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A support vector machine algorithm can successfully classify 
running ability when trained with wearable sensor data from 
anatomical locations typical of consumer technology
Joshua Autton Carter , Adrian Rodriguez Rivadulla and Ezio Preatoni

Department for Health, University of Bath, Bath, UK

ABSTRACT
Greater understanding of differences in technique between runners 
may allow more beneficial feedback related to improving perfor-
mance and decreasing injury risk. The purpose of this study was to 
develop and test a support vector machine classifier, which could 
automatically differentiate running technique between experienced 
and novice participants using only wearable sensor data. Three- 
dimensional linear accelerations and angular velocities were collected 
from six wearable sensors secured to current common smart device 
locations. Cross-validation was used to test the classification accuracy 
of models trained with a variety of combinations of sensor locations, 
with participants running at different speeds. Average classification 
accuracies ranged from 71.3% to 98.4% across the sensor combina-
tions and running speeds tested. Models trained with only a single 
sensor location still showed effective classification. With the models 
trained with only upper arm data achieving an average accuracy of 
96.4% across all tested running speeds. A post-hoc comparison of 
biomechanical variables between the two subgroups showed signifi-
cant differences in upper body biomechanics throughout the stride. 
Both the methodology used to perform the classifications and the 
biomechanical differences identified could prove useful when aiming 
to shift a novice runner’s technique towards movement patterns 
more akin to those with greater experience.
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Introduction

Distance running is one of the most popular forms of physical activity worldwide. Its 
‘unorganised’ nature lends itself to recreational participation on top of the more compe-
titive athletes partaking in the sport. For runners, coaches, and running technology 
manufacturers, there is great interest in exploring how running performance can be 
optimised whilst guaranteeing healthy participation. Alongside physiological factors, 
running technique is known to be determinant for running performance and injury 
risk (Moore, 2016). Indeed, trained athletes are known to have movement patterns 
different from those with less running experience (Clermont et al., 2019). Running 
technique is an important focus of running training and there are multiple studies 
showing how training programmes can be effectively implemented to optimise lower 
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body running kinetics, kinematics, and spatiotemporal factors (Napier et al., 2015) for 
better performance and lower injury risk (Crowell & Davis, 2011). However, thorough 
running technique analyses can be costly and are not accessible to most runners.

Traditional lab-based analysis typically involves a motion capture system, combined 
with force plates or an instrumented treadmill, to obtain kinematic and kinetic informa-
tion about a runner’s technique. Conclusions about an individual’s running technique 
are then often made by evaluating pre-defined summary metrics and discrete variables. 
For example, previous studies have identified that experienced runners self-select a stride 
frequency significantly closer to their physiological optimum than novice runners (De 
Ruiter et al., 2014) and more physiologically efficient runners demonstrate lower levels of 
vertical oscillation of the centre of mass and less knee flexion at push-off (Moore et al., 
2012; Williams & Cavanagh, 1987). More recently, wearable technologies such as inertial 
measurement units (IMUs) are becoming more commonly used for the purpose of 
running technique analysis. The small size and relative affordability that they provide 
have allowed for integration into commercially available technology. In contrast to lab- 
based techniques, wearable technologies more easily allow uninterrupted gait data to be 
collected in a ‘real world’ environment for a greater number of strides than that typically 
possible within a lab. However, the nature of the variables typically collected by wearables 
(e.g. linear acceleration, angular velocity, orientation), the large volumes of data col-
lected, and the lack of control over measurement and environmental conditions can 
make interpretation more challenging compared to traditional motion capture analysis.

Machine learning techniques have proven to be effective at making sense of the large 
and multidimensional datasets that can be collected by wearable technology (Halilaj et al., 
2018). For instance, Clermont et al. (2019) used a Support Vector Machine classifier 
(SVM) to identify runners as belonging to a ‘competitive’ or ‘recreational’ group, using 
three-dimensional accelerations from a single Inertial Measurement Unit (IMU) attached 
to the sacrum. Participants running at their preferred speed on a treadmill were correctly 
classified with 82.6% and 80.4% accuracy for the male and female group, respectively. The 
results of such a classifier could be used to direct novice runners towards movement 
patterns more commonly seen within experienced runner groups, in an attempt to better 
their running economy (Folland et al., 2017). The benefits of the same model for a more 
experienced runner may focus around the tracking of technique consistency over time.

