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ABSTRACT
Introduction. Frequency spectrum characteristics derived from raw accelerometry, such as spectral
purity, have the potential to reveal detailed information about children’s movement quality, but
remain unexplored in children’s physical activity. The aim of this study was to investigate and
profile children’s recess physical activity and movement quality using a novel analytical approach.
Materials and Methods. A powered sample of twenty-four children (18 boys) (10.5±0.6y,
1.44±0.09m, 39.6±9.5kg, body mass index; 18.8±3.1 kg.m2) wore an ankle-mounted accelerometer
during school recess, for one school-week. Hierarchical clustering, Spearman’s rho and the MannWhitney U test were used to assess relationships between characteristics, and to assess inter-day
differences. Results. There were no significant inter-day differences found for overall activity
(P>0.05), yet significant differences were found for spectral purity derived movement quality
(P<0.001). Overall activity was hierarchically clustered, and positively correlated, with spectral
purity (P<0.05). Discussion. This is the first study to report spectral purity derived movement
quality of children’s physical activity in an uncontrolled setting and our results highlight potential
for future research.
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PERFILES DE MOVIMIENTO DE CALIDAD
DE LOS NIÑOS DE 9-11 AÑOS, DURANTE EL RECREO

RESUMEN
Introducción. Las características del espectro de frecuencias derivadas de la acelerometría en bruto,
como la pureza espectral, tienen el potencial de revelar información detallada sobre la calidad del
movimiento de los niños, pero permanecen inexploradas en la actividad física de los niños. El
objetivo de este estudio fue investigar y describir la actividad física y la calidad de movimiento del
recreo de los niños, utilizando un enfoque analítico novedoso. Materiales y métodos. Una muestra de
veinticuatro niños (18 niños) (10.5 ± 0.6y, 1.44 ± 0.09m, 39.6 ± 9.5kg, índice de masa corporal, 18.8
± 3.1 kg.m2) usó un acelerómetro montado en el tobillo durante el recreo escolar, durante una
semana escolar. La agrupación jerárquica, la rho de Spearman y la prueba U de Mann-Whitney se
usaron para evaluar las relaciones entre las características y para evaluar las diferencias entre días.
Resultados. No se encontraron diferencias significativas entre días para la actividad general (P>
0.05), sin embargo, se encontraron diferencias significativas para la calidad del movimiento
derivado de la pureza espectral (P <0.001). La actividad global se agrupó jerárquicamente y se
correlacionó positivamente con la pureza espectral (P <0,05). Discusión. Este es el primer estudio
que informa la pureza espectral de la calidad del movimiento derivado de la actividad física de los
niños, en un entorno no controlado y nuestros resultados destacan el potencial para la
investigación futura.
Palabras clave: análisis de cluster, acelerómetro, pureza espectral, calidad de movimiento, recreo
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INTRODUCTION
Regular physical activity during childhood is associated with a lower risk of
obesity, insulin resistance, mental health problems, cardiovascular disease, and
improved academic performance (Blair et al., 1992; Strong et al., 2005; Telama
et al., 2013). However, a substantial number of children fail to engage in
sufficient physical activity outside of the school setting (Centers for Disease et
al., 2003; Erwin et al., 2014; Ridgers et al., 2012; van Sluijs et al., 2011).
Children spend a significant proportion of their waking time at school, and
noncurricular time, such as school recess periods, provide opportunities for
children to be physically active within the school environment (Jago et al., 2006;
Parrish et al., 2013). It is suggested that recess periods may provide the single
greatest opportunity during the school day to impact on child physical activity
levels (RWJF., 2007; Stratton et al., 2007; Yildirim et al., 2014).
A number of systematic reviews have examined correlates of children’s
physical activity (Hinkley et al., 2010; Ridgers et al., 2012; Van Der Horst et al.,
2007), yet these have predominantly focused on factors associated with wholeday activity. Ridgers et al. (2006) and Brusseau et al. (2012) highlighted that
overall recess physical activity remains statistically invariant day-to-day, whilst
Fairclough et al. (2012) reported no significant differences in recess activity
between a priori categorised low and high activity children. Physical activity is
a multidimensional behaviour influenced by numerous factors across several
domains (Hinkley et al., 2008), and Myer et al. (2015) suggested that focusing
on overall physical activity quantity alone overlooks other potentially
important information, like skill development, enjoyment, and importantly,
movement quality
It has recently been asserted that frequency-domain analytics may bridge
the gap between quality and quantity measures of human movement (Clark et
al., 2016a). Accelerometers that record the raw signal without undergoing
proprietary pre-processing have been used to provide additional information
about ambulation (Aziz et al., 2014; Aziz et al., 2011; Kangas et al., 2015), and to
assess characteristics such as ambulation smoothness, control, balance and
rhythmicity, albeit in adults (Bellanca et al., 2013; Brach et al., 2011).
Furthermore, frequency-domain features (how much of the signal lies within
each given frequency band over a range of frequencies), extracted from the
coefficients of raw accelerometry signals may be obtained by performing
spectral analysis (fast Fourier transformation (FFT)), and have been used for
physical activity energy expenditure estimation and activity type recognition
(Bonomi, 2013; Bonomi et al., 2009a; Bonomi et al., 2009b, 2012; Liu et al.,
2012). However, whilst novel measures have been used to quantify physical
activity energy expenditure and its classification, less attention has been given
to the quality of movement. Whilst quality may be a nebulous term, one
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operational and measurable definition is; the purity of the fundamental
frequency spectra (or signal), during human movement (Clark, 2017; Clark et
al., 2016b). Recently, Clark et al. (2017) demonstrated; movement quality in
young children, defined as above, was hierarchically clustered with motor
competence and overall activity, whilst significant differences were found in
movement quality between motor competence classifications.
Movement quality characteristics are retrievable using the harmonic
content of the accelerometer signal, by analysing the symmetry within a
movement (Gage, 1964; Smidt et al., 1971). The resulting spectral purity and
integrated accelerations of each movement can be analyzed to assess, and
profile, movement quality in children (Bellanca et al., 2013; Clark et al., 2016b;
Clark et al., 2015; Clark et al., 2017). This type of analysis is highly suggestive of
a fundamental feature of the neural control of movement and development of
motor control (Clark et al., 2017; Stergiou et al., 2011) and shown to be
representative of movement quality in standardised settings (Clark et al.,
2016b). However, this has not been investigated in an uncontrolled setting,
such as school recess, in primary school children. The aim of this study was to
investigate and profile children’s recess physical activity and movement quality
using a novel analytical approach.
MATERIALS AND METHOD

