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Sports teams have at their disposal a vast
array of wearable technology to assist in
monitoring training loads and to assess
rehabilitation. In particular, global
positioning (GPS) and accelerometry have
been incorporated into devices that can be
positioned at different locations in the body
(e.g. trunk, wrist, ankle and foot). With
access to multiple devices and different
analysis platforms, can multiple devices
provide more insight into athlete monitoring?
Are we measuring different things or simply
exploring redundancies? 

Headline

Aim
Our overall objective was to compare
performance metrics obtained via two
wearable technology systems with sensors
positioned on the trunk and at the ankle.

Methods
Subjects were members of a Division 1
women’s collegiate soccer team. The pool
consisted of 10 individual participants
involved in 12 sessions for a total of 40
player · sessions (not all players were
monitored during each session). Informed
consent was obtained prior to data collection.
All players wore a STATSports APEX
GPS/IMU unit (Newry, NIR).

The APEX units incorporated a GPS (18Hz),
a tri-axial accelerometer (16g, 952 Hz),
magnetometer (10Hz), and tri-axial
gyroscope (952Hz). They were positioned on
between the scapulae at the T2 level using a
manufacturer-provided vest. Subjects also
wore two IMeasureU Blue Trident IMUs
(Vicon Motion Systems, Oxford, UK). The
Blue Trident sensors contain two tri-axial
accelerometers (16g, 1125Hz and 200g,
1600Hz), gyroscope (1125 Hz) and
magnetometer (112 Hz). Data collection was
initiated at the start of each training session.
At the end of each session, data from the
devices were downloaded using each
manufacture’s software (STATSports APEX,
IMeasureU Step). Sessions were divided into
individual drills and identified based on the
type of activity performed. The metrics
derived by the two systems and used in the
study are shown in
Sessions begin with a 10-15 min dynamic
warm-up and continued with various drills
(technical, tactical and/or fitness). The drills
monitored for this study were running
activities (fitness drills) lasting between 6
and 24 min (9.39±6.21 min, x ̅±SD). They
consisted of intermittent, linear and/or
change of direction running such as repeated
sprinting, jogging and striding as well as
shuttle runs. Distances covered, speeds and
recovery periods varied within each effort. 

 Table 1.
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Statistical analysis
The first step in our comparison of the two
devices was to calculate Pearson-Product
Moment correlations between the variables.
To better understand the strength of the
relationships, the following descriptors were
used (based on Pearson r effect sizes
described by Cohen (2)): r = 0.1-0.3, weak;
0.3-0.5, moderate; 0.5-1.0, strong. The
second step was to conduct a factor analysis
(FA), grouping the STATSports APEX and
IMeasureU variables. The FA was then
performed using principal components with
Varimax orthogonal rotation. The number of
factors were selected using the Kaiser
criterion (eigenvalues >1) (3). The loading
threshold for practical significance was 0.6. 

Results
There was considerable variability in both
the volume and intensity of the drills. Mean,
SD and ranges are shown in .
Correlations between the two sets of device
variables are shown in . Average
impact load was weakly correlated with all
of the STATSports variables. However,
several device variables were strongly
correlated. STATSports variables that show
strong relationships versus total impact
intensity and number of steps include total
distance, speed intensity, average speed,
HML distance dynamic stress load and total
loading. Medium relationships for
IMeasureU variables were observed versus
HML efforts and accelerations.
Relationships between maximal speed,
decelerations and deceleration load versus
total impact loading and total steps were all
weak.

Table 2

Table 3

 List of IMeasureU STEP and STATSports APEX metrics used.Table 1.
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 Mean (±SD) for the IMeasureU Step and STATSports APEX variablesTable 2.

 Correlation coefficients between the IMeasureU Step and STATSports APEX variables.Table 3.

Pearson r relationship strength: s 0.1-0.3, small or weak; m 0.3-0.5, moderate; l 0.5-1.0, large or strong.
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 Factor analysis results showing variable loadings within each factor. Loadings less
than 0.6 are suppressed. IMeasureU Step variables are shown in italics
Table 4.

Results of the FA are shown in . For
this analysis, total distance, total loading
and speed intensity were highly correlated
(r2 > 0.95). To reduce multicollinearity that
might cause instability in the analysis ( ),
the latter were removed from the model.
The FA identified three factors with variable
loadings >0.6. Factor 1 consisted of the
STATSports variables, total distance,
dynamic stress load and average speed as
well as the IMeasureU variables total
impact load and total steps. The second
factor consisted of the remaining
STATSports variables. The final factor was
represented by average impact load alone.
Maximal speed variable loadings were less
than 0.3 for all three factors. The three
factors explained 84.4% of the total
variance in the data.

Table 4

4, 5

Step balance measures were analyzed
separately as they are not used typically
used to quantify training load but to assess
running or gait symmetry. The relationship
between these two metrics is shown in

. Their correlation coefficient was
negative and had a small effect size (r =
-0.245, small ES).