Clermont et al. (2019) classified competitive and recreational runners using pre-selected 
discrete values calculated from accelerometer waveforms, which are related to the regularity 
and symmetry of the signal. Using pre-selected features (e.g., average stride time) as the 
input for a machine learning model can allow for greater transparency between an 
individual’s movement patterns and their running subgroup, as the pre-constructed metric 
may be more intuitive to understand. However, this methodology can encourage reinforce-
ment of predetermined theory and limit the possibility of identifying previously under-
explored running technique factors. Alternatively, automatic feature extraction methods 
can be used to reduce the number of dimensions in a large dataset. These methods can 
remove redundancy within the data and explain the most variation within the original 
dataset through the creation of synthetic variables. Principal component analysis (PCA) is 
one example of this approach that has commonly been used within biomechanics 
(Clermont et al., 2017; Phinyomark et al., 2014). PCA is a dimensionality reduction 
method; it constructs new variables orthogonal to each other, which account for the 
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most variance within the original dataset. Also, Clermont et al. (2019) only collected data 
from the sacrum. Whilst this position is a plausible location for a wearable sensor, ‘body 
worn’ sensors have been found to be used by only 5.8% and 4.2% of recreational and 
competitive runners, respectively. However, wrist-based sensors are used by 71.3% of 
recreational and 82.4% of competitive runners (Clermont et al., 2020). With the over-
arching target to provide accurate technique analysis to as many runners as possible, the 
integration into commonly used wearable technologies is crucial. Therefore, the compar-
ison and combination of the data collected from a range of commercially available sensor 
locations is required to drive the results of these lab-based research studies into the field.

The purpose of this study was to develop and test a Support Vector Machine classifier, 
which could automatically differentiate running technique between experienced and 
novice participants, using only wearable sensor data. The primary hypothesis of this 
study was therefore that the classification algorithm would be able to successfully 
distinguish between wearable sensor data collected from experienced and novice runners, 
due to systematic biomechanical differences between the two groups. Multiple sensor 
locations and sensor combinations were also analysed to find the best compromise 
between minimal hardware requirements and high classification accuracy. A secondary 
objective of this study was to evaluate the biomechanical differences between the two 
subgroups that allowed for successful classification, under the hypothesis that biomecha-
nical differences between experienced and novice runners would exist.

Methods

Twenty healthy males (Table 1) participated in this study. Ten were categorised as experi-
enced runners (height: 178.6 ± 7.1 cm, mass: 69.2 ± 6.6 kg, age-graded performance: 
75.12 ± 5.25%, mean ± standard deviation), deemed eligible for the study if they had 
completed a 10 km race time in under 40 minutes within the last year and if they were 
currently running a weekly average of over 25 km. Age graded percentage is a metric used to 
evaluate a runner’s performance relative to the world record at a given distance for their age 
group and sex, allowing for comparison between different individuals or populations (Grubb, 
2020). The other ten participants were categorised as novice runners (height: 180.4 ± 6.8 cm, 
mass: 80.3 ± 7.6 kg). In line with previous studies, these novices were recreationally active but 
were recruited based off the lack of any prior involvement in distance running training (De 
Ruiter et al., 2014). All participants had been injury free for the last six months, were informed 
of the relevant experimental details, and signed informed consent prior to data collection. 
This study was completed in accordance with the recommendations of the University of Bath 
Research Ethics Approval Committee for Health.

Table 1. Participant characteristics, values reported as mean ± one standard deviation. 
P value reported is the result from an independent t-test (†) or Mann–Whitney U test (‡).

Experienced (n = 10) Novice (n = 10) P

Age 35 ± 10 24 ± 4 0.007*‡
Mass (kg) 69.2 ± 6.6 80.3 ± 7.6 0.003*†
Height (cm) 178.6 ± 7.1 180.4 ± 6.8 0.578†
Weekly distance (km) 46 ± 25
10 km Time 36:32 ± 2:18
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Data collection

Each participant completed the full data collection process within one lab visit. The data 
collection procedure consisted of three bouts of treadmill running, all lasting 4 min 
(Powerjog JX200, Ultimate Fitness, Leeds). In line with previous literature the treadmill 
was set to a 1% gradient to reflect the energy cost of overground running (Jones & Doust, 
1996). A one-minute period of standing rest was given between each bout to minimise the 
influence of fatigue as a confounding factor. The speed of the treadmill was increased 
between each bout, starting at 10 km/h before being increased to 11 km/h and 12 km/h for 
the second and third bouts respectively. These speeds were chosen to minimise the chances 
of the experienced athletes running considerably below their comfortable speed while also 
avoiding the introduction of fatigue within the novice runners, as both of which could have 
led to ‘unnatural’ gait. Novice runners were provided with an additional warm-up period 
consisting of 4 min of treadmill running at 9 km/h, also serving as an opportunity for the 
novices to familiarise themselves with getting on and off the moving treadmill belt. Novice 
runners then had a one-minute recovery period before the start of the data collection.