Participants and settings
A sample of 24 children (18 boys) (10.5±0.6y, 1.44±0.09m, 39.6±9.5kg,
body mass index; 18.8±3.1 kg.m2) volunteered to take part in this investigative
study from a primary school in the U.K. Participants were a voluntary subsample of 822 children (10.5±0.6y, 1.42±0.08m, 27.3±9.6kg, body mass index;
18.7±3.5 kg.m2) from 30 primary schools. Paired t-tests confirmed there were
no significant differences for any participant characteristics (height, weight,
BMI) between the whole and sub-sample (P>0.05). Sample size was calculated
based upon the primary outcome variable (spectral purity derived movement
quality), and assumes a mean spectral purity of 2.3 (see: (Clark et al., 2016b;
Clark et al., 2017) with a generous standard deviation of 2.0 (alpha = 0.05,
power = 0.90). The sample size estimation was based on the ability to detect a
minimum 2.0 %-unit change in spectral purity and highlighted 18 participants
would be required to find statistical significance. In order to account for
potential attrition, 24 participants were recruited. Prior to research
commencing, legal guardian informed consent and child assent was attained.
This research was conducted in agreement with the guidelines and policies of
the institutional ethics committee, and in accordance with the Declaration of
Helsinki.
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Instruments and procedure
Children took part in normal school-time recess (40 ± 4 minutes per day)
for one school week (five days), and physical activity was recorded using a
Micro Electro-Mechanical System (MEMS) based device (Wilson et al., 2007;
Wilson et al., 2006), which incorporated a tri-axial accelerometer with a ± 16g
dynamic range, 3.9mg point resolution and a 13-bit resolution (SlamTracker,
ADXL345 sensor, Analog Devices, Norwood, Massachusetts, USA). The
recording frequency was set to 40 Hz, and deemed appropriate based upon the
work of Clark et al. (2016c), where amplitude coefficient of variation and interdevice reliability was optimal (0.004%) at 40 Hz. In order to standardise data
collection, the MEMS device was housed in a small plastic case and affixed via a
Velcro strap to the lateral malleolar prominence of the fibula of the right leg of
all participants. Mannini et al. (2013) highlighted that for movement quality
characteristics related to ambulation, an ankle-mounted monitor may be most
suitable, and Barnes et al. (2016) systematically demonstrated that ankle
affixed accelerometers can be used to accurately compute gait. Data were
stored locally on the device, with no incidences of data loss. Children were also
asked to complete self-reported health and fitness questionnaires,
administered and graded according to standardised procedures, outlined in
Idler et al. (1997) and Marques et al. (2017) (Self-reported health) and Ortega
et al. (2011) (Self-reported fitness). The assessment of self-reported health and
fitness used in this study has been shown to be independently accurate and
valid in children (Idler et al., 1997; Marques et al., 2017; Ortega et al., 2011).
Anthropometrics
Stature (measured to the nearest 0.01m) and body mass (to the nearest
0.1kg) were measured using a stadiometer and digital scales (SECA, Hamburg,
Germany), respectively, using standard procedures (Lohmann et al., 1988).
Additionally, children were classified as either underweight (<5th percentile) (n
= 1), normal weight (5th to 85th percentile) (n = 16), overweight (>85th to <95th
percentile) (n = 5) or obese (≥ 95th percentile) (n = 2) (Cole et al., 2012).
Data analysis
Raw acceleration data were extracted from the MEMS device and
subsequently uploaded into MatLab (Mathworks, MATLAB version R2016a.
Natick, MA), where integrated acceleration and spectral purity were derived.
The characteristics used for analysis were derived from acceleration in the axis
along the lower leg towards the origin of motion, termed the radial axis. Briefly,
the integrated acceleration was determined using a full-wave rectification of
the integrated raw acceleration signal and correspondent to the computation
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used to derive activity counts by other commercial devices (i.e ActiGraph, for a
full description of the algorithm used see: van Hees et al. (2010)).
Accelerometer data taken from children performing varying forms of
ambulation were converted from the time into the frequency domain. In order
to convert the data into the frequency domain the Fast Fourier transform was
applied to the data. The Fast Fourier Transform computes the discrete Fourier
transform (DFT) of a sequence.
Let x_0,…,x_(N-1) be a sequence of N complex numbers. The Fast Fourier
transform computes the Discrete Fourier transform,
𝑁−1

