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Abstract
Power-force-velocity (PFv) measurements have traditionally been employed to characterize the limits of an athlete’s
neuromuscular system. However, in more recent years, there has been growing interest in whether PFv metrics can
also be used to define and assess training outcomes, e.g., as an indicator of performance and/or neuromuscular fatigue.
Here we assess performance in a repeated sprint ability (RSA) test using traditional PFv measurements, alongside two
novel metrics: ballistic power (PB) and the Fv-offset, with the changes observed attributed to neuromuscular fatigue.
Twenty-four physically active males (age = 26.08 ± 6.84 years) undertook the RSA test, consisting of 3 sets of 5 × 50
m maximal sprints, with each participant wearing a STATSports Apex Pro series unit to track their motion. Mixed-effect
models show how power-related metrics have the largest reduction due to fatigue compared to their force and velocity
counterparts, with PB showing the largest decrease of ∼31.8% (−40.2 ≤ PB(% change) ≤ −23.4, 95% CI, Cohen’s
d = 1.60) across the RSA test performed. We demonstrate that ballistic power, PB, is the most reactive metric to athlete
fatigue amongst the considered values. The described methods provide a promising, feasible tool for field-based monitor-
ing of fatigue using routine GPS data.
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Introduction
Monitoring acute neuromuscular fatigue – here defined as
“an exercise-induced reduction in the force/power-
generating capacity of a muscle or muscle group”1 – is
important for sports science and medicine practitioners to
inform decisions around training load and match selection.
Over days and weeks, this is often achieved through routine
subjective (e.g., wellness questionnaires) and objective
(e.g., counter movement jump, heart rate variability) mea-
sures. The value and validity of such measures, however,
has been questioned in review articles that instead call for
more practical field-measures derived from training and
match data.2,3 Furthermore, such approaches are not prac-
tical in real-time (i.e., during training or match-play), where
the insights are of the greatest value.

The widescale uptake of global positioning systems
(GPS) has provided professional sports teams with a wealth
of spatiotemporal data relating to player-movement. To
date, the majority of methods to estimate neuromuscular

status using spatiotemporal data have taken an indirect
approach, whereby an athlete’s change in status is modelled
as a linear function of the cumulative volume of a given
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external load metric (e.g., total distance, high-speed running
distance, sprint count, etc.) between periods of play in com-
petitive events.4–7 This approach, however, fails to account
for (i) intra- and inter-athlete variation in the response to a
given external load, and (ii) the effect of fatiguing actions
that are not quantified in external load metrics (e.g., scrum-
maging in rugby). Subsequently, it is unsurprising that such
relationships are limited in their predictive ability
(R2 < 0.458), with recent literature suggesting there are
advantages in adopting approaches that reflect the physio-
logical, mechanical, and neuromuscular aspects more clearly.9

Recently, several studies have investigated the viability
of using training or match-derived GPS data to directly
measure qualities relating to physical performance. Morin
et al.,10 for example, demonstrated that force-velocity pro-
files could be reliably estimated using GPS data from mul-
tiple training sessions. Additionally, across a simulated
soccer match, Snyder et al.11 observed a decline in trad-
itional GPS metrics over time, such as those associated
with high-speed running, accelerations per minute, and
decelerations per minute.

Furthermore, GPS metrics can also be utilized to gener-
ate power-velocity (Pv) and force-velocity (Fv) relation-
ships (collectively defined as ‘PFv’), which are useful in
the benchmarking of ballistic movements.12–14 Here, ballis-
tic movements are defined as any movement that exhibits
high and near-maximal velocities and accelerations over a
short period of time (see, e.g., Morin & Samozino15 for
more information), hence may be significantly affected by
acute neuromuscular fatigue, here defined as “a reduction
(induced by exercise) in the maximal voluntary force that
a muscle or group of muscles can generate”.16 As such,
repeated sprint ability (RSA) has been a focus of recent
investigations.17–20 RSA has also been explored in the con-
text of endurance athletes, where in some cases, intense
bursts of concentrated effort are separated by short recovery
periods,21 meaning RSA is a physiological requirement
across a wide range of sports.

In laboratory or field-based RSA testing protocols,
fatigue is typically identified through a reduction in an ath-
lete’s maximal or mean speed, or a decrease in their peak
power or total work done during repeated sprints.22 The
total force production capability of an athlete, and their
technical ability to effectively apply the necessary force,
are altered during multiple sets of repeated sprints, with
the latter often believed to be the dominant effect.23 As a
result, PFv profiling is commonly presented as a tool to
assess the ability of an athlete’s neuromuscular system to
produce power; indeed maximal muscular power is defined
and limited by the underlying force-velocity relationship.24

However, previous studies have cited the necessity to exam-
ine the usefulness of these metrics in orienting and asses-
sing training outcomes25 and highlighted the necessity for
further investigation into how these approaches can be
used to improve sprint performance.26

Hence, the creation of reliable and robust methodologies
to apply PFv analysis to widespread GPS data collection
would provide significant insight into the RSA of an athlete
and may better inform training prescriptions and practices.
The aim of the present study is to put forward a
proof-of-concept methodology to quantitatively assess an
athletes capacity for repeatedly performing explosive
movements, using changes in PFv outputs. In a multi-set
repeated sprint ability (RSA) test, it was hypothesized that
multiple indicators of neuromuscular fatigue would be
observed in both intra- and inter-set analyses. The extent
and comparison of these neuromuscular fatigue indicators
are the main focus of this study, as well as identifying which
of these metrics are most sensitive to neuromuscular fatigue
and how readily they may be applied by sports scientists
and strength and conditioning practitioners to real-time
sporting environments.