Figure 1

Discussion 
Our results show that several variables
derived from the two systems are highly
correlated. However, several such as
IMeasureU average impact load are
not.  Second, the variables derived from the
APEX and IMeasureU platforms can be
reduced to three factors describing different
aspect of training load. Lastly, measures of
step balance provided by the two systems
appear to be independent of each other. 
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These results suggest that the two devices
and systems, while measuring similar
constructs, each identify unique aspects of
training.
The metrics provided by most wearable
devices represent measures of training
volume, intensity or both. In our case,
volume of the session is represented by total
distance and total steps. Intensity can be
characterized by max and average speed,
HML efforts and distance, accelerations,
decelerations, and total deceleration loading
as well as average impact load. Speed
intensity represents a combination of both
volume and intensity. Dynamic stress load,
total loading and total impact load can also
be considered a measure of volume and
intensity as they are calculated based on the
magnitude and duration of the
accelerometer data. These relationships are
reflected in the correlation coefficients
between the different system variables. For
example, total distance was highly
correlated with total steps and speed
intensity with total impact load. The
correlations between measures of intensity
were also moderate to high.
Further insight into the relationship between
the variables were found in the FA. The FA
resulted in three factors, explaining 84% of
the total variance. The first factor contained
variables reflecting volume (total steps, total
distance) or combinations of volume and
intensity (total impact load, speed intensity,
dynamic stress load). The variables of the
second factor included those reflective of
higher intensity activities (decelerations,
accelerations, deceleration load, HML
efforts and HML distance). Lastly, average
impact load constituted the third factor.
Given this and the poor correlations with
other variables, it appears that average
impact load describes a unique aspect of
training. 

 Relationship between step balance
measures obtained from STATSports Apex and
IMeasureU Step (r = -0.245, small effect size, 2).

Figure 1.

Potentially, vertical trunk displacement
(derived from the APEX unit accelerometer)
and average impact load could be used to
characterize leg stiffness ( ). Clearly more
work is needed to better understand the
value of this metric.
Interestingly, measures of step balance were
not highly correlated. There are several
potential reasons for this. First, the
calculations between the STATSports and
IMeasureU metrics are different. IMeasureU
computes step balance as the difference in
resultant acceleration peaks obtained from
the right and left accelerometers.
STATSports calculates step balance as the
difference between vertical trunk
acceleration associated with right and left
foot strikes. To our knowledge, this metric,
as an indicator of gait symmetry has not
been validated. Second, data from the APEX
unit reflects considerable damping of
accelerations delivered at the foot. This is
due to ankle, knee, hip and trunk flexion
movements. Previous studies show that
knee, hip and spine flexion may dampen
foot impacts recorded at sacrum and the
head by 50-85% ( .

1
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This discrepancy could become important
during change of direction activities as the
ankle and trunk may experience different
movements. Lastly, accelerations resulting
from player-player or ground-player during
training would be detected primarily at the
trunk. While this did not occur during the
running activities used here, it may be a
source of variance between the devices
during other activities. Thus, step balance
measures derived by the two systems
appears to offer different insights into gait
symmetry during running and change of
direction activities.

Practical Applications 
An important aspect of this study is the
complementary nature of the two wearable
devices that combine the use of GPS and
accelerometry. The STATSports APEX
derives spatiotemporal measures of
movement (speed, distance, and change of
direction). On the other hand,
accelerometers placed near the foot provide
kinetic data regarding ground impacts. Via
complementary use of multiple devices,
coaches and trainers can gain greater insight
into the load requirements of various
activities. Interpretation of the data provided
by one device can be helped using other
systems. For example, Nasirzade et al. 
discuss the impact of running / walking
speed on gait asymmetry (or gait balance) in
patients with lower limb anomalies. They
argue that increasing movement speed can
increase asymmetry. Thus, interpretation
step balance, measured at the ankle should
take into account measurements of running
speed. This is easily accomplished by
combining accelerometer data obtained near
the foot with GPS data derived from at the
trunk.

(10)

Location of accelerometers on the trunk and
at the ankle can also provide insight into
shock attenuation (or damping) during
running. Previous studies have used a ratio
of peak acceleration at the two locations 
or the ratio of the two signals spectral
densities . These studies report that shock
attenuation values also vary as a function of
running speed and prolonged running.

(7)

(9)

Limitation
This study contains several limitations:
• Our results are limited to healthy, female
intercollegiate soccer players. Comparisons
of the two systems may vary in other
athletes and injured athletes who may
display gait asymmetries.
• The results are limited to running activities
of varying speeds and changes of direction.
Activities that include ball work (passing,
dribbling and shooting) or physical contact
were not included. 
• Many of the metrics utilized are
proprietary to STATSports and IMeasureU.
Other companies may calculate similar
metrics using different algorithms.
• Comparison of accelerometer-derived
variables assumes that the raw data from
two devices are both accurate and reliable.
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