𝑋𝑘 = � 𝑥𝑛 . 𝑒 −𝑖2𝜋𝑘𝑛/𝑁 𝑘 ∈ 𝑍
𝑛=0

EQUATION 1. Fast Fourier Transform.

Where, N = number of time samples, n = current sample under
consideration (0 .. N-1), xn = value of the signal at time n, k = current frequency
under consideration (0 Hertz up to N-1 Hertz), Xk = amount of frequency k in
the signal (amplitude and phase, a complex number), n/N is the percent of the
time gone through, 2 * pi (𝜋) * k is the speed in radians.sec-1, e^-ix is the
backwards-moving circular path.
In order to determine the quality of a child’s movement - ‘Spectral purity’
was calculated from the cumulative distribution function (CDF) of the
frequency spectrum. The CDF plot is used to generate a value for spectral
purity. The empirical CDF F(x) is defined as the proportion of X values less than
or equal to some value x. In this case, it is the number of values less than or
equal to some frequency in a spectrum being considered. A measure for
spectral purity is therefore considered to be the frequency at which the midway
point of the CDF (0.5) occurs. As a result, spectra that is 'clean', i.e. consisting of
a tall narrow peak at the fundamental frequency and only low amount of noise
and small harmonics will have a different value to spectra where there is lots of
noise, a shorter wider peak, and higher peaks at the harmonics. Spectral purity
measures how tightly the frequency components of the raw accelerations are
distributed using fundamental frequency to harmonics and the frequency
spectrum analysis is directly related to the ambulation of a participant (Barnes
et al., 2016; Clark et al., 2016b). Contextually, high spectral purity indicates that
smooth or cyclical, high periodicity movement has occurred.
Cluster analysis
Cluster analysis is an analytic procedure that reduces complex multivariate
data into smaller subsets or groups. Compared with other data reduction
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methods, such as factor analysis, clustering yields groupings that are based on
the similarity of whole cases, as opposed to the individual variables that
comprise those cases (Leonard et al., 2008). Cluster analysis is used for
profiling, or in the development of classification systems or taxonomies
(Leonard et al., 2008; Sokal et al., 1962). Numerous characteristics of
movement and lifestyle in adults and children (9-11y) can be reliably analysed
using cluster analysis (Clark et al., 2016b; Schonlau, 2002; Tonkin et al., 2012).
Further, Clark et al. (2016a) highlighted that cluster analysis is an analytical
tool that should be exploited in the analysis of human movement
characteristics.
The derived characteristics (integrated acceleration, integrated
acceleration coefficient of variation (CV), spectral purity, spectral purity CV,
BMI percentile, self-perceptions of health and fitness, gender) were normalised
to fall between the data range of 0 and 1, so that they could be compared and
input into an in-built clustering algorithm (MATLAB version R2016a). This
algorithm goes through multiple iterative processes to cluster the data along
the columns of the dataset. The similarity or dissimilarity between metrics was
determined by calculating the pairwise Euclidean distances between the values
of the different metrics.
d2SD= (xs−xt)(xs−xt)′

EQUATION 2. Euclidean distance.

Where, d is the Euclidean distance, xs and xt represent the data values being
compared, SD represents standard deviations.
Once the distances between the characteristics for each child were derived,
a linkage function was applied, to determine the proximity of the metrics to
each other. The characteristics were paired into binary clusters, which were
subsequently grouped into larger clusters until a hierarchical tree was formed.
The resulting clustergram was displayed as a heat map and dendrogram and
were displayed in terms of Z-score, derived using a standard formula: Z = (raw
score - mean) / standard deviation. The height of the link at which two
observations on the dendrogram were joined was analysed using cophenetic
distance (Equation 3), to demonstrate the similarity between two clusters
(Saracli et al., 2013; Schonlau, 2002; Sokal et al., 1962). The values for the
dendrogram linkages were subsequently normalised (0 to 1). The cophenetic
distance ratio for the overall clustergram was also measured to demonstrate
how successfully the dendrogram preserved the pairwise distances between
the original unmodeled data points (where 1 is maximum).
European Journal of Human Movement, 2017: 39, 143-160
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�∑𝑖<𝑗(𝑌𝑖𝑗 − 𝑦)2 ∑𝑖<𝑗(𝑍𝑖𝑗 − 𝑧)2

EQUATION 3. Cophenetic distance equation.

Where 𝑌𝑖𝑗 is the distance between objects 𝑖 and 𝑗 in 𝑌. 𝑍𝑖𝑗 is the cophenetic
distance between objects 𝑖 and 𝑗, from 𝑍. 𝑦 and 𝑧 are the average of 𝑌 and 𝑍,
respectively.
The whole raw acceleration signal was analysed over the duration of each
recess period, for each day (five in total), subsequently mean integrated
acceleration and spectral purity values for each day were assessed for
differences. A Shapiro-Wilk test was conducted to assess normality of
distribution, and data were found to be significantly different from normal (all
P<0.05). Therefore, non-parametric analyses were used, and were presented as
mean, median and upper and lower quartiles. The Kruskall-Wallis (KW) and
post-hoc Mann-Whitney U tests, with continuity correction and tie adjustment
(Gibbons et al., 2011), were used to determine differences between days, where
appropriate, whilst the Spearman’s rho test was used to identify correlation
coefficients between each characteristic. All inferential statistics were
performed using MatLab (Mathworks, version R2016a, Natick, MA) and
statistical significance was accepted at P≤0.05. Data were reported in graphical
and tabular format.

RESULTS
There were no significant inter-day differences found for integrated
acceleration (P>0.05), however, significant inter-day differences were found for
spectral purity derived movement quality (P<0.001). Post-hoc tests revealed
significant differences between multiple days (detailed in Table 1). Significant
positive and negative relationships were found between movement
characteristics, and are detailed in Table 2.
The clustergram illustrated that integrated acceleration and mean spectral
purity (cophenetic distance (CD): 0.22), integrated acceleration and selfperceived fitness/self-perceived health (both: CD: 0.22), mean spectral purity
and self-perceived fitness/self-perceived health (both: CD: 0.13), self-perceived
health and self-perceived fitness (CD: 0.02), gender and BMI percentile and
integrated acceleration CV (CD: 0.90), and finally, BMI percentile and integrated
acceleration CV (CD: 0.72), were clustered together (Figure 1), with a
cophenetic distance ratio for the overall clustergram of 0.96.
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TABLE 1
Descriptive data for integrated acceleration and spectral purity day-to-day variation.

IA

SP

Measure
Mean
Med
UQ
LQ
Mean
Med
UQ
LQ

Day 1
8.86
8.69
11.71
6.35
2.38
2.38
2.41
3.32

Day 2
9.09
8.61
9.97
7.37
2.46 *
2.47 *
2.53 *
2.41 *

Day 3
10.76
10.77
13.71
8.17
2.41#
2.42 #
2.47 #
2.34 #

Day 4
9.73
9.93
12.19
7.39
2.47 *
2.48 *
2.52 *
2.39 *

Day 5
10.32
10.12
12.78
8.14
2.67 *, #, ᶲ, ǂ
2.82 *, #, ᶲ, ǂ
2.9 *, #, ᶲ, ǂ
2.56 *, #, ᶲ, ǂ

IA: mean Integrated acceleration (arbitrary unit), SP: mean Spectral purity (arbitrary
unit), Med: Median, UQ: Upper quartile, LQ: Lower quartile. * denotes significant difference
vs. day 1, # denotes significant difference vs. day 2, ᶲ denotes significant difference vs. day 3,
ǂ denotes significant difference vs. day 4. Significance level: P≤0.05.
TABLE 2
Correlation coefficient matrix for movement characteristics.
IA
IA
IA CV
SP
SP CV
BMI%
SH
SF
Gender

-

IA CV
-0.05
(0.82)
-

SP
0.51
(0.01) #
-0.02
(0.92)
-

SP CV
0.12
(0.58)
-0.07
(0.75)
0.19
(0.39)
-

BMI %
-0.55
(0.005) #
0.06
(0.77)
-0.05
(0.79)
0.11
(0.62)
-

SH
0.54
(0.009) #
-0.01
(0.97)
0.65
(<0.001) ǂ
0.22
(0.31)
-0.53
(0.007) #
-

SF
0.47
(0.02) *
-0.001
(0.99)
0.50
(0.01) #
-0.13
(0.53)
-0.53
(0.008) #
0.68
(<0.001) ǂ
-

Gender
-0.09
(0.66)
-0.19
(0.37)
-0.32
(0.13)
-0.08
(0.72)
-0.002
(0.99)
-0.22
(0.31)
-0.28
(0.19)
-