Materials and methods

Research design
The procedure of the RSA test required each participant to
complete 3 sets of sprints, with each set consisting of 5 ×
50 m sprint intervals. During each set, individual sprint
repetitions commenced every 30 seconds with passive
recovery between efforts and sets, as this recovery modality
has not been shown to influence repeated-sprint perform-
ance (as indicated by sprint time and blood acid-base
responses27), thereby ensuring that the running load itself
was the principal driver of neuromuscular fatigue and sub-
sequent intraset performance degradation. Following the
completion of a sprint set, a 2 minutes and thirty seconds
(2:30) recovery period was provided to each athlete. All
subjects completed the RSA test collectively. The subjects
received a familiarization document containing the proced-
ure of the RSA test on the morning of the day it was carried
out. The RSA test was performed following a routine warm
up, 4 days following the team’s most recent game, and 4
days before the team’s next game. The test takes approxi-
mately 15 minutes and covers a distance of 750
m. Players are instructed to complete every repetition at
maximum effort. The test was performed after a standard
team warm up activity that involves low intensity running,
sport specific drills, followed by dynamic and static stretch-
ing to benefit muscle flexibility following the commonly
applied Raise, Activate, Mobilize, and Potentiate (RAMP)
warm-up protocols.28

This protocol was designed to induce measurable neuro-
muscular fatigue within a standard set and repetition struc-
ture that is consistent with mainstream literature,29 although
longer (50 m) sprint distances were selected to ensure there
is a meaningful fatigue response from each athlete. The RSA
structure chosen also reflects the high-speed and sprint run-
ning demands of field sports, such as Gaelic football,30
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soccer,31 and rugby union.32 The RSA test protocol was
designed to ensure sufficient fatigue develops within a con-
trolled, sport-specific format.

Subjects
Twenty-four male subjects aged between 19 and 43 (26.08
± 6.84 years) voluntarily took part in this study. All partici-
pants are physically active, typically training between 2− 3
times per week, and compete at the sub-elite level of an
invasive team sport. Written, informed consent was
obtained from the participants and the study was approved
by the Engineering and Physical Sciences Faculty Research
Ethics Committee of Queen’s University Belfast (reference
number: EPS 24_48).

Procedures
The hardware and software used to gather data were both
developed by the Northern Ireland company STATSports
Group Limited. STATSports Apex Pro series units were uti-
lized1, while initial data import and validation was per-
formed using the STATSports Sonra software2. The data
gathered was exported in its raw format into a series of
comma-separated values (CSV) files, which allowed further
analysis through various customized computational meth-
ods. Specifically, Python 333 was used as the primary pro-
gramming language for the data analyses undertaken in
the present study.

STATSports Apex Pro series units have been validated
for data reliability and accuracy independently through
the FIFA Quality Programme, against the industry gold
standard Vicon motion capture system.34 In measuring lin-
ear and simulated team sport running, GPS-based devices
(such as the STATSports Apex Pro series units) with a sam-
pling frequency of 10 Hz are the most accurate and reliable
to date.35 As a result, the technology embedded within the
STATSports Apex Pro series units is sufficient to provide
reliable measurements of horizontal (i.e., within the plane
of the training surface) PFv values across individual sam-
ples of maximal effort sprints.36 The number of satellites
connected ranged from 14− 20 (mean = 17) throughout
the RSA test, with the Horizontal Dilution of Precision
(HDOP) value measured to be 0.41 ± 0.07, allowing for
accurate horizontal position calculations from the GPS
devices.37

Statistical analysis
The analysis carried out for this study used the raw (i.e.,
unprocessed and unfiltered) CSV file exports provided by
the Sonra software, with the data imported into Python
333 using the Pandas library.38 Note that for the purposes
of our analysis, the use of the terms ‘speed’ and ‘velocity’
are interchangeable due to the fact that the sprints

performed were uni-directional. Of course, future studies
that may incorporate curvi-linear running patterns may
need to segregate individual velocity vector components
or utilize true speed values through the extraction of vel-
ocity magnitudes.

The starting point of each athlete’s sprint was identified
by the timestamp when their velocity first increased above a
nominal low-speed (i.e., v > 0.25 m s−1) threshold. A low-
speed threshold was chosen over a completely stationary
value (i.e., v = 0 m s−1) to avoid incorrect sprint labeling
when an athlete shuffles their body position in preparation
for the sprint. As such, the first timestamp corresponds to
the minimum velocity value, vmin, associated with the sprint
event. The end of the running repetition was pinpointed by
the timestamp when the athlete’s velocity decreased below
1 m s−1. The running repetition motion was subsequently
isolated and extracted for further study, with an example
time series documenting an athlete’s velocity over the dur-
ation of a single repetition displayed using blue datapoints
in Figure 1. The specific start/end thresholds were main-
tained throughout the entirety of the data processing, which
is a necessity to ensure consistency and repeatability of any
time series analyses.39

Speed values were sampled at a rate of 10 Hz. To sup-
press high-frequency fluctuations (i.e., those that are
much more rapid than the sprint evolutionary timescales;
see Figure 1), a Butterworth filter (2 Hz, low-pass40) was
employed to smooth the GPS-derived velocity values by
suppressing measurement fluctuations with timescales less
than 0.5 s. Butterworth filters are commonly applied to
improve the estimation of measures affected by high-
frequency GPS inaccuracies.41–43 Previously, a 2 Hz low-
pass Butterworth filter was shown to correlate strongly
with Vicon data, which is considered to be the ‘gold-
standard’ in motion analysis systems.44

From the Butterworth-smoothed velocity values, the
maximum sprint speed was extracted. From this, the end
of the sprint was identified by the timestamp when the ath-
lete’s velocity first dropped below 70% of their maximum
speed achieved during the repetition. Note that 70% is an
arbitrary value, but it is chosen (and remains fixed through-
out the analyses) to ensure subsequent polynomial fitting is
not negatively affected when the athlete’s speed reduces,
which is a period not based on maximal sprint technique
and is often represented by unpredictable deceleration rates
and occasional anomalous accelerations as the subjects pre-
pare for the next repetition. Hence, the sprint interval is
defined as the datapoints contained between the first time-
stamp when the athlete’s velocity rises above 0.25 m s−1,
through to the point when the athlete’s velocity drops below
70% of their maximum sprint speed. A fourth order polyno-
mial is applied to the smoothed velocity data defined by the
sprint interval. From this, the acceleration is subsequently
computed (green line in Figure 145). Finally, only data-
points with positive acceleration values are selected for
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further study since this data is representative of the ballistic
(i.e., positively accelerating) phase of the sprint. The shaded
orange region within panel A of Figure 1 highlights the
datapoints showcasing positive acceleration values, which
define instances when positive work is being performed
by the athlete (i.e., negating intervals of negative work,
which would be considered non-physical).