Prior to data collection six Delsys Trigno units (Delsys, Massachusetts, USA) were 
securely attached to the posterior right wrist, lateral right upper arm, posterior T10 of the 
spine, sacrum, tibial tuberosity, and lateral aspect of the right foot using medical adhesive 
spray and double-sided tape (Figure 1). These landmarks were chosen with the aim to 
replicate the location of widespread consumer technology containing embedded IMU’s 
(e.g., smartphones, smartwatches, shoe sensors) or the most common areas where 
wearable sensors are used in running research. The wearable units embed triaxial 
accelerometers and gyroscopes and were able to synchronously communicate with the 
system base station via Bluetooth Low Energy (BLE) wireless protocol ensuring an 

Figure 1. Location and orientation of the six Delsys Trigno inertial measurement unit sensors on the 
participant.
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acquisition rate of 370.37 Hz. Three-dimensional linear accelerations and gyroscopic 
angular velocities were captured with measurement ranges of ± 16 g and ± 2000°/s 
respectively. All participants wore their preferred running shoes during data collection.

Data processing

The data from all six channels (three linear accelerations and three angular velocities) were 
extracted from each of the six sensors (i.e., a total of 36 channels) using custom MATLAB 
scripts (MATLAB R2019a, MathWorks Inc., Massachusetts, USA). The first and last 
10 seconds of all waveform data were removed to ensure that all trials were made up of 
uninterrupted and natural running gait. Acceleration data from the foot sensor were used 
to identify right foot-strikes, as per the methodology described by Benson et al. (2019). The 
timing of these foot-strikes were then used to segment the continuous waveforms into 
individual strides. Every stride was then resampled to the constant value of 300 data points 
(average stride was 266 ± 10 data points, mean ± standard deviation) using a Fourier 
transformation approach, as per the ‘resample’ function within the python package ‘scipy’ 
(SciPy 1.5.0, https://www.scipy.org). Every five consecutive strides were then averaged to 
form a single, more consistent, waveform (Benson et al., 2018). For each running speed, 
a single matrix was created that vertically concatenated data from all twenty participants 
and horizontally concatenated data from all sensor channels (Figure 2). Each row vector in 
this matrix was labelled as belonging to an experienced or novice runner and each column 
vector represented a ‘variable’. These two elements were the primary inputs for the PCA 
feature extraction. The selected principal components outputted from the feature extrac-
tion where then used to train and test the SVM classifier.

Data from each experienced runner were systematically paired with data from 
a participant within the novice group, to create ten approximately equally sized two- 
dimensional matrices that formed the folds for 10-fold cross-validation (James et al., 
2013). Within each iteration of the 10-fold cross-validation nine participant pairs formed 
the training data and the remaining pair was used to test the model’s accuracy. This 
process ensured that the entirety of a participant’s data remained only within either the 
training or validation dataset and guaranteed an equal number of novice and experienced 
runners in each dataset. This split was done prior to standardisation and feature extrac-
tion to maintain the integrity of the validation dataset and replicate conditions upon 
‘real-world’ implementation of the classifier. Prior to feature extraction the training set 
was standardised to z-scores, the mean and standard deviation values from the training 
set were then used to also scale the validation set to z-scores. PCA was then performed on 
this two-dimensional matrix. PCA is a process used to summarise a large dataset of 
correlated variables into a smaller set of ‘synthetic’ variables, created to explain large 
amounts of variance in the original data (James et al., 2013). These ‘synthetic’ variables 
(principal components) were combined with labels, detailing whether each data row 
belonged to a novice or experienced runner, and this formed the input for the Support 
Vector Machine (SVM) training and testing. A SVM is a supervised machine learning 
algorithm that is commonly used within binary classification problems. The algorithm 
aims to identify a hyperplane that maximally separates the N-dimensional data from the 
two sub-groups (James et al., 2013), in this case creating a boundary that separates the 
novice from the experienced runner data.