Data reported as r value (P value). * denotes significance at P≤0.05. # denotes significance
at P≤0.01. ǂ denotes significance at P<0.001. IA: Integrated acceleration, IA CV: Integrated
acceleration coefficient of variation, SP: Spectral purity, SP CV: Spectral purity coefficient
of variation, BMI%: Body-mass index percentile, SH: Self-perceived health, SF: Selfperceived fitness.
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FIGURE 1. Colour gradation represent Z-scores in the Clustergram (for sex, grey denotes
male and white, female). The Dendrogram highlights linkage between two or more
characteristics. SP CV: spectral purity coefficient of variation, IA: integrated acceleration,
SP: spectral purity, SH: self-perceived health, SF: self-perceived fitness, IA CV: integrated
acceleration coefficient of variation, BMI%: body-mass index percentile.

DISCUSSION

Integrated acceleration and spectral purity
Novel characterisation of recess activity in this study, through spectral
purity derived movement quality, highlighted significant day-to-day variance
(Table 1). Congruent with previous research, the present study found that
children's overall activity (integrated acceleration) during recess can be
characterised as comparable across days (Fairclough et al., 2012; Ridgers et al.,
2006). Importantly, recess activities are volitional, though results reported in
the literature suggest that children are consistent in their choices due to factors
such as playground hierarchies that dictate activity choices. Thus impacting
upon the variability recorded, making recess characterisation using traditional
methods relatively straightforward (Ridgers et al., 2006). Advancing on
previous research, the present study utilised analyses of the entire raw
accelerometry signal, rather than the use of long epochs (> 5 s). Long epochs
may be too insensitive to accurately characterise sudden bouts of activity, and
concomitant frequency spectrum characteristics, highlighting the potential of
raw accelerometry (Barnes et al., 2016; Clark et al., 2016b).
European Journal of Human Movement, 2017: 39, 143-160
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In contrast to the lack of day-to-day variability of overall activity,
movement quality characteristics have been shown to be significantly different
between days in previous research in children (Clark, 2017; Clark et al., 2016b).
Further, in controlled settings, it has been highlighted that spectral purity
derived movement quality may be indicative of movement characteristics, such
as time to exhaustion, overall activity, stride angle and stride frequency, all
specifically relating to ambulation (Clark et al., 2016b). Recently, Clark et al.
(2017) reported that in young children, spectral purity derived movement
quality was significantly different between motor competency classifications (P
< 0.001), i.e. children who scored lower in standardised motor competency
assessment (MABC-2nd edition) also had a lower movement quality. However,
the present study found that spectral purity derived movement quality was
significantly different day-to-day (P<0.05) (Table 1). This novel finding
demonstrates that the periodicity of the signal is variable day-to-day, indicating
that the quality of activities and length of specific activities changes daily, even
though overall activity remains invariant, offering novel insight into recess
characterisation on a group and individual basis. Further, a tentative
interpretation of spectral purity derived movement quality is that fundamental
frequency and harmonic characteristics measured from an ankle worn
accelerometer reflect the movement quality of children. Contextually, the signal
characteristics of children’s movement were significantly higher on Day 5 vs.
Day 1, i.e. the raw accelerometric signals derived from movement were cleaner,
indicating a ‘higher’ movement quality on this day, whilst overall activity
remained invariant. This has important implications given variability is
intrinsic in all biological systems (Stergiou et al., 2011) and has been asserted
that an optimal state of variability that exhibits chaos is important for health
and functional movement (Cai et al., 2006; Rosano et al., 2007), and therefore
warrants a deeper investigation into signal characteristics of children’s
movement. In a comprehensive review, Stergiou et al. (2011) reported that
variability has an optimal chaotic structure and deviations from this state can
lead to biological systems that are either overly rigid and robotic or unstable.
Both result in systems (humans) that are less adaptable to perturbations, such
as those associated with unhealthy states or absence of skilfulness or control. It
was also concluded that novel exploration of movement would provide a
platform for better understanding human movement (Stergiou et al., 2011).
With regards to overall activity (integrated accelerations) and mean
spectral purity, traditional analytics highlighted a significant relationship
(r=0.51; P≤0.05), whilst hierarchical clustering yielded a cophenetic distance of
0.22 (Figure 1). Based upon previously reported cophenetic distances between
characteristics of movement (Clark et al., 2016b), and Clark et al. (2017)
demonstrating spectral purity hierarchically clusters with motor competence at
European Journal of Human Movement, 2017: 39, 143-160
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a cophenetic distance of 0.06, and integrated acceleration at 0.19, this indicates
some congruence in the relationship between movement quality and overall
activity in pre-adolescent children, and supports the notion that the underlying
frequency spectrum may be fundamentally linked to overall activity levels.
Table 1 highlighted that spectral purity derived movement quality may be
significantly higher or lower daily, this finding has important practical
implications related to physical activity intervention monitoring, at a group and
individual level, and necessitates deeper investigation. Metcalf et al. (2013)
reported that physical activity interventions, assessed using objective measures,
were ineffective, however, no movement quality, nor frequency domain,
measures were used in this meta-analysis. There is potential for future research
to consider overall activity levels in conjunction with spectral purity (and other
frequency spectra) derived movement quality measures to further interrogate
intervention effectiveness and the underlying factors of human movement.

Body-mass index, gender and self-perception
Traditional analytics highlighted significant (P<0.05) relationships
between overall activity (integrated acceleration) and, BMI percentile (r=-0.55),
self-perceived health (r=0.52) and self-perceived fitness (r=0.47). Whilst BMI
percentile was significantly correlated with, self-perceived health (r=-0.53) and
self-perceived fitness (r=-0.53). Seabra et al. (2012) reported children with
high BMI have lower levels of attraction to physical activity, lower perceived
physical competence and less parental physical activity support, which puts
them at greater risk of being physically inactive. Whilst, De Meester et al. (2013)
asserted a combination of high actual and perceived motor competence is
related to higher physical activity and lower weight status. Additionally, in the
present study, self-perceived health was significantly correlated with selfperceived fitness (r=0.68), whilst being hierarchically clustered at a cophenetic
distance of 0.02 (Figure 1). Although the low sample size utilised in this
investigative study restricts direct comparisons, this is correspondent to the
work of Peterson et al. (2003) who showed self-reported lifestyle and fitness
were strongly positively correlated.
Spectral purity derived movement quality was found to have a stronger
correlation and closer cophenetic distance (Figure 1) to self-perceptions of
health and fitness, than overall activity. This novel finding tentatively indicates
that movement quality may be more related to self-perceptions (of health and
fitness) than overall activity (integrated acceleration). Clark et al. (2016b),
Barnes et al. (2016) and (Clark et al., 2017)have previously demonstrated
spectral purity is a measure of movement qualities in a standardised setting,
and it is evident that this may translate to a measure of movement quality in
uncontrolled physical activity.
European Journal of Human Movement, 2017: 39, 143-160
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Limitations
The sample size utilised within this study was acknowledgedly small,
however was suitably powered to detect minimal changes in the primary
variable of interest, movement quality, day-to-day, albeit the current bank of
spectral purity derived movement quality data is low. Further, this study
demonstrates a novel methodological analysis technique, setting a benchmark
for further work. The authors recommend that a greater range of participants
now be investigated to test the robustness of this novel technique, and to
highlight whether school size and location impacts upon quality of movement
derived from raw accelerometry. Although the accelerometers used within this
study were custom-built, the protocol and analysis is repeatable using
commonly used accelerometers, such as Actigraph or GeneActiv; the authors
re-integrated the raw acceleration data in to, essentially, “counts” using a
publicly available algorithm (van Hees et al., 2010), and because many
commercial accelerometers have raw data available, researchers can begin to
investigate movement quality in their studies as well (i.e., a specific
accelerometer brand is unnecessary). The clustering algorithm used in this
study was structured using hierarchical methods pairing characteristics by
proximity, meaning inverse relationships may be difficult to highlight. On the
other hand, this can be overcome with careful interpretation of the clustergram,
in addition to other correlation analyses (i.e. Spearman’s rho). This study
employed novel accelerometer signal analytics i.e. spectral purity derived
movement quality, however, there are additional approaches that could be
employed, i.e. direct observational tools, and should be incorporated into future
research. Thereby further refining the assessment of movement quality, in-field.
The assessment of self-reported health and fitness used in this study, although
not validated in combination, has been shown to be independently accurate and
valid in children (Idler et al., 1997; Marques et al., 2017; Ortega et al., 2011),
and was not a primary outcome of the study.
CONCLUSION
The aim of this study was to investigate and profile children’s recess
physical activity and movement quality using a novel analytical approach. In
conclusion, this study found that spectral purity derived movement quality was
significantly different between days, whilst also being hierarchically clustered
with overall physical activity. Analyses of the frequency and harmonic content
of movement quality, using raw accelerometry, is demonstrably sensitive and
informative in investigating children’s physical activity, and should be better
exploited. This has important practical implications, particularly related to
future intervention monitoring and assessing human movement. Researchers
should consider exploring frequency spectrum derived quality and quantity of
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movement to further assess physical activity interventions, at a group and
individual level. Further research should seek to better quantify and qualify
physical activity in contextualised settings to enhance our understanding of
specific movement and ambulation patterns, with emphasis on development
through the ages and the utility of novel analytics.
ACKNOWLEDGMENTS
The authors wish to acknowledge and thank the parents, teachers and
children who were involved in the study. This research received no specific
grant from any funding agency in the public, commercial or not-for-profit
sectors. There are no conflicts of interest.

REFERENCES
Aziz, O., Park, E. J., Mori, G., & Robinovitch, S. N. (2014). Distinguishing the
causes of falls in humans using an array of wearable tri-axial accelerometers.
Gait Posture, 39(1), 506-512. doi: 10.1016/j.gaitpost.2013.08.034
Aziz, O., & Robinovitch, S. N. (2011). An analysis of the accuracy of wearable
sensors for classifying the causes of falls in humans. IEEE Trans Neural Syst
Rehabil Eng, 19(6), 670-676. doi: 10.1109/TNSRE.2011.2162250
Barnes, C. M., Clark, C. C., Holton, M. D., Stratton, G., & Summers, H. D. (2016).
Quantitative Time-Profiling of Children's Activity and Motion. Med Sci Sports
Exerc. doi: 10.1249/MSS.0000000000001085
Bellanca, J. L., Lowry, K. A., Vanswearingen, J. M., Brach, J. S., & Redfern, M. S.
(2013). Harmonic ratios: a quantification of step to step symmetry. J
Biomech, 46(4), 828-831. doi: 10.1016/j.jbiomech.2012.12.008
Blair, S. N., Kohl, H. W., Gordon, N. F., & Paffenbarger, R. S., Jr. (1992). How much
physical activity is good for health? Annu Rev Public Health, 13, 99-126. doi:
10.1146/annurev.pu.13.050192.000531
Bonomi, A. G. (2013). Towards valid estimates of activity energy expenditure
using an accelerometer: searching for a proper analytical strategy and big
data. J Appl Physiol (1985). doi: 10.1152/japplphysiol.01028.2013
Bonomi, A. G., Goris, A. H., Yin, B., & Westerterp, K. R. (2009a). Detection of type,
duration, and intensity of physical activity using an accelerometer. Med Sci
Sports Exerc, 41(9), 1770-1777. doi: 10.1249/MSS.0b013e3181a24536
Bonomi, A. G., Plasqui, G., Goris, A. H., & Westerterp, K. R. (2009b). Improving
assessment of daily energy expenditure by identifying types of physical
activity with a single accelerometer. J Appl Physiol (1985), 107(3), 655-661.
doi: 10.1152/japplphysiol.00150.2009
Bonomi, A. G., Plasqui, G., Goris, A. H., & Westerterp, K. R. (2012). Aspects of
activity behavior as a determinant of the physical activity level. Scand J Med
Sci Sports, 22(1), 139-145. doi: 10.1111/j.1600-0838.2010.01130.x
European Journal of Human Movement, 2017: 39, 143-160

155

Cain C. T. Clark; Claire M. Barnes; Huw D. Summers …

Profiling movement …

Brach, J. S., McGurl, D., Wert, D., Vanswearingen, J. M., Perera, S., Cham, R., &
Studenski, S. (2011). Validation of a measure of smoothness of walking. J
Gerontol A Biol Sci Med Sci, 66(1), 136-141. doi: 10.1093/gerona/glq170
Brusseau, T., Kulinna, P. H., Kloeppel, T., & Ferry, M. (2012). Seasonal variation
of American Indian children’s school-day physical activity Biomedical
Human Kinetics, 4, 82-87
Cai, L. L., Fong, A. J., Otoshi, C. K., Liang, Y., Burdick, J. W., Roy, R. R., & Edgerton,
V. R. (2006). Implications of assist-as-needed robotic step training after a
complete spinal cord injury on intrinsic strategies of motor learning. J
Neurosci, 26(41), 10564-10568. doi: 10.1523/JNEUROSCI.2266-06.2006
Centers for Disease, C., & Prevention. (2003). Physical activity levels among
children aged 9-13 years--United States, 2002. MMWR Morb Mortal Wkly
Rep, 52(33), 785-788
Clark, C. C., Barnes, C. M., Stratton, G., McNarry, M. A., Mackintosh, K. A., &
Summers, H. D. (2016a). A Review of Emerging Analytical Techniques for
Objective Physical Activity Measurement in Humans. Sports Med. doi:
10.1007/s40279-016-0585-y
Clark, C. C. T. (2017). Profiling movement and gait quality using accelerometry
in children's physical activity: consider quality, not just quantity. Br J Sports
Med. doi: 10.1136/bjsports-2017-098204
Clark, C. C. T., Barnes, C. M., Holton, M. D., Summers, H. D., & Stratton, G. (2016b).
Profiling movement quality and gait characteristics according to body-mass
index in children (9–11 y). Human Movement Science, 49, 291-300. doi:
http://dx.doi.org/10.1016/j.humov.2016.08.003
Clark, C. C. T., Barnes, C. M., Holton, M. D., Summers, H. D., & Stratton, G. (2016c).
SlamTracker Accuracy under Static and Controlled Movement Conditions.
Sport Science Review, 25(5-6), 321-344
Clark, C. C. T., Barnes, C. M., Mackintosh, K. A., Summers, H., & Stratton, G.
(2015). Quantitative, multiscale profiling of Motion and Activity in Children
20th Annual Conference of the European College of Sport Science. Malmo,
Sweden.
Clark, C. C. T., Barnes, C. M., Swindell, N. J., Holton, M. D., Bingham, D. D., Collings,
P. J., Stratton, G. (2017). Profiling Movement and Gait Quality Characteristics
in
Pre-School
Children.
J
Mot
Behav,
1-9.
doi:
10.1080/00222895.2017.1375454
Cole, T. J., & Lobstein, T. (2012). Extended international (IOTF) body mass index
cut-offs for thinness, overweight and obesity. Pediatr Obes, 7(4), 284-294.
doi: 10.1111/j.2047-6310.2012.00064.x
De Meester, F., Van Dyck, D., De Bourdeaudhuij, I., Deforche, B., & Cardon, G.
(2013). Do psychosocial factors moderate the association between
European Journal of Human Movement, 2017: 39, 143-160

156

Cain C. T. Clark; Claire M. Barnes; Huw D. Summers …

Profiling movement …

neighborhood walkability and adolescents' physical activity? Soc Sci Med, 81,
1-9. doi: 10.1016/j.socscimed.2013.01.013
Erwin, H. E., Ickes, M., Ahn, S., & Fedewa, A. (2014). Impact of Recess
Interventions on Children's Physical Activity-A Meta-Analysis. Am J Health
Promot, 28(3), 159-167. doi: 10.4278/ajhp.120926-LIT-470
Fairclough, S. J., Beighle, A., Erwin, H., & Ridgers, N. D. (2012). School day
segmented physical activity patterns of high and low active children. BMC
Public Health, 12, 406. doi: 10.1186/1471-2458-12-406
Gage, H. (1964). Accelerographic analysis of human gait. The American Society
of Mechanical Engineers, 64-WA/HUF-8, 1-12
Gibbons, J. D., & Chakraborti, S. (2011). Nonparametric statisical inference (5th
ed.). Boca Raton, FL: Chapman & Hall/CRC press, Taylor & Francis group.
Hinkley, T., Crawford, D., Salmon, J., Okely, A. D., & Hesketh, K. (2008). Preschool
children and physical activity: a review of correlates. Am J Prev Med, 34(5),
435-441. doi: 10.1016/j.amepre.2008.02.001
Hinkley, T., Salmon, J., Okely, A. D., & Trost, S. G. (2010). Correlates of sedentary
behaviours in preschool children: a review. Int J Behav Nutr Phys Act, 7, 66.
doi: 10.1186/1479-5868-7-66
Idler, E. L., & Benyamini, Y. (1997). Self-rated health and mortality: a review of
twenty-seven community studies. J Health Soc Behav, 38(1), 21-37
Jago, R., Watson, K., Baranowski, T., Zakeri, I., Yoo, S., Baranowski, J., & Conry, K.
(2006). Pedometer reliability, validity and daily activity targets among 10to
15-year-old
boys.
J Sports Sci, 24(3),
241-251.
doi:
10.1080/02640410500141661
Kangas, M., Korpelainen, R., Vikman, I., Nyberg, L., & Jamsa, T. (2015).
Sensitivity and false alarm rate of a fall sensor in long-term fall detection in
the elderly. Gerontology, 61(1), 61-68. doi: 10.1159/000362720
Leonard, S. T., & Droege, M. (2008). The uses and benefits of cluster analysis in
pharmacy research. Res Social Adm Pharm, 4(1), 1-11. doi:
10.1016/j.sapharm.2007.02.001
Liu, S., Gao, R. X., John, D., Staudenmayer, J. W., & Freedson, P. S. (2012).
Multisensor data fusion for physical activity assessment. IEEE Trans Biomed
Eng, 59(3), 687-696. doi: 10.1109/TBME.2011.2178070
Lohmann, T. G., Roche, A. F., & Martorell, R. (1988). Anthropometric
Standardization Reference Manual. Champaign, IL: Human Kinetics.
Mannini, A., Intille, S. S., Rosenberger, M., Sabatini, A. M., & Haskell, W. (2013).
Activity recognition using a single accelerometer placed at the wrist or ankle.
Med
Sci
Sports
Exerc,
45(11),
2193-2203.
doi:
10.1249/MSS.0b013e31829736d6
Marques, A., Mota, J., Gaspar, T., & Gaspar de Matos, M. (2017). Associations
between self-reported fitness and self-rated health, lifesatisfaction and
European Journal of Human Movement, 2017: 39, 143-160

157

Cain C. T. Clark; Claire M. Barnes; Huw D. Summers …

Profiling movement …

health-related quality of life among adolescents. Journal of Exercise Science &
Fitness, 15, 8-11
Metcalf, B., Henley, W., & Wilkin, T. (2013). Republished research: effectiveness
of intervention on physical activity of children: systematic review and metaanalysis of controlled trials with objectively measured outcomes (EarlyBird
54). Br J Sports Med, 47(4), 226. doi: 10.1136/bjsports-2013-e5888rep
Myer, G. D., Faigenbