiffness characteristics, which can be used to further depict differences
in running style and/or analyse the effectiveness of training programs to enhance this physical
quality?!®. On the other hand, analysing differences between the peak accelerations within
the individual axes along with stance time*’ can be used as a proxy measure of neuromuscular
fatigue affecting the motions of the trunk, such as the musculature of the pelvis and posterior

chain?®’.

Moreover, direct estimation of running kinematics can measure the discrete changes in an
athlete's running style, which is highly valuable during an athlete's rehabilitation from injury.
Practitioners could use this analysis with athletes returning from trunk, pelvis, hip and knee
injuries to track progress or with healthy athletes to assess injury risk>*213, It could also benefit

training interventions focused on modifying trunk posture and hip kinematics to improve
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running performance®. Lastly, considering the relatively few longitudinal studies capturing
athletes’ biomechanics in the field, the practicability of the methods displayed in this thesis
will enable the identification of new relationships between these biomechanical variables and

sporting performance/injury.

6.8. Future directions:

A landmark finding of this thesis was the accuracy of applying deep learning algorithms to
estimate discrete characteristics of running kinematics with GPS-based IMU data, running
speed and anthropometric measurements. The results showed that sagittal plane kinematics
of the trunk, pelvis and hip can be determined with less than 10% error. A recommendation
for further investigations would be to increase the sample size of the dataset within the
artificial neural networks to improve the capacity of the model to estimate a wider range of
kinematic variables. Combining the data from the GPS-based IMU with a marker-less motion
capture system may be a viable option, considering the advancements in optical tracking

technologies??®.

Another application of this thesis could be to utilise the estimations of running kinematics
within further research studies to identify the running styles linked to athletes’ injury risk.
Capturing the field-based movement profiles of the trunk, pelvis, and hip would allow for the
correlation of an athlete's normative ranges with their injury history to attain insight into the
characteristics of athletes with high injury risk. A similar methodology could be used to

determine the biomechanical predictors of performance and further add to the research in
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this area®. Additionally, utilising GPS-based IMU biomechanical variables with other
measures of response or with other IMU systems (Playermaker™) in these settings, could
provide a comparative insight into the advantages gained from regularly conducting
biomechanical analysis in team sports. Establishing this will provide practitioners with the
guidance on the sensitivity of the GPS-based IMU to determine an athlete’s physical condition

and define its role within an athlete monitoring framework.

Finally, even though the variables outlined in this thesis were related to straight-line running,
this work provides scope for further investigations into quantifying multidirectional
movement with the GPS-based IMU. Providing this would allow for insights into the shuffling,
cutting and changing direction movement patterns that are so frequent in the activity profiles

of team sports athletes.
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Appendix 2: Category 1 fixed effect variables GLMM results for each dependent

variable.

Table S1: Category 1 Peak RES Accelerations GLMM results

Plane of
Motion Joint/Segment  Gait Phase F dfl | df2 | Coefficient | Sig.
FLEX/EXT ANKLE IFC 0.801 1 78 0.011 0.374
ADD/ABD ANKLE MS 0.210 1 78 -0.018 0.648
FLEX/EXT ANKLE MS 10.046 1 78 -0.077 0.002
INT/EXT ROT ANKLE MS 6.376 1 78 0.063 0.014
ADD/ABD FOOT MS 0.213 1 78 -0.023 0.646
ADD/ABD FOOT TFC 0.074 1 78 0.006 0.787
FLEX/EXT HIP IFC 7.665 1 78 -0.048 0.007
ADD/ABD HIP MS 4.752 1 78 0.060 0.032
FLEX/EXT HIP MS 0.249 1 78 0.016 0.619
FLEX/EXT HIP TFC 8.929 1 78 0.079 0.004
FLEX/EXT KNEE IFC 11.589 1 78 0.049 0.001
INT/EXT ROT KNEE IFC 2.498 1 78 -0.027 0.118
ADD/ABD KNEE TFC 1.035 1 78 -0.041 0.312
FLEX/EXT KNEE TFC 1.350 1 78 0.044 0.249
INT/EXT ROT KNEE TFC 7.394 1 78 0.052 0.008
ADD/ABD PELVIS MS 1.566 1 78 -0.059 0.215
FLEX/EXT PELVIS MS 26.417 1 78 0.225 0.000
INT/EXT ROT PELVIS TFC 1.159 1 78 0.038 0.285
FLEX/EXT SHANK TFC 6.068 1 78 -0.105 0.016
ADD/ABD THORAX IFC 2.908 1 78 0.159 0.092
FLEX/EXT THORAX IFC 5.406 1 78 0.092 0.023
INT/EXT ROT THORAX IFC 5.769 1 78 0.118 0.019
ADD/ABD THORAX MS 0.046 1 78 0.021 0.830
FLEX/EXT THORAX MS 3.657 1 78 -0.071 0.060
ADD/ABD THORAX TFC 5.521 1 78 -0.243 0.021
INT/EXT ROT THORAX TFC 7.802 1 78 -0.149 0.007
Corrected 54.181 | 26 | 78 5.167 0.000
Model