SPORTS BIOMECHANICS 5
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Figure 2. The process used to combine multiple IMU waveforms into a data matrix. Data were 
collected from six sensors with each sensor recording on six channels. Each ‘stride’ waveform collected 
from a single sensor was resampled to 300 data points. Therefore, for each running speed a matrix 
with 10,800 columns was created (300 x 6 × 6). The number of rows in the final matrix was dependent 
on the number of strides of each participant. This two-dimensional matrix was the input for the 
feature extraction method, Principal Component Analysis (PCA).
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Data analysis

The same coefficients used to project the training data onto their respective principal 
components were then used to perform the transformation of the validation dataset. 
The model accuracy was assessed by calculating the percentage of data rows within 
the validation dataset that were correctly identified by the model. Overall model 
accuracy was taken as the mean accuracy from all ten folds. A grid search approach 
was used to search for the set of hyperparameter inputs which produced the highest 
classification accuracy for each model. The four hyperparameters iterated through 
were: the number of principal components carried from PCA into model creation and 
evaluation, the kernel used to transform input data to another feature space (linear, 
polynomial, or radial basis function transformation), the SVM tuning parameter ‘C’ 
which influences the size of the margin being used to separate data from the two 
groups, and the SVM ‘gamma’ value that influences the magnitude of effect each data 
point has on the model (James et al., 2013)

Statistics

The participant characteristics of the two running subgroups were compared to identify 
any statistically significant differences between the novice and experienced populations 
that may have influenced classification results. An independent t-test was used to per-
form the comparisons and significance was accepted at P < 0.05. All data processing and 
analysis were performed using custom scripts in Python (Python 3.7, Python Software 
Foundation, Wilmington, USA) which utilised functions from the external scikit-learn 
library (scikit-learn 0.23.0, https://scikit-learn.org). Statistical Parametric Mapping ana-
lysis (SPM) was used to identify at which point within the stride there were statistically 
significant differences between the average novice and experienced runner movement 
patterns. Open-source Python code (Pataky et al., 2016) was used to perform 
a 1-dimensional independent two-tailed t-test between selected acceleration or angular 
velocity waveforms. Data from all six channels of the two sensors that allowed for the 
highest model classification accuracies were selected for SPM waveform analysis. The 
input for these analyses were an average waveform for each participant, calculated by 
averaging all of an individual’s rows of data for a single running speed. Significance 
between groups was accepted when the SPM{t} value exceeded the critical threshold 
(α = 0.05) at any of the normalised time points within the full gait cycle. When the critical 
threshold was exceeded, this meant that identically smooth random 1D data would 
produce clusters of that breadth with a probability of p < 0.05. If differences were 
found, the start and endpoint of the cluster were reported with respect to the percentage 
of gait cycle at which they occurred.

Results

Anthropometric comparisons between the novice and experienced groups are shown in 
Table 1. On average, novices were 11 years younger (t = −3.032, p = 0.007) and 11.1 kg 
heavier (t = 3.497, p = 0.003) than the experienced runners but there were no significant 
differences between the two subgroups height (t = 0.567, p = 0.578).

SPORTS BIOMECHANICS 7
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Classification accuracy

Due to the sacrum sensor falling off two participants during the 11 and 12 km/h 
running trials, sacrum sensor data were only used for the classifiers trained with 
10 km/h running data. Several sensor combinations were able to classify novice and 
experienced runners’ data with an accuracy of over 90% and model performance 
remained similar across different speeds (Figure 3). The highest classification accu-
racy was achieved by combining data from the T10 and upper arm sensors (overall: 
98.4 ± 4.2%, 10 km/h: 98.6 ± 3.0%, 11 km/h: 97.1 ± 8.7% and 12 km/h: 99.4 ± 1.1%). The 
most successful single sensor models also used data coming from the upper arm (overall 
98.3 ± 3.7%, 10 km/h: 98.3 ± 3.7%, 11 km/h: 94.2 ± 13.4%, 12 km/h: 96.8 ± 8.1%) and 
T10 (82.9 ± 21.1%, 10 km/h: 83.0 ± 21.7%, 11 km/h: 82.9 ± 20.5%, 12 km/h: 
82.8 ± 21.3%). The classification performance achieved by the other models trained 
with data from only a single sensor location were lower and less consistent than that of 
the upper body (Figure 4).

Figure 3. Accuracy with which the machine learning model could classify novice and experienced 
runners’ data. Classification accuracy value reported is the average accuracy achieved by the Support 
Vector Machine model following 10-fold cross validation. Individual scatter points show the classifica-
tion result achieved by the model in each of the ten folds of cross fold validation. All models shown 
combine data from multiple sensor locations.
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As the highest performing single sensor model the average waveform data collected 
from the lateral aspect of upper arm was analysed further. When comparing the move-
ment of the upper arm between the experienced and novice runners throughout the 
stride, there were significant differences seen in all three dimensions (Figure 5). In 
particular, the experienced runners rotated their upper arm around the antero- 
posterior axis at a greater velocity at four large periods within the stride. These statisti-
cally significant clusters ranged from 2% to 17% (p < 0.001), 25–32% (p = 0.003), 49–58% 
(p = 0.001), and 69–87% (P < 0.001) of the stride, with a critical t-value of 3.743. The 
experienced runner group also showed a smaller standard deviation in their movement 
patterns in comparison to the novice group.

As the second highest performing sensor the same SPM analysis was completed on the 
T10 data (Figure 6). Experienced runners showed a greater level of antero-posterior 
trunk deceleration in the middle of each stance phase, relating to 19–27% (P < 0.001) and 
70–78% of the stride, with a critical t value of 4.120.

Discussion and implications

The main purpose of this study was to develop and test a classification algorithm that could 
successfully identify experienced and novice runners based off wearable sensor data. The 
findings from this study suggest that movement patterns typical of experienced and novice 
runners can be distinguished with high accuracy using only data collected from wearable 

Figure 4. Accuracy with which the machine learning model could classify novice and experienced 
runners’ data. Classification accuracy value reported is the average accuracy achieved by the Support 
Vector Machine model following 10-fold cross validation. Individual scatter points show the classifica-
tion result achieved by the model in each of the ten folds of cross fold validation. All models shown 
were trained with data from only one sensor location.
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Figure 5. The average linear acceleration and angular velocity of the upper arm sensor in all three 
dimensions during 10 km/h running. The red line indicates the average data from all ten novice 
runners and the surrounding shaded area shows ± one standard deviation. The blue line indicates the 
average data from all ten experienced runners and the surrounding shaded area shows ± one standard 
deviation. The grey bands indicate clusters of significance identified by the statistical parametric 
mapping unpaired t-test comparison (P < 0.05). The P value is reported on the figure for all clusters 
that spanned more than 1% of the stride. For the upper arm sensor the X-axis ran in the anteroposter-
ior direction, the Y-axis ran in the vertical direction, and the Z-axis ran in the mediolateral direction.
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Figure 6. The average linear acceleration and angular velocity of the T10 sensor in all three dimensions 
during 10 km/h running. The red line indicates the average data from all ten novice runners and the 
surrounding shaded area shows ± one standard deviation. The blue line indicates the average data from all 
ten experienced runners and the surrounding shaded area shows ± one standard deviation. The grey bands 
indicate clusters of significance identified by the statistical parametric mapping unpaired t-test comparison 
(P < 0.05). The P value is reported on the figure for all clusters that spanned more than 1% of the stride. For 
the T10 sensor the X-axis ran in the mediolateral direction, the Y-axis ran in the vertical direction, and the Z- 
axis ran in the anteroposterior direction.
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sensors. Nineteen of the 41 machine learning (Support Vector Machine) models tested 
across varying running speeds and sensor combinations within this study showed 
a classification accuracy of over 90%. The best performing model in this study combined 
data from the T10 and upper arm sensors achieving an average classification accuracy of 
98.4 ± 4.2%. The effectiveness of data from these sensors carried over into models trained 
with only single sensor data, with the upper arm (96.4 ± 8.4%) and T10 (82.9 ± 21.1%) 
models both achieving high classification accuracies. The single sensor models improve on 
the accuracies reported by Clermont et al. (2019) when using accelerometer data collected 
from the sacrum to perform the same classification task. Further SPM analyses of the linear 
acceleration and angular velocity signals collected by the upper arm and T10 sensors 
revealed that experienced runners exhibited a more dynamic pattern of their upper arm 
in several phases throughout the stride and in the anteroposterior direction at the T10.

Due to the relative ease with which wearable sensors can collect continuous running 
data within a ‘real world’ training environment, future developments on the methodol-
ogy presented in this study could be used to monitor a runner’s training progression over 
time. For less experienced runners the combination of the classification result and 
wearable sensor waveform data could be used to direct their movement patterns towards 
those more typical of an experienced runner as they look for improvements in running 
efficiency and performance. Within this study, the assumption was made that experi-
enced runners would elicit a more efficient and desirable running technique than novice 
runners, based off previous studies finding links between running experience and 
efficiency (Bransford & Howley, 1977; Saunders et al., 2004). However, future studies 
may avoid this assumption by utilising physiological measures of running economy to 
sub-divide the population. Based on the classification results seen within this study 
wearable technology companies which have traditionally focused on lower limbs for 
biomechanical running analysis may also want to explore the upper body. The torso and 
arms can contain valuable information about a runner’s technique and sensors can be 
easily integrated with other physiological or training wearables e.g., heart rate monitors, 
phone arm strap or smartwatches to provide a wealth of information to improve running 
training and performance.

Despite traditional beliefs that arm motion was only for the benefit of balance during 
the gait cycle, it is now known that a greater magnitude of arm swing is associated with 
a more constant horizontal velocity, reduced ‘unwanted’ movement of the centre of mass 
and reduced rotation of the upper body (Arellano & Kram, 2014). Differences in both 
linear accelerations and angular velocities in all three axes were seen, but the clearest 
differences related to a significantly greater average rotational velocity of the upper arm 
sensor about the antero-posterior axis amongst the experienced runners (Figure 5). 
Following Arellano and Kram (2014), this greater arm movement shown by the experi-
enced runners may help reduce energy expenditure (thus, increasing running economy), 
by minimising the requirement for the more metabolically costly torso rotation required 
to counterbalance the swinging legs, although this hypothesis requires further testing.

Significant differences in the movement of the T10 sensor between groups was only seen in 
the antero-posterior linear acceleration data. With experienced runners showing greater 
levels of trunk deceleration during the middle of each stance phase in comparison to the 
novice runners (Figure 6). Limited previous studies have compared accelerometer data 
collected from the trunk between runners of varying abilities (McGregor et al., 2009; 
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Simoni et al., 2020). The studies did not show a common result, with only the comparison 
with the greatest ability gap between groups finding significantly lower levels of trunk 
acceleration in trained runners (McGregor et al., 2009). It has also been observed that 
experienced runners can maintain a much lower and consistent trunk forward lean angle 
(Strohrmann et al., 2012), that has been suggested to be a result of greater fatigue resistance in 
the posterior chain and hamstrings (Hart et al., 2009). The significantly greater T10 decelera-
tion shown by the experienced runners in this study may have been a consequence of the 
maintenance of a more consistent forward trunk lean.

Models trained with only data collected from the proximal aspect of the right tibia 
showed the second worst classification accuracy, with an average accuracy of 
73.5 ± 25.9% across all three running speeds. The analysis of vertical tibial accelerations 
during running is an area that has been frequently explored within previous research due 
to its hypothesised relationship with injury risk. A recent review by Sheerin et al. (2019) 
concluded that measures of running technique, such as stride rate and joint kinematics, 
are one of many factors that contribute to tibial accelerations. Nevertheless, the results 
from this study have suggested that the isolated differences that occur in running 
technique between experienced and novice runners are not a contributing factor to 
vertical tibial accelerations. While there were variations in the vertical tibial accelerations 
between the runners in this study, these differences appeared not to be systematically due 
to running experience (Figure 7). Instead, the results presented in this study follow 
a similar trend to that reported in the only other known research to compare tibial 
accelerations between experienced and novice runners. Boey et al. (2017) identified 
a non-significant trend for greater tibial vertical acceleration in the less experienced 
populations, across all reported conditions the novice runners showed a peak vertical 
tibial acceleration 0.8 g higher than the experienced group on average, comparable to the 
0.9 g average difference seen in the Y-axis of the tibia sensor this study. Despite this 
similarity, it must be considered that the running speeds and surfaces were not consistent 
with those used in the current study. As seen in Figure 7, the three highest peak tibial 
accelerations were measured in novice runners and the three lowest in experienced 
runners but a lack of systematic difference between the other members of the sub- 
groups likely contributed to the lower classification capabilities of models trained only 
with data from the tibia

The worst performing sensor location in this study was the foot, only achieving 
a classification accuracy of 65.1 ± 26.0% when results from all three running speeds were 
averaged. It has been traditionally proposed that excessive foot pronation is a risk factor for 
running related injury (Richards et al., 2009). Several studies have investigated levels of foot 
pronation in runners, with results typically showing a variety of heavy ‘pronators’, ‘under 
pronators’, and those in between in both experienced (Brund et al., 2017) and less experi-
enced (Nielsen et al., 2014) runner populations. However, no known studies have directly 
compared foot pronation magnitude between novice and experienced runner groups. Direct 
comparisons of the average angular velocity of the foot sensor around the anteroposterior 
axis, which provides an indication of the level of foot pronation, suggest that on average the 
novice runners did not elicit greater levels of pronation than the experienced runners in this 
study (Figure 8). However, a clear range of apparent pronation magnitudes was still seen in 
both populations. This lack of clear systematic difference between populations likely con-
tributed to the lower classification accuracies of models trained with data from the foot 
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Figure 7. Average Y-axis tibial linear acceleration for each participant. Data is collected from the 
proximal aspect of the right tibia and normalised from right foot contact to the next right foot contact. 
Each thin red line indicates the average of a novice runner’s data and each thin blue line indicates the 
average of an experienced runner’s data, all taken from the 10 km/h running trial. The thick red line 
indicates average of novice runners and the thick blue line indicates average of experienced runners. 
Shaded colour regions show ± one standard deviation. Data collected during 10 km/h running.

Figure 8. Average angular velocity about the anteroposterior axis (when in a neutral position) in units 
of degrees per second measured from the lateral aspect of the right foot. Normalised from right foot 
contact to the next right foot contact. The red line indicates average of novice runners and the blue 
line indicates average of experienced runners. Shaded colour regions show ± one standard deviation. 
Data collected during 10 km/h running.

14 J. A. CARTER ET AL.



sensor. It must be considered that using a more sensitive method of assessing foot pronation, 
such as pressure measuring insoles, would be advantageous over the gyroscopic measures 
collected from the shoe in this study and could alter the conclusions on pronation habits 
within the two populations.

Limitations

Due to the novelty of applying machine learning for the purpose of running experience 
classification, standard practices are still being established. Therefore, the approaches 
taken within this study were exploratory in nature and were aimed at being a first step for 
future work to build on. As a result, the classification being attempted in this study was 
kept binary with a large gap in running ability between the two male only populations. 
However, a model capable of classifying runner’s technique into one of many groups or 
along a sliding scale of ability would likely be targeted within the envisioned commercial 
application. For such a goal to be achieved, future studies should look to solve more 
complex ability-based classification problems with data collected from greater sample 
sizes, including running data from both males and females. Due to the small sample size, 
no data were kept aside as a test set that was not used after hyperparameter optimisation. It 
is therefore not known how the classifiers presented in this study would generalise to 
a separate dataset. The collection of wearable data from a bigger sample of the target 
population will allow for improvement on some of the aforementioned limitations of this 
study, provide the opportunity to confirm some of the more surprising findings in this 
study, such as the large differences seen at the upper arm, and will also allow for the testing 
of different machine learning approaches that typically require larger volumes of data for 
success (Horst et al., 2019). For example, Dixon et al. (2019) recently showed that 
a convolutional neural network model could classify running surface type with a 96% 
accuracy, using only accelerometer data collected form the tibia. Significant differences in 
age and body mass were also seen between the two groups in this study. However, for the 
application of such classification-based analysis to be successfully implemented into com-
mercial products the models will have to be robust to uncontrollable external factors such 
as footwear and runner anthropometrics. It must also be considered when interpreting 
these results that footwear was not measured or controlled for. With the firm conclusions 
that footwear can influence several biomechanical factors, including peak vertical impact 
force and foot pronation (Cheung et al., 2011; Fuller et al., 2015). It is not known whether 
systematic differences in footwear choice between novice and experienced runners have 
worked to either mask or inflate biomechanical differences due to running experience.

Conclusion

Support vector machine algorithms can successfully identify individuals belonging to 
a novice or experienced runner sub-group by utilising waveform data collected from 
multiple IMU sensor locations. Results suggest that upper body biomechanics can be 
most clearly differentiated between individuals of differing running experience. While 
variations in lower body biomechanics were seen within the tested population, these 
differences did not appear to systematically vary based on running experience.
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