We note that recent work has shown how the acceler-
ation phase of a sprint event can be divided up into 3 distinct
phases,46 which has since driven forward a number of fur-
ther sprint-related studies.47 Hence, the fitting of our vel-
ocity time series with a low-order polynomial is
consistent with the biomechanical theory put forward by
Nagahara et al.,46 hence enabling the accurate mapping of
the macroscopic velocity/acceleration profiles of athletes’
sprints, which is visible through examination of the solid
blue and green lines (labeled ‘e’ and ‘f’, respectively) in
Figure 1, panel A. We must note that our analysis does
not rely on the accurate definition of a sprint entry/exit
speed, since in our controlled RSA test the participants com-
menced each sprint from an approximate standing start.
Furthermore, our selected sprint exit speed of 70% of
each athlete’s maximum sprint speed is arbitrary and only
used to extract the main sprint effort from the bulk of the
deceleration phase, which may (as noted above) contain
unpredictable deceleration rates and occasional anomalous
accelerations as the subjects prepare for the next repetition.
However, future applications of this approach (e.g., where
the subjects are not commencing their sprints from rest)
may need to incorporate more stringent sprint entry

identifications, such as using a threshold of 75% of the max-
imal velocity, which is in-line with current literature that
considers sprint events from a kinematic viewpoint.48

Next, it is possible to display how both the athlete’s
force, F, and power, P, vary as a function of sprint speed.
Here, the athlete power is defined using standard conven-
tion49 as P = Fv = mav, where m is the mass of the athlete.
For the purposes of ensuring future cross-referencing com-
patibility with data obtained from different athletes, the
force and power values for each athlete are normalized by
their respective masses. In practice, mass-normalized forces
are analogous to raw acceleration values, since through
Newton’s second law of motion (F = ma), acceleration
can be made the subject to provide a = F/m. This means
that subsequent calculations employing the mass-
normalized force values are also, by definition, mass-
normalized (e.g., power). This provides a (mass-)normal-
ized force in units of N kg−1, which is identical to acceler-
ation (i.e., m s−2), and a (mass-)normalized power in units
of Wkg−1.

The resulting normalized force-velocity (Fv) and power-
velocity (Pv) curves are shown in panel B of Figure 1 using
orange datapoints and purple lines, respectively. The
extreme values of speed (vmin and vmax) and maximum
acceleration (amax) can easily be recovered from panel B
of Figure 1 through examination of the extrema of the plot-
ted orange (Fv) datapoints. Similarly, the maximum value
of power (Pmax) can also be uncovered from panel B of
Figure 1, which can be visualized as the turning point
(i.e., peak) of the Pv curve (purple line in Figure 1).

Figure 1. Panel A shows velocity (m s−1) and normalized force (N kg−1) as a function of time (seconds) for 1 repetition from a single
athlete during the RSA test. As indicated in the legend, (a) is the raw velocity time series, (b) is the Butterworth filtered values of (a), (c)
and (d) are vertical lines that represent the times at which the minimum speed threshold (0.25 m s−1) and where the speed drops to
below 70% of the maximum speed reached within the sprint repetition, respectively, are reached. (e) is a fourth order polynomial fit of
the Butterworth-filtered velocity data between the timestamps represented by (c) and (d), and (f) is the corresponding normalized
force (N kg−1 or m s−2) estimated from the polynomial fit. Finally, (g) highlights the data where the acceleration value is >0 m s−2,
which is subsequently used in the PFv analysis. Panel B displays the normalized force (h; N kg−1) and the normalized power (l; Wkg−1)
as a function of velocity for the data contained within the shaded region (g) in A. (i) is the linear fit of (h) excluding data within the first
30% and last 10% of the range of velocity values (outside of this exclusion area curved sections are visible, so these thresholds
consistently ensure only straight sections are modeled using linear lines of best fit), while (j) is the shortest perpendicular distance from
(i) to the origin. (k) is the area underneath (h) and represents the ballistic power (see Equation 1).
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Ballistic Power and the Fv-offset. In addition, we define a new
metric, ballistic power (PB), through the mathematical rela-
tionship,

PB =
∫vmax

vmin

F dv5mm(∀F > 0) , (1)

which can be visualized as the area under the Fv curve
(shaded grey in panel B of Figure 1). Here, the ballistic
power is the integration of normalized force (N kg−1, or
equivalently acceleration in m s−2) with respect to velocity
over the initial period of positive acceleration during a
sprint event and was calculated using the np.trapz func-
tion, which integrates along the given domain using the
composite trapezoidal rule.45 Thus, the ballistic power
incorporates significantly more data within an isolated
sprint when compared to, e.g., maximal values of power
that only use isolated (or singular) points of reference.
As such, the ballistic power of an athlete represents
dynamic movement that generates positive acceleration
(i.e., for all athlete forces greater than zero; ∀F > 0 in
Equation 1), hence increasing the velocity of associated
movements.

Another complementary metric can also be derived from
the Fv curve shown in panel B of Figure 1. Here, dFv (or
the Fv-offset), is defined as the shortest perpendicular distance
from the origin of the plot (i.e., [0 m s−1, 0 Nkg−1]) to a linear
fit through the corresponding Fv data points. However, to
ensure power values at the extrema of the velocity range
(i.e., close to either 0 m s−1 or the maximum sprint speed,
vmax), where athlete performance is at its physiological limits,
do not detrimentally impact the quality of the linear fit, we
only fit velocities in the interval spanning 30%− 90% of
vmax. This range was chosen to ensure that the linear fit
excludes both the initial and final phases of the Fv profile
where non-linearities are observed. By using 30− 90% of
the vmax range, the influence of profile curvature is reduced,
allowing a linear fit to be applied that better reflects previously
studied Fv relationships.10,23,25 The resulting linear line of
best fit is shown in panel B of Figure 1 using a solid orange
line, where the associated gradient is denoted by SFv. To cal-
culate the SFv value, we applied linear regression to the mass-
normalized forces, as a function of velocity, across the range
of speed values (30− 90% of vmax) using the numpy.polyfit
package within the Python 3 programming environment.
The gradient returned represents the SFv metric, with the
regression line subsequently evaluated across the full range
of velocities using the numpy.polyval package, as shown by
the solid orange line (labeled ‘i’) in Figure 1, panel B.

Importantly, the length of the orange dashed line in panel
B of Figure 1 represents the dFv metric, which is the shortest
(i.e., perpendicular) distance from the origin to the line of
best fit through the Fv data. Note, the orange dashed line
in panel B of Figure 1 does not visually appear to intersect
perpendicularly with the solid orange line, which is simply

a consequence of the rectangular aspect ratio used for dis-
playing the plotted information.

Interestingly, we propose that the maximum theoretical
values of speed and acceleration (or mass-normalized force)
can be recovered from panel B of Figure 1 as the x- and
y-axis intercept points, respectively, of the solid orange
line of best fit through the Fv datapoints. It is clear from
panel B of Figure 1 that the theoretical maximum sprint
speed and acceleration are larger than what the athlete
achieved during the sprint itself. However, this is to be
expected as the maximum theoretical values will neglect
physiological and biomechanical challenges associated
with initial traction, air resistance, surface friction, running
technique, etc.12,46,50–52

The importance of the Fv-offset (dFv) metric cannot be
overstated, since different athletes may produce the same over-
all slope, SFv, of their Fv data, yet may have vastly different
Fmax and vmax values. Hence, the dFv metric is a useful way
of differentiating the maximal force/velocity values of athletes
who may have the same Fv slope. For example, if two athletes
have the same SFv value, then the athlete with the larger dFv
metric will be the one with greater Fmax and vmax ratings. As
such, the dFv metric provides an indication of variance in per-
formance amongst those with the same Fv slope (SFv).

Results
Table 1 provides definitions for a number of parameters that
can be readily extracted from the data products showcased
in Figure 1. In addition to the metric definitions, in Table 1
we also provide the corresponding mean value (complete
with its associated standard deviation), alongside the
observed maximum and minimum values for each metric
obtained from the participating athletes.

Changes in power, force, and velocity outputs during
the RSA test
Panel B of Figure 1 shows normalized force and power as a
function of velocity. The turning point (or peak) of the nor-
malized power curve provides the value for the maximum
sprint power, Pmax. We found that the value of Pmax occurs
at progressively lower speeds throughout the RSA test. For
example, in Repetition 1, the peak power across all athletes
occurred at 4.46 ± 0.17 m s−1, whereas in Repetition 15 the
peak power occurred at 3.99 ± 0.22 m s−1. The kurtosis of
the power-velocity curves throughout the RSA test was
negative, with values in the range of −1.0 to −1.5.
Across the evolution of the RSA test, the skewness of the
power-velocity curves followed a slight downward trend,
with a range of values spanning−0.6 to 1.0, with the major-
ity of values falling between 0.0− 0.2.

Figure 2 displays the relative percentages for all 6
metrics defined in Table 1 across the full 15 repetitions of
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the RSA test. Here, the vmax, Fmax, Pmax, PB, SFv, and dFv
metrics for each repetition were normalized by their own
respective mean value obtained in the very first repetition
to provide an easier way to visualize the percentage changes
for each metric as a function of repetition number.

All metrics (except for SFv) have the largest mean value
occurring in the first repetition, with a general percentage
decline found across the entire RSA test. There were notice-
able recoveries between sets (i.e., between repetitions 5− 6
and 10− 11) when the athletes have an extra 02:30 recov-
ery time available to them. The ballistic power, PB,
responded more to sprint-induced fatigue than the peak
power (Pmax) value, with a decrease of 31.8%
(−40.2 ≤ PB(% change) ≤ −23.4, 95% CI, Cohen’s
d = 1.60) found in PB across the RSA programme, compared
with just a 29.3% (−35.9 ≤ Pmax(% change) ≤ −22.7),
95% CI, Cohen’s d = 1.87) decrease in Pmax. The Cohen’s
d values of 1.60 and 1.87 for PB and Pmax distributions,
respectively, highlight a strong statistical effect between the
first and last repetitions of the RSA test, with the PB metric
showing the largest overall percentage change.

The maximum repetition sprint speed (vmax; blue line in
Figure 2) displayed the largest recovery between sets, with
the start of sets 2 (repetition 6) and 3 (repetition 11) recover-
ing to values of 97.3% and 94.2%, respectively, of the ini-
tial maximum. The two power measurements in Figure 2,
Pmax (green line) and PB (red line), showed greater relative
decline during the entire RSA test, with PB dropping to
68.2% of its opening maximum in repetition 14.

Comparison of traditional and novel PFv metrics
Figure 3 displays the maximum force (Fmax; panel A), max-
imum power (Pmax; panel B), and ballistic power (PB; panel
C) as a function of maximum sprint speed (vmax) for each
athlete across all repetitions of the RSA test. We found
that the Fmax, Pmax, and PB metrics all increased in an

approximately linear manner as a function of maximum ath-
lete speed, independent of the individual athlete or repeti-
tion number of the RSA test. The linear relationship
between Pmax and vmax was found to have the strongest cor-
relation of the 3 plots shown in Figure 3 (panel B), achiev-
ing a coefficient of determination of R2 = 0.73, while the
Fmax and PB panels have coefficients of determination equal
to R2 = 0.42 and R2 = 0.54, respectively.

To more thoroughly investigate the relationships between
Fmax, Pmax, and PB as a function of vmax, linear mixed effects
models were fitted using the nlme package in the R statistical
software package (version 4.5.153,54), specifying Fmax, Pmax,
and PB as the corresponding response variables and vmax as a
fixed covariate in each model. Through the incorporation of
random intercept terms, these sophisticated models
accounted for the natural correlation within the repeated mea-
surements of athletes to uncover the true underlying relation-
ships within RSA test data.

The degree of correlation accounted for through the
inclusion of random effects terms was calculated using
the Intraclass Correlation Coefficient (ICC55), with values
greater than 10% generally indicating the requirement of
mixed effects models for improved performance compared
to standard linear regression.56 Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC)
were additionally utilized to assess the fit of the model
and showed agreement with the ICC, indicating the mixed
effects model provided a better fit to the data compared to
a standard linear model. Standardized residuals for each
model also showed a random scattering when plotted, indi-
cating the models’ assumptions about the variance and lin-
earity of the data were upheld. QQ plots and histograms
were utilized to assess the normality assumptions of the
residuals and random intercepts, each showing no large
departures from normality.

As displayed in Figure 3, both Fmax and Pmax demon-
strated strong individual correlations, with ICC values of

Table 1. Metrics investigated in this study, including their denotation, unit, definition, mean value presented with standard deviation as
well as maximum and minimum values.

Metric Unit Definition Mean Value
Max
Value

Min
Value

vmax m s−1 Maximum velocity achieved within a repetition of the RSA test 7.24 ± 0.58 8.95 5.59
Fmax N

kg−1
Maximum mass-normalized force (i.e., N kg−1 or m s−2) achieved within a

repetition of the RSA test
4.83 ± 0.62 6.87 2.05

Pmax W
kg−1

Maximum power achieved within a repetition of the RSA test 11.80 ± 1.88 18.17 5.03

PB W
kg−1

Ballistic power provided by the area underneath the Fv curve for each
repetition of the RSA test

18.10 ± 3.55 30.33 7.28

SFv s−1 Slope of the linear line of best fit applied to the Fv datapoints for each
repetition of the RSA test

−0.76 ∓ 0.10 −0.27 −1.04

dFv N/A Shortest perpendicular distance from the origin to the linear line fitted to the
Fv datapoints (Fv-offset)

4.72 ± 0.49 6.02 2.43

Notes: RSA = Repeated Sprint Ability; Fv = Force Velocity.
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11% and 18%, respectively. The PB metric had a lower ICC
value of 7%, which indicated more athlete uniformity
across the average trends of ballistic power and maximum
sprint speed throughout the RSA test.

To better visualize the interplay between force- and
velocity-orientated Fv profiles, Figure 4 displays how the
specific values of Fmax and vmax affect the resulting values
of dFv and SFv. From examination of panel A of Figure 4,
it is clear that repetitions with higher values of Fmax and
vmax resulted in larger dFv values. For example, in panel A
of Figure 4, the largest Fv-offsets (i.e., largest dFv values)
are located in the upper-right portion of the panel where
both Fmax and vmax values are largest. Similarly, the lowest
dFv values are associated with reduced Fmax and vmax mea-
surements. In particular, Fmax appears to have the largest
impact on the specific value of dFv, since the maximum
and minimum values of dFv also correspond to the max-
imum and minimum values of Fmax, respectively.

On the other hand, from inspection of panel B of
Figure 4, values of SFv appear to be less coupled to the spe-
cific value of vmax than its dFv counterpart. This can be
visualized in panel B of Figure 4 through similar SFv mea-
surements spanning a large range of vmax values.
However, in keeping with panel A of Figure 4, the SFv met-
ric appears to be more strongly coupled to the specific value
of Fmax, although the degree of coupling appears less linear.

In an attempt to better quantify the precise relationships
on how dFv and SFv depend on the values of Fmax and vmax, in
Figure 5 we display how each metric (dFv and SFv) individu-
ally relates to their corresponding Fmax and vmax values. As

expected, we find that both SFv and dFv are more strongly
influenced by Fmax than vmax, which is visually evidenced
in Figure 5 by less scatter of the datapoints and steeper gra-
dients of the lines of best fit for the bottom 2 panels. From
Figure 5, we can summarize a number of key results:

1. There is a very strong (R2 = 0.76) positive linear
relationship between the value of dFv and the max-
imum (mass-)normalized force applied by the athlete
(panel C of Figure 5). The low value of ICC (4%)
indicates that the linear relationship is robust amongst
all participants, regardless of their specific sprint char-
acteristics. Hence, the greater the applied force, the
larger the distance between the origin and the line
of best fit through the corresponding Fv curve.

2. There is a strong (R2 = 0.55) positive linear rela-
tionship between the value of dFv and the maximum
sprint speed achieved by an athlete (panel A of
Figure 5). While the relationship is evident across
all athletes, the ICC value (20%) indicates strong
variations in the trends observed between individual
athletes. Typically, the greater the maximum sprint
speed achieved by an athlete, the larger the distance
between the origin and the line of best fit through the
corresponding Fv curve.

3. There is a moderate (R2 = 0.44) negative linear
relationship between the value of SFv and the max-
imum (mass-)normalized force applied by the ath-
lete (panel D of Figure 5). The ICC value (13%)

Figure 2. The mean values of vmax (blue), Fmax (orange), Pmax (green), PB (red), SFv (purple), and dFv (brown) are plotted as a function of
the repetition number across the entire RSA test, where the value for each metric is normalized by its initial value obtained in the first
repetition. The vertical dashed lines indicate the rest interval between sets, i.e., between repetitions 5− 6 and 10− 11. For the
purposes of visual clarity, the uncertainties for each datapoint are not shown in this diagram.
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indicates some variation in the trends between indi-
vidual subjects. Here, the larger the applied force,
the more negative the associated gradient is for
the line of best fit through the corresponding Fv
curve.

4. There is a weak (if any; R2 = 0.32) correlation
between the value of SFv and the maximum sprint
speed achieved by an athlete. From inspection of
panel B of Figure 5, the datapoints appear uncorre-
lated, hence the R2 = 0.32 initially seems too large.
However, 94% of this R2 value is a accounted for
by the differences seen between individual athletes
(i.e., also observed through the relatively large ICC
value of 30%), and therefore this measure is not rep-
resentative of the average group characteristics. Here,
the gradient of the line of best fit through the corre-
sponding Fv curve appears to have no dependency
on the maximum sprint speed achieved by the athlete.

Finally, Figure 6 displays Fmax (Panel A) and vmax (Panel
B) values as a function of the ballistic power, PB. Here, we
find a strong linear correlation between the maximum force
and the ballistic power (R2 = 0.86; panel A) and moderate
linear correlation between the maximum athlete speed and
the ballistic power (R2 = 0.68; panel B). As a
result, the ballistic power, PB, is able to encapsulate informa-
tion linked to force and velocity profiling in a single metric
due to the positive linear correlations highlighted in Figure 6.

Potential psychological factors
From visual inspection of Figure 2, most metrics seem to pro-
duce an ‘elbow’ in the transition between the fourth and fifth
repetitions of each set, where the percentage value actually
increases slightly during the final repetition of a given set.
This tendency is most visible between repetitions 9− 10,
and to a lesser degree between repetitions 4− 5 and

Figure 3. Maximum normalized force (Fmax in N kg−1; panel A), maximum power (Pmax in Wkg−1; panel B), and ballistic power (PB in
Wkg−1; panel C) displayed as a function of the maximum athlete velocity (vmax in m s−1) for each repetition of the RSA test. For each
panel, a linear mixed effects model was fitted to the data points, with the corresponding fixed effects model equation, coefficient of
determination (R2), and Intraclass Correlation Coefficient (ICC) shown in the upper-left quadrant of each panel.

Figure 4. Panels A and B show the mass-normalized maximum force (Fmax in units of N kg−1 or m s−2) displayed as a function of the
maximum speed (vmax) obtained during each repetition of the RSA test for all 24 participating subjects. In panel A, the datapoints are
colored by the value of the Fv-offset (dFv), while panel B has the datapoints colored by the gradient (SFv) of the line of best fit applied to
each of the Fv curves.
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14− 15. Although not interpreted as empirical evidence, this
trend may suggest a psychological factor at play between the
penultimate and final repetitions of each sprint set. As such,
this exploratory observation should be considered as an area
for further investigation in follow-up RSA tests, including
those incorporating diverse ages and genders.

Discussion

Relationships between speed, force, and power
outputs
As revealed in the Results section, we find that the value of
Pmax occurs at progressively lower speeds throughout the
RSA test. This implies that the speed at which an athlete pro-
duces peak power reduces with fatigue (i.e., 4.46 ± 0.17 m
s−1 in repetition 1, compared with 3.99 ± 0.22 m s−1 in
repetition 15, providing an ∼11% reduction in the athlete
speed corresponding to peak power).

The approximately linear relationships displayed in
Figure 3 suggest that athletes with high velocity capabilities
(i.e., a relatively high vmax) also posses higher force and
power production capabilities. From examination of an ath-
lete’s power-velocity profiles (e.g., the solid purple curve in
Figure 1B), low values of kurtosis suggest that the peak of
the power-velocity curve is relatively flat, enabling high
power to be maintained across a broader velocity interval
before beginning to reduce.

The slope of the force-velocity curve, SFv (solid orange
line in Figure 1B), represents an index of an athlete’s indi-
vidual balance between their force and velocity outputs,
whereby a more negative SFv value (i.e., a steeper gradient)
indicates a more force-orientated Fv profile15 that is repre-
sented by a large applicable force, yet a relatively low max-
imum speed. Conversely, a less steep SFv value indicates a
more velocity-orientated Fv profile that is represented by
a relatively high maximum sprint speed, albeit with a
reduced amount of applicable force.

Figure 5. Scatter plots displaying the dependency of an athlete’s maximum sprint speed (vmax; top row, A and B) and maximum
applied force (Fmax; bottom row, C and D) on the Fv-offset (dFv ; left column) and the gradient of the line of best fit through the
corresponding Fv curve (SFv ; right column) metrics. Linear mixed effects models were fitted to the datapoints, with the corresponding
fixed effects equation, coefficient of determination (R2), and Intraclass Correlation Coefficient (ICC) listed in the corner of each panel.

1032 International Journal of Sports Science & Coaching 21(2)



Figure 3 indicates that while there are similar overall
trends between the maximum force, the maximum power,
and the ballistic power generated by athletes as a function
of maximum sprint speed, the lower ICC value of 7% that
is associated with PB indicates more athlete uniformity
across the average trends of ballistic power (when com-
pared to their maximum force and maximum power coun-
terparts) observed throughout the RSA test.

SFv and sprint performance
There is a very weak correlation between the slope of the
force-velocity profile, SFv, and an athlete’s maximum sprint
speed, vmax, as shown in panel B of Figure 5. As a result, we
suggest that accurate interpretation of calculated SFv values
may require athlete-specific investigations, especially since
the relatively large ICC value (30%) highlights how the
statistical behavior is significantly dependent on an individ-
ual athlete’s sprint characteristics.

Instead, we propose that the novel dFv metric, which is
the shortest distance between the origin and the linear line
of best fit through the athlete’s corresponding Fv data
(i.e., the Fv-offset), acts as a more useful indicator of overall
sprint performance than its SFv counterpart. This is a result
of the strong interplay between both the maximum sprint
speed (vmax) and the maximum force applied (Fmax) by the
athlete to the final value of the dFv metric, as indicated by
the strong positive linear relationships in panels A and C
of Figure 5. Hence, the dFv parameter may help sprint
(and subsequent fatigue) analysis remain independent of
additional athlete characteristics that are not directly related
to their Fmax and vmax metrics.

PB as an indicator of neuromuscular fatigue
Figure 2 suggests that measures of power (i.e., Pmax and, in
particular, PB) have greater sensitivity to fatigue than more

simplistic velocity magnitudes, perhaps due to the power
values depending on both the force and the velocity at
which it is applied. Across the first 10 repetitions, Pmax

reduces to slightly lower values than our proposed ballistic
power (PB) metric. However, in the final set, where players
are clearly under more physical stress due to the previous 10
repetitions, PB values are consistently lower across all 5
repetitions of the final set, hence highlighting its importance
as an indicator of longer-term (longitudinal) neuromuscular
fatigue. Due to the SFv measure not showing clear degrad-
ation in Figure 2 with each successive repetition and/or
set of the RSA test, we do not consider it as an accurate indi-
cator of athlete fatigue.

As seen in Figure 2, fatigue can be observed across mul-
tiple measurements during the RSA test. PFv metrics,
including parameters linked to the maximum sprint speed
(vmax), maximum applied force (Fmax), the peak athlete
power (Pmax), and the newly defined ballistic power (PB),
all displayed fatigue-based evolution as an overall percent-
age decrease of the relevant metric following the first repe-
tition of the RSA test. Specifically, the vmax, Fmax, Pmax, and
PB variables decreased by up to 17.1%, 19.7%, 29.3%, and
31.8%, respectively, across the RSA test. Based on these
results, it appears that the ballistic power, PB, is best suited
to detect the effects of longitudinal neuromuscular fatigue
when considered among other PFv related outputs.

As one might expect, there are noticeable recoveries
between sets (i.e., between repetitions 5− 6 and 10− 11)
when the athletes have an extra 02:30 recovery time avail-
able to them. Figure 2 suggests that measures of power (i.e.,
Pmax and, in particular, PB) have greater sensitivity to
fatigue than more simplistic velocity magnitudes, perhaps
due to the power values depending on both the force and
the velocity at which it is applied.

As can be seen in Figure 2, PB is more sensitive to
fatigue than Pmax. This may be a consequence of PB repre-
senting the full extent of the ballistic motion (i.e., the area

Figure 6. Scatter plots displaying the mass-normalized maximum applied force (Fmax; panel A) and maximum sprint speed (vmax; panel
B) as a function of the ballistic power, PB. Linear lines of best fit are applied to each of the scatter plots, with the corresponding best fit
equation, gradient uncertainty, and coefficient of determination (R2) listed in the upper-left corner of each panel.
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under the Fv curve) rather than a single maximal data point
(i.e., the turning point of the power-velocity curve). As
such, the greater sensitivity of the PB metric to athlete
fatigue may enable more representative understanding of
an individual’s sprint performance. Furthermore, the PB

metric may also more reliably help identify growing fatigue
within an athlete than other (less responsive) measures asso-
ciated with PFv analysis.

It must be highlighted that the minimum velocity value,
vmin, used in the definition of the ballistic power, PB

(Equation 1), was selected to be the first velocity measure-
ment of an athlete’s sprint that was >0.25 m s−1. This
threshold was chosen due to all athletes commencing their
RSA test from an approximate standing start. However,
we propose that the sensitive nature of the ballistic power
to athlete fatigue means it can be universally applied to real-
time situations involving invasive team sports and endur-
ance events. Here, it is unlikely that all ballistic movements
will be started from an almost stationary position. For
example, soccer players may undertake an explosive sprint
while already moving within a low-speed running environ-
ment, or cyclists may perform a rapid sequence of acceler-
ation to overtake a fellow competitor while already moving
at a cruising speed. As such, the vmin value can be carefully
refined to be sport and/or context specific, hence ensuring
its accuracy and reliability as a real-time fatigue indicator
across a wide variety of sports.

The reduction observed in PB is likely a result of
changes in magnitude and orientation of the athletes’
application of force following neuromuscular and con-
tractile changes over the course of the RSA test. Fatigue
compromises not only the ability to produce force, but
the effectiveness of the application on that force in the
horizontal direction.57 Further to this, acute fatigue has
been shown to concurrently decline maximum force and
velocity capacities, shifting the Fv curve downwards.58

These factors contribute to a sub-optimal mechanical pro-
file and a corresponding reduction in mechanical power.14

Considering these factors, PB appears to provide a reflec-
tion of neuromuscular fatigue that integrates the findings
of Morin et al.,57 Cross et al.,58 and Samozino et al.,14

rather than acting as a direct measure of sprint perform-
ance, which supports its potential as an active fatigue
monitor in applied settings.

Following on from the discussions above, while PB

appears to be the most sensitive metric to RSA
test-induced fatigue, what is currently unknown is
whether measurements of the ballistic power can have a
significant impact on RSA performance outcomes.
Commonly, attenuation in sprint performance is moni-
tored by a number of variables, including distance cov-
ered, time to completion in a set run, maximum speed
reached, etc. However, we propose that the PB measure-
ments may be an alternative, more sensitive measure of
performance based on the outcomes of the mixed effects

models, hence may be able to help refine training proto-
cols, ultimately benefiting the performance outcomes of
RSA tests. Future work should compare PB measurements
from RSA testing protocols that vary recovery times
between sprint efforts, with the recovery time that show-
cases the smallest degradation in PB guiding practitioners
when prescribing repeated sprint training. Similarly,
future work should also include measurements of PB

using testing protocols analogous to velocity-based train-
ing,59 whereby loads and/or recovery times are adjusted
on a set-by-set basis to better understand the sensitivity
of ballistic power measurements to RSA tests.

This study has investigated the response of several
traditional and novel PFv metrics. We note that the dFv
metric, while showing potential to indicate shifts in
the force-velocity relationship, when compared to
other PFv-derived metrics (such as the ballistic power,
PB) is not a sensitive representation of neuromuscular
fatigue.

Elbow effect – discussing psychological influence
Most of the metrics displayed in Figure 2 produce an
‘elbow’ in the transition between the penultimate and
final repetitions of each set, where the percentage value
unexpectedly increases slightly during the final repetition
of a given set. A similar effect has been observed in pre-
vious RSA testing programs,60 although no reasons for
this distinctive characteristic were put forward by the
authors.

While we cannot interpret the performance ‘elbow’
between fourth and fifth repetitions in each set of the RSA
test as empirical evidence, we propose the importance of
follow-up studies to investigate the presence of any under-
lying psychological reasons for this trend, whereby the ath-
letes may be aware that the fifth repetition will be their last
before a short rest period, hence they may exert themselves
more in the final repetition, knowing that they will be able
to rest once it is completed. Such psychological manifesta-
tions often come under the label ‘sandbagging’, which has
been observed in a number of explosive sports,61,62 includ-
ing high school and college athletics,63,64 cycling,65 and
soccer.66

Practical Applications

Real-time fatigue monitoring using GPS data
Athletes using GPS devices, during both training and
match scenarios, are able to have PB metrics tracked in
real-time. Practitioners should take repeated PB measure-
ments for each athlete, comparing them to both personal
baseline values and team-wide trends. A significant drop
in PB during maximal (or near-maximal) efforts may indi-
cate fatigue, warranting considerations of adjusted
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workload; both immediately and over time. For invasive
team sports, decreases in ballistic power measurements
will also provide coaching staff with real-time athlete
and team fatigue levels, helping them make informed deci-
sions regarding substitutions and/or formation changes.

In training environments, the implementation of our
PB methods may be somewhat analogous to the use of
velocity-based training (VBT59,67), which has been
shown to help induce neuromuscular adaptations and
reduce fatigue through the adjustment of applied loads
based on specific velocity movements. The heightened
sensitivity of power-based measurements (e.g., PB) may
help enable better granularity in fatigue identification,
where the principles may also be applied universally
across all ballistic movements, such as sprinting, team
sports, Olympic lifting, and plyometrics, including both
in training and during real-time match conditions.
Hence, establishing a value corresponding to the smallest
worthwhile change (SWC) would enable better identifi-
cation of individual athlete fatigue. However, the present
study is a proof-of-concept to showcase the ability of a
novel new metric, ballistic power (PB), to respond to
the neuromuscular fatigue of athletes involved in RSA
testing protocols. Therefore, we recommend that
follow-up, comprehensive studies (e.g., taking into
account larger, more diverse sample sizes and/or explor-
ing the real-time feasibility of this metric) are performed
to estimate the SWC linked to individual athlete fatigue,
which would enable a robust load management decision
tree to be constructed for coaches, instructors, and practi-
tioners alike.

Although the dFv metric captures shifts in the force-
velocity relationship, short-term training or monitoring
decisions may not be best based on this metric alone.
Instead, we proposed that the dFv metric can be employed
as a complementary tool alongside traditional PFv metrics
to provide a more complete view of changes in individual
PFv profiles. Furthermore, as a long-term tool, the dFv met-
ric may help showcase the development of youth athletes
since physiological changes and growth may potentially
manifest as increases in both the maximum applied force
and the maximum achieved velocity of the athlete, which
would be collectively represented by an increase in the
dFv magnitude.

Implementing repeated GPS-based sprint profiling
Data from maximal (or near-maximal) efforts can be used to
build a historical record of PFv profiles. This database
serves as a reference point for tracking player development
and identifying performance trends. Furthermore, in
return-to-play protocols, an athlete’s past PFv data can pro-
vide a ideal visionary benchmark, ensuring they regain pre-
injury sprint capacity before returning to competition.

Strengths
Traditionally, PFv metrics have been used to evaluate
neuromuscular power production in athletes. PFv metrics
have been shown to be reliably produced using GPS/
GNSS data in both isolated maximal sprint efforts, as well
as using large amounts of data collected in-situ during train-
ing and matches.68 However, these methods have draw-
backs, notably in how dedicated testing protocols impose
on practitioners and players, often requiring specialized
technology and expertise,25 and in how in-situ methods
require a large volume of data to generate sufficient number
statistics.10 Here, we introduce novel new metrics – in par-
ticular, the ballistic power, PB – which offers a multitude of
benefits over traditional PFv values, which we summarize
as:

1. PB is directly correlated with traditional PFv
metrics, such as the maximum applied force (Fmax)
and maximum sprint speed (vmax), as demonstrated
in Figure 6. The high R2 values observed in both
panels of Figure 6 highlight that the ballistic power,
PB, is able to encapsulate information linked to force
and velocity profiling in a single metric.

2. PB is more sensitive to neuromuscular fatigue than
other PFv metrics (see Figure 2), hence ensuring
that PB captures athlete performance degradation
more readily than other PFv-based variables.

3. PB can be calculated via a simple mathematical rela-
tionship (see Equation 1), ensuring computational
efficiency. Such processing simplicity allows real-
time computation from wearable GPS data that can
be performed via modern solutions such as cloud
computing, which can be integrated into existing
technologies for immediate fatigue assessment dur-
ing training sessions or matches.

4. Derivation of PB values no longer relies upon the
significant accumulation of large numbers of data-
points during matches (i.e., to ensure the Fv profile
is accurately compiled), or the time consuming
implementation of dedicated sprint sessions during
training. Instead, PB can be calculated from indi-
vidually identified sprints occurring in both matches
and training sessions alike, hence providing an effi-
cient and streamlined way to examine time-
dependent aspects of athlete fatigue.

As highlighted above, the present study introduces a new
method for quantitatively assessing an athlete’s capacity to
perform repeated explosive movements, hence demonstrat-
ing itself as a valuable tool for guiding training practices
and assessing performance outcomes. While the methods
outlined here focus on sprint running, they may be applied
to any explosive motion where velocity and acceleration
variables are measurable. The data collection process may
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also be adapted for different sports, as well as for adolescent
or less physically conditioned athletes.

Limitations
The study presented here employed 24 sub-elite, physically
active males. As a consequence, the results described may
not translate perfectly to the broader athletic population,
including female athletes, elite professionals, and adoles-
cents. As such, further development and refinement of our
presented methods should be performed in follow-up stud-
ies linked to more diverse pools of athletes. Additionally, as
the work presented here is an exploratory investigation, it
was not possible to undertake an a-priory study of ballistic
power signatures. Instead, we have utilized post-hoc ana-
lyses of effect sizes (e.g., through examination of Cohen’s
d values) to examine how our new metrics, notably the bal-
listic power, link to athlete fatigue.

The methods presented here were devised through the
use of a RSA test, which is more relevant to sports with
intermittent activity levels than, e.g., endurance or strength-
biased sports. In addition, the PFv profiles do not fully cap-
ture non-linear movement patterns, reactive decelerations or
multi-directional running, so future work may require vec-
tor (i.e., two-dimensional) velocity information to be incor-
porated into the methodology. Thankfully, the methods
presented here utilize GPS data, so motion vectorization
is entirely possible, although the reliability of such data
can be affected by environmental conditions so needs to
be treated carefully. Finally, the data collected during the
RSA test only accounts for fatigue caused by locomotion
and, hence, does not measure any physiological variables
or additional fatigue factors such as mental stress, physical
contact, game-specific intensity levels, etc., which are regu-
larly faced in real-world scenarios. Accounting for these
additional variables will likely require consultation with
trained mental wellbeing professionals and
muscular-skeletal consultants, in addition to higher-level
mixed effects modeling.

Finally, this study focuses on acute fatigue during a sin-
gle RSA testing session, hence the replication of results may
be somewhat affected by the sub-elite sample of partici-
pants, (small) errors associated with GPS units, and possible
unknown environmental factors from the outdoor testing
environment. Despite any potential limitations, the novel
metrics, PB and dFv, show promise as tool for real-time
fatigue monitoring and should be benchmarked further in
future data investigations.

Conclusion
During our investigation, we put forward two new metrics
for consideration, notably the shortest (perpendicular) dis-
tance from the origin to the line of best fit through an ath-
lete’s Fv data, dFv (or the Fv-offset), and the ballistic

power, PB, defined in Equation 1 as the area under the cor-
responding Fv profile. dFv is a metric that can be used in tan-
gent with the existing SFv measurement, which is the
gradient of the line of best fit applied to an athlete’s Fv
curve. As shown in Figure 4, dFv appears to be more sensi-
tive to overall Fv profiles than its SFv counterpart due to
increased sensitivities to both the maximum force (Fmax)
and velocity (vmax) values of the associated sprint. As
such, the Fv-offset (dFv) is likely to be a more useful indica-
tor of overall sprint performance than its Fv gradient (SFv)
counterpart. Importantly, the ballistic power metric, PB,
has been shown to be the most reactive to fatigue, hence
is likely to be an important parameter for athletes, coaches,
and sports practitioners alike in the examination of short-
and long-term fitness metrics. However there should be fur-
ther investigations undertaken into the applicability of these
methods in professional/elite cohorts and within female and
youth athletes, as well as how these metrics may be applied
in real-time situations to assist with aspects such as substi-
tution recommendations in invasive team sports.

Future studies should examine the practical utility of PB

in performance settings, specifically whether training pro-
grams informed by PB responses lead to improved training
adaptation, reduced injury risk, and/or increased player
readiness. A key research question will be determining
the SWC in PB that will require intervention by perform-
ance staff.
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