FLEX/EXT = Flexion/Extension angle; ADD/ABD = Adduction/Abduction angle; INT/EXT ROT = Internal/External Rotation angle

Table S2. Category 1 Peak VT Accelerations GLMM results

Plane of
Motion Joint/Segment  Gait Phase F dfl | df2 | Coefficient | Sig.
FLEX/EXT ANKLE IFC 0.027 1 76 0.004 0.869
ADD/ABD ANKLE MS 2.361 1 76 -0.072 0.129
FLEX/EXT ANKLE MS 18.208 1 76 -0.134 0.000
INT/EXT ROT ANKLE MS 6.116 1 76 0.074 0.016
ADD/ABD ANKLE TFC 0.138 1 76 -0.011 0.711
FLEX/EXT FOOT IFC 0.003 1 76 -0.001 0.955
ADD/ABD FOOT MS 0.023 1 76 -0.009 0.881
ADD/ABD FOOT TFC 0.263 1 76 0.013 0.610
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FLEX/EXT HIP IFC 6.735 1 76 0.057 0.011
FLEX/EXT HIP MS 0.234 1 76 -0.020 0.630
FLEX/EXT HIP TFC 0.531 1 76 0.034 0.468
ADD/ABD KNEE IFC 0.156 1 76 -0.015 0.694
FLEX/EXT KNEE IFC 1.546 1 76 -0.035 0.217
INT/EXT ROT KNEE IFC 2.547 1 76 -0.034 0.115
ADD/ABD KNEE TFC 8.669 1 76 -0.134 0.004
FLEX/EXT KNEE TFC 0.053 1 76 0.012 0.818
INT/EXT ROT KNEE TFC 0.302 1 76 0.014 0.584
INT/EXT ROT PELVIS IFC 4921 1 76 -0.146 0.030
ADD/ABD PELVIS MS 6.290 1 76 -0.132 0.014
FLEX/EXT PELVIS MS 12.961 1 76 0.189 0.001
INT/EXT ROT PELVIS TFC 4.225 1 76 0.137 0.043
FLEX/EXT SHANK TFC 1.170 1 76 -0.059 0.283
ADD/ABD THORAX IFC 3.883 1 76 -0.076 0.052
FLEX/EXT THORAX IFC 4.425 1 76 0.090 0.039
INT/EXT ROT THORAX IFC 0.537 1 76 0.044 0.466
FLEX/EXT THORAX MS 3.537 1 76 -0.081 0.064
INT/EXT ROT THORAX MS 0.458 1 76 0.042 0.501
INT/EXT ROT THORAX TFC 9.192 1 76 -0.112 0.003
Corrected 48.064 | 28 | 76 4.357 0.000
Model

FLEX/EXT = Flexion/Extension angle; ADD/ABD = Adduction/Abduction angle; INT/EXT ROT = Internal/External Rotation angle

Table S3. Category 1 Peak AP Accelerations GLMM results

Plane of
Motion Joint/Segment  Gait Phase F dfl | df2 | Coefficient | Sig.
FLEX/EXT ANKLE IFC 3.905 1 63 0.018 0.053
INT/EXT ROT ANKLE IFC 0.248 1 63 -0.010 0.620
FLEX/EXT ANKLE MS 0.157 1 63 -0.019 0.694
INT/EXT ROT ANKLE MS 4.302 1 63 0.045 0.042
FLEX/EXT ANKLE TFC 1.304 1 63 0.016 0.258
ADD/ABD FOOT IFC 0.535 1 63 -0.010 0.467
FLEX/EXT FOOT MS 0.015 1 63 -0.006 0.902
FLEX/EXT FOOT TFC 10.875 1 63 -0.026 0.002
INT/EXT ROT FOOT TFC 0.219 1 63 0.007 0.641
ADD/ABD HIP IFC 0.039 1 63 -0.004 0.843
ADD/ABD HIP MS 0.575 1 63 0.015 0.451
FLEX/EXT KNEE IFC 0.001 1 63 0.001 0.970
FLEX/EXT KNEE MS 0.079 1 63 0.014 0.780
INT/EXT ROT KNEE MS 3.035 1 63 0.026 0.086
ADD/ABD KNEE TFC 0.341 1 63 0.018 0.561
ADD/ABD PELVIS IFC 4.908 1 63 -0.092 0.030
FLEX/EXT PELVIS IFC 6.221 1 63 -0.058 0.015
INT/EXT ROT PELVIS IFC 0.363 1 63 0.019 0.549
ADD/ABD PELVIS MS 0.001 1 63 0.001 0.977
FLEX/EXT PELVIS MS 3.929 1 63 0.038 0.052
INT/EXT ROT PELVIS MS 0.470 1 63 -0.020 0.496
ADD/ABD SHANK IFC 3.471 1 63 -0.046 0.067
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FLEX/EXT SHANK IFC 0.582 1 63 -0.012 0.448
INT/EXT ROT SHANK IFC 0.498 1 63 -0.014 0.483
INT/EXT ROT SHANK TFC 0.255 1 63 0.007 0.615

FLEX/EXT THIGH MS 0.049 1 63 0.014 0.825

FLEX/EXT THIGH TFC 1.732 1 63 0.019 0.193

FLEX/EXT THORAX IFC 0.132 1 63 0.014 0.717
INT/EXT ROT THORAX IFC 1.997 1 63 0.034 0.162

ADD/ABD THORAX MS 0.249 1 63 -0.027 0.620

FLEX/EXT THORAX MS 6.238 1 63 0.063 0.015
INT/EXT ROT THORAX MS 0.708 1 63 -0.032 0.403

ADD/ABD THORAX TFC 1.628 1 63 0.064 0.207

FLEX/EXT THORAX TFC 0.859 1 63 -0.030 0.357
INT/EXT ROT THORAX TFC 0.039 1 63 -0.006 0.844

ADD/ABD TRUNK IFC 0.807 1 63 -8.071 0.372
INT/EXT ROT TRUNK IFC 0.164 1 63 2.730 0.687

ADD/ABD TRUNK MS 0.328 1 63 6.459 0.569
INT/EXT ROT TRUNK MS 1.488 1 63 5.425 0.227

ADD/ABD TRUNK TFC 0.060 1 63 1.833 0.807
INT/EXT ROT TRUNK TFC 2.764 1 63 -7.632 0.101

Corrected 56.433 | 41 | 63 1.268 0.000

Model

FLEX/EXT = Flexion/Extension angle; ADD/ABD = Adduction/Abduction angle; INT/EXT ROT = Internal/External Rotation angle

Table S4. Category 1 Peak ML Accelerations GLMM results.

Plane of
Motion Joint/Segment  Gait Phase F dfl | df2 | Coefficient | Sig.
ADD/ABD ANKLE MS 0.540 1 72 0.043 0.465
FLEX/EXT ANKLE MS 0.436 1 72 0.010 0.511
INT/EXT ROT ANKLE MS 4.689 1 72 0.029 0.034
ADD/ABD ANKLE TFC 0.003 1 72 -0.002 0.959
INT/EXT ROT ANKLE TFC 0.475 1 72 0.025 0.493
FLEX/EXT FOOT IFC 0.487 1 72 0.005 0.487
ADD/ABD FOOT MS 0.786 1 72 -0.045 0.378
FLEX/EXT FOOT MS 1.019 1 72 0.024 0.316
ADD/ABD FOOT TFC 0.006 1 72 0.004 0.941
INT/EXT ROT FOOT TFC 1.133 1 72 -0.040 0.291
ADD/ABD HIP MS 0.877 1 72 -0.013 0.352
ADD/ABD HIP TFC 0.028 1 72 0.002 0.867
INT/EXT ROT HIP TFC 0.475 1 72 0.013 0.493
ADD/ABD KNEE TFC 2.780 1 72 -0.052 0.100
FLEX/EXT KNEE TFC 0.225 1 72 -0.004 0.636
INT/EXT ROT KNEE TFC 0.234 1 72 0.034 0.630
ADD/ABD PELVIS MS 1.177 1 72 -0.028 0.282
FLEX/EXT PELVIS MS 0.032 1 72 -0.002 0.858
FLEX/EXT SHANK IFC 1.953 1 72 -0.015 0.167
ADD/ABD SHANK MS 0.320 1 72 0.035 0.573
ADD/ABD SHANK TFC 5.275 1 72 0.104 0.025
INT/EXT ROT SHANK TFC 0.063 1 72 -0.017 0.803
ADD/ABD THIGH IFC 0.443 1 72 0.012 0.508

159



FLEX/EXT THIGH TFC 4.973 1 72 0.024 0.029
INT/EXT ROT THIGH TFC 0.262 1 72 0.036 0.610
INT/EXT ROT THORAX IFC 4.177 1 72 -0.024 0.045

ADD/ABD THORAX TFC 0.723 1 72 -0.013 0.398

FLEX/EXT THORAX MS 2.725 1 72 0.010 0.103

ADD/ABD TRUNK IFC 0.937 1 72 -5.823 0.336

FLEX/EXT TRUNK IFC 0.781 1 72 -8.119 0.380

ADD/ABD TRUNK MS 0.927 1 72 5.775 0.339

FLEX/EXT TRUNK MS 0.915 1 72 8.561 0.342

Corrected 33.407 | 32 | 72 -0.796 0.000

Model

FLEX/EXT = Flexion/Extension angle; ADD/ABD = Adduction/Abduction angle; INT/EXT ROT = Internal/External Rotation angle

Appendix 3: Category 2 fixed effect variables GLMM results for each dependent

variable.

Table S5. Category 2 Peak RES Accelerations GLMM results

Plane of
Motion Segment  Gait Phase F dfl | df2 | Coefficient Sig.

ADD/ABD FOOT IFCMS 0.296 1 69 0.001 0.588
ADD/ABD FOOT MSTFC 0051 | 1 | 69 0.000 | 0.821
FLEX/EXT FOOT MSTFC 0.131 1 69 0.000 0.718
ML FOOT IFCMS 1.249 1 69 0.841 0.268

VT FOOT IFCMS 0185 | 1 |69 | -0232 |0.668
FLEX/EXT PELVIS IFCMS 7.083 1 69 -0.002 0.010
INT/EXT ROT PELVIS IFCMS 58.932 1 69 0.007 0.000
FLEX/EXT PELVIS MSTFC 17954 | 1 | 69 | -0.020 | 0.000
INT/EXT ROT PELVIS MSTFC 0.000 1 69 0.000 0.986
AP PELVIS IFCMS 58.028 | 1 | 69 5.694 | 0.000

AP PELVIS MSTFC 0.079 1 69 0.239 0.779

VT PELVIS MSTFC 0024 | 1 |69 | -0194 | 0877
ADD/ABD SHANK IFCMS 129.176 1 69 -0.029 0.000
FLEX/EXT SHANK IFCMS 0.513 1 69 -0.002 0.476
INT/EXTROT  SHANK IFCMS 6054 | 1 | 69 0.002 | 0.016
ADD/ABD SHANK MSTFC 17.843 1 69 0.016 0.000
INT/EXTROT  gHANK MSTFC | 17.866 | 1 | 69 | -0.007 | 0.000
vT SHANK IFCMS 8.084 1 69 -2.925 0.006
FLEX/EXT THIGH IFCMS 6.988 1 69 -0.007 0.010
ADD/ABD THIGH IFCMS 0599 | 1 |69 | -0.001 | 0.442
ADD/ABD THIGH MSTFC 0.012 1 69 0.000 0.914
FLEX/EXT THIGH MSTFC | 50753 | 1 | 69 0.023 | 0.000
INT/EXTROT  THIGH MSTFC 1125 | 1 | 69 [ -0.001 | 0.293
AP THIGH IFCMS 4750 | 1 |69 | -1.618 | 0.033

ML THIGH IFCMS 2990 | 1 | 69 | -2.523 | 0.088
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VT THIGH IFCMS 9.134 1 69 3.143 0.004
AP THIGH MSTFC 3919 | 1 | 69 1.213 0.052
ML THIGH MSTFC 0354 | 1 | 69 -0.953 | 0.554
VT THIGH MSTFC 0553 | 1 | 69 -0.661 | 0.460
AP THORAX IFCMS 2961 | 1 | 69 -2.055 | 0.090
VT THORAX IFCMS 9.551 1 69 3.448 0.003
AP THORAX  MSTFC 8038 | 1 | 69 -3.921 | 0.006
ML THORAX  MSTFC 16.764 | 1 | 69 -5.004 | 0.000
VT THORAX  MSTFC 6395 | 1 | 69 2.787 0.014
Corrected 720.828 | 34 | 69 1.540 0.000
Model

FLEX/EXT = Flexion/Extension angular velocity; ADD/ABD

Medial/Lateral linear velocity

Table S6. Category 2 Peak VT Accelerations GLMM results

= Adduction/Abduction angular velocity; INT/EXT ROT
Internal/External Rotation angular velocity; VT = Vertical linear velocity; AP = Anterior/Posterior linear velocity; ML

Plane of Motion ~ Segment Gait Phase F dfl | df2 | Coefficient | Sig.
ML FOOT IFCMS 1.164 1 77 0.813 0.284
VT FOOT IFCMS 2.648 1 77 0.878 0.108
ML FOOT MSTFC 0.123 1 77 -0.263 0.727
FLEX/EXT PELVIS IFCMS 2669 | 1 | 77 0.003 0.106
INT/EXT ROT PELVIS IFCMS 1.580 | 1 | 77 -0.002 | 0.213
FLEX/EXT PELVIS MSTFC | 10356 | 1 | 77 -0.015 | 0.002
INT/EXT ROT PELVIS MSTFC 7135 | 1 | 77 0.010 | 0.009
AP PELVIS IFCMS 28251 | 1 | 77 4.621 0.000
AP PELVIS MSTFC | 20643 | 1 | 77 4.226 0.000
VT PELVIS MSTFC 4242 | 1 | 77 -2.383 | 0.043
INT/EXT ROT SHANK MSTFC 0494 | 1 | 77 | -0.001 |o0.484
FLEX/EXT SHANK IFCMS 3.668 1| 77 0.007 0.059
VT SHANK IFCMS 12.028 1 77 -4.843 0.001
FLEX/EXT THIGH IFCMS 7.207 1| 77 -0.009 0.009
FLEX/EXT THIGH MSTFC 13.276 1| 77 0.011 0.000
INT/EXT ROT THIGH MSTFC 1290 | 1 | 77 0.002 0.260
ADD/ABD THIGH IFCMS 1.099 | 1 | 77 | -0.002 | 0.298
AP THIGH IFCMS 9691 | 1 | 77 | -2.322 | 0.003
ML THIGH IFCMS 0557 | 1 | 77 | -1521 | 0.458
VT THIGH IFCMS 15.197 | 1 | 77 5.872 0.000
VT THIGH MSTFC | 15551 | 1 | 77 | -3.043 | 0.000
AP THORAX  IFCMS 21838 | 1 | 77 | -8.697 | 0.000
AP THORAX  MSTFC 3289 | 1 | 77 | -3362 | 0.074
ML THORAX  MSTFC 6072 | 1 | 77 | -3362 | 0.016
VT THORAX  MSTFC | 21601 | 1 | 77 5.061 | 0.000
VT THORAX  IFCMS 2084 | 1 | 77 2.802 | 0.088
Corrected Model 149.788 | 26 | 77 0.448 0.000

FLEX/EXT = Flexion/Extension angular velocity; ADD/ABD

Medial/Lateral linear velocity

Table S7. Category 2 Peak AP Accelerations GLMM results

= Adduction/Abduction angular velocity; INT/EXT ROT
Internal/External Rotation angular velocity; VT = Vertical linear velocity; AP = Anterior/Posterior linear velocity; ML

Plane of

Motion Segment  Gait Phase F dfl | df2 | Coefficient Sig.
ADD/ABD FOOT MSTFC 3.211 1 77 0.002 0.077
FLEX/EXT FOOT IFCMS 0035 | 1 |77 | 0.000 | 0853
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INT/EXT ROT FOOT MSTFC 9.761 1 77 -0.004 0.003
VT FOOT IFCMS 0146 | 1 | 77 | -0.188 | 0.703

AP FOOT MSTFC | 17.064 | 1 | 77 | -0.497 | 0.000

ML FOOT MSTFC | 25.803 | 1 | 77 | 2314 | 0.000

VT FOOT MSTFC 2754 | 1 | 77 | -0419 |o0.101
INT/EXTROT  pgLvis IFCMS 4280 | 1 |77 | 0001 | 0.042
FLEX/EXT PELVIS MSTFC | 10.811 | 1 | 77 0.007 | 0.002
INT/EXTROT  pgLvis MSTFC 1162 | 1 [ 77 | 0002 |o0.284
AP PELVIS IFCMS 0364 | 1 |77 | -0270 | 0.548

ML PELVIS IFCMS 0167 | 1 | 77| -0322 | o0.684

AP PELVIS MSTFC 2723 | 1 | 77 | -0.818 | 0.103

ML PELVIS MSTFC 2735 | 1 | 77 | -1356 | 0.102
FLEX/EXT SHANK MSTFC 1013 | 1 [ 77 | -0001 |o0317
ML SHANK MSTFC 2777 | 1 | 77| -1160 | 0.100

AP SHANK IFCMS 0426 | 1 |77 | -0130 |0.516
INT/EXTROT  THIGH IFCMS | 2097 | 1 | 77 | 0.03 | 0.000
ADD/ABD THIGH MSTFC 1206 | 1 | 77 | 0001 |[0.275
FLEX/EXT THIGH MSTFC | 13.545 | 1 | 77 | 0.004 | 0.000
AP THIGH IFCMS 0.008 | 1 | 77 0.037 | 0.930

vT THIGH IFCMS 0.006 1 77 -0.037 0.939

ML THIGH MSTFC 2816 | 1 | 77 1.760 | 0.097

AP THORAX IFCMS | 22.669 | 1 | 77 | 4.412 | 0.000

VT THORAX IFCMS | 40150 | 1 | 77 | 3.336 | 0.000

ML THORAX  MSTFC [ 12792 | 1 | 77 2.872 | 0.001
Corrected 53.932 | 26 | 77 0.138 0.000

Model

FLEX/EXT = Flexion/Extension angular velocity; ADD/ABD =

Table S8. Category 2 Peak ML Accelerations GLMM results.

Adduction/Abduction angular velocity; INT/EXT ROT
Internal/External Rotation angular velocity; VT = Vertical linear velocity; AP = Anterior/Posterior linear velocity; ML
Medial/Lateral linear velocity

Plane of

Motion Segment  Gait Phase F dfl | df2 | Coefficient | Sig.
FLEX/EXT FOOT IFCMS 0.370 1 76 0.000 0.545
ADD/ABD FOOT MSTFC 9.472 1 76 0.002 0.003
INT/EXT ROT FOOT MSTFC 34.960 1 76 -0.005 0.000
INT/EXT ROT FOOT IFCMS 27337 | 1 76 -0.003 0.000
ADD/ABD FOOT IFCMS 19.251 1 76 0.003 0.000
VT FOOT IFCMS 4.126 1 76 0.421 0.046
ML FOOT MSTFC 0.579 1 76 0.130 0.449
ADD/ABD PELVIS IFCMS 1.528 1 76 -0.001 0.220
INT/EXTROT  pgLvis IFCMS 0310 | 1 | 76 | 0.000 | 0.580
ADD/ABD PELVIS MSTFC | 16599 | 1 | 76 | 0.004 | 0.000
INT/EXTROT  pgLvis MSTFC | 1554 | 1 | 76 | 0.001 | 0.216
AP PELVIS MSTFC 1.617 1 76 -0.302 0.207
ML PELVIS MSTFC | 14879 | 1 | 76 | -1.769 | 0.000
ADD/ABD SHANK IFCMS 49.245 | 1 76 -0.009 0.000
FLEX/EXT SHANK IFCMS 3291 | 1 | 76 | -0.002 | 0.074
ADD/ABD SHANK MSTFC 1.249 1 76 0.001 0.267
FLEX/EXT SHANK MSTFC | 1710 | 1 | 76 | 0.000 | 0.195
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INT/EXTROT  SHANK MSTFC | 3193 | 1 | 76 | 0.002 | 0.078
VT SHANK IFCMS 0702 | 1 | 76 0.245 | 0.405
ADD/ABD THIGH IFCMS 2788 | 1 | 76 | -0.001 | 0.099
ADD/ABD THIGH MSTFC | 2199 | 1 | 76 | 0.001 | 0.142
FLEX/EXT THIGH MSTFC [ 15719 | 1 | 76 | 0.004 | 0.000
INT/EXTROT  THIGH MSTFC | 12536 | 1 | 76 | -0.002 | 0.001
ML THIGH IFCMS 2087 | 1 | 76 | -0.806 | 0.153

ML THIGH MSTFC | 0005 | 1 | 76 | -0.032 | 0.944

ML THORAX  IFCMS 3922 | 1 | 76 0.971 | 0.051

VT THORAX  IFCMS 3900 | 1 | 76 | 0721 | 0.052
Corrected 55.376 | 27 | 76 0.612 0.000

Model

FLEX/EXT = Flexion/Extension angular velocity; ADD/ABD = Adduction/Abduction angular velocity; INT/EXT ROT
Internal/External Rotation angular velocity; VT = Vertical linear velocity; AP = Anterior/Posterior linear velocity; ML
Medial/Lateral linear velocity

Appendix 4: Comparison between the actual and predicted peak accelerometer

accelerations from each GLMM.

Table S9. Actual Peak RES Accelerations vs GLMM predicted for Category 1 &2 variables.

Category 1 GLMM variables Category 2 GLMM variables
Speed Actual Predicted Difference Lower 95% Upper 95% Predicted Difference Lower 95% Upper 95%
(8) (g) (8) LOA (g) LOA (g) (e) (8) LOA (g) LOA (g)
kr:’lrf;h 3.964 3.987 0.023 -0.50 0.55 3.973 0.009 -0.53 0.54
kri\l/h 4.096 4.079 -0.017 -0.28 0.25 4.058 -0.038 -0.48 0.41
kri\z/h 4.192 4.233 0.041 -0.48 0.56 4.229 0.037 -0.21 0.28
k:j;h 4.414 4.407 -0.007 -0.36 0.34 4.381 -0.033 -0.83 0.76
k::}h 4.439 4.470 0.031 -0.21 0.28 4.471 0.033 -0.32 0.39
k:15/h 4.534 4.480 -0.054 -0.40 0.29 4.517 -0.017 -0.21 0.17
k:16/h 4.609 4.644 0.035 -0.25 0.32 4.679 0.070 -0.26 0.40
k:17/h 4.651 4.564 -0.088 -0.62 0.44 4.625 -0.026 -0.54 0.48
kri\g/h 4.754 4.741 -0.013 -0.64 0.62 4.750 -0.005 -0.08 0.07
AVG 4.406 4.401 -0.005 -0.416 0.405 4.409 0.003 -0.383 0.389
STDev | 0.806 0.759 0.216 0.155 0.140 0.785 0.217 0.230 0.204

Table S10. Actual Peak VT Accelerations vs GLMM predicted for Category 1 & 2 variables.
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Category 1 GLMM variables Category 2 GLMM variables
speed Actual Predicted Difference Lower 95% Upper 95% Predicted Difference Lower 95% Upper 95%
P (g) (g) (g) LOA (g) LOA (g) (g) (g) LOA (g) LOA (g)
krish 3.768 3.799 0.031 -0.60 0.67 3.880 0.112 -0.53 0.75
kriwl/h 3.893 3.898 0.005 -0.23 0.24 3.891 -0.003 -0.03 0.02
kr112/h 3.962 4.004 0.042 -0.48 0.57 3.973 0.011 -0.39 0.41
krf}h 4.199 4.126 -0.072 -0.47 0.33 4.206 0.007 -0.75 0.76
kri:}h 4.174 4.197 0.023 -0.35 0.39 4.207 0.033 -0.57 0.63
kriws/h 4.259 4.174 -0.086 -0.51 0.34 4.188 -0.071 -0.78 0.63
krif;h 4.284 4.359 0.075 -0.41 0.56 4.416 0.132 -0.44 0.70
krf/h 4.308 4.199 -0.109 -0.60 0.39 4.338 0.030 -0.66 0.72
k::jh 4.416 4.413 -0.003 -0.64 0.63 4.262 -0.154 -1.01 0.70
AVG 4.140 4.130 -0.010 -0.478 0.457 4.151 0.011 -0.571 0.593
STDev 0.872 0.841 0.245 0.131 0.150 0.822 0.319 0.278 0.238
Table S11. Actual Peak AP Accelerations vs GLMM predicted for Category 1 & 2 variables.
Category 1 GLMM variables Category 2 GLMM variables
speed Actual Predicted Difference Lower 95% Upper 95% Predicted Difference Lower 95% Upper 95%
P (g) (g) (g) LOA (g) LOA (g) (g) (g) LOA (g) LOA (g)
k:w(;h 1.356 1.351 -0.004 -0.14 0.13 1.340 -0.016 -0.28 0.25
k:11/h 1.384 1.375 -0.010 -0.12 0.10 1.393 0.009 -0.20 0.21
k:wz/h 1.436 1.440 0.003 -0.16 0.17 1.413 -0.024 -0.22 0.17
k:13/h 1.452 1.498 0.046 -0.22 0.31 1.477 0.024 -0.21 0.25
kr:}h 1.543 1.558 0.015 -0.20 0.24 1.547 0.004 -0.14 0.14
k:15/h 1.618 1.608 -0.009 -0.10 0.09 1.647 0.030 -0.17 0.23
k:f;h 1.709 1.687 -0.022 -0.18 0.13 1.651 -0.058 -0.28 0.16
kr:‘lr-17/h 1.722 1.729 0.007 -0.14 0.15 1.737 0.015 -0.22 0.25
k:wg/h 1.738 1.743 0.006 -0.14 0.16 1.739 0.001 -0.17 0.18
AVG 1.551 1.554 0.004 -0.155 0.162 1.549 -0.002 -0.209 0.206
STDev | 0.446 0.438 0.084 0.038 0.069 0.435 0.107 0.048 0.043
Table S12. Actual Peak ML Accelerations vs GLMM predicted for Category 1 & 2 variables.
Category 1 GLMM variables Category 2 GLMM variables
speed Actual Predicted Difference Lower 95% Upper 95% Predicted Difference Lower 95% Upper 95%
P (g) (g) (g) LOA (g) LOA (g) (g) (g) LOA (g) LOA (g)
kri(;h 0.773 0.771 -0.002 -0.19 0.19 0.766 -0.006 -0.08 0.06
kr111/h 0.768 0.800 0.032 -0.19 0.26 0.806 0.038 -0.16 0.23
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km/h 0.844 0.849 0.005 -0.13 0.13 0.839 -0.006 -0.06 0.04
krf}h 0.907 0.885 -0.022 -0.16 0.11 0.915 0.009 -0.03 0.05
kr::}h 0.958 0.956 -0.001 -0.17 0.17 0.957 -0.001 -0.19 0.19
kris/h 0.977 0.970 -0.007 -0.13 0.12 0.991 0.013 -0.14 0.17
k:16/h 1.045 1.046 0.001 -0.16 0.16 1.040 -0.005 -0.21 0.20
k:17/h 1.076 1.057 -0.019 -0.14 0.11 1.060 -0.016 -0.22 0.19
kr118/h 1.164 1.076 -0.088 -0.41 0.23 1.129 -0.035 -0.32 0.25
AVG 0.946 0.934 -0.011 -0.186 0.164 0.945 -0.001 -0.155 0.153
STDev | 0.269 0.255 0.096 0.086 0.053 0.258 0.087 0.091 0.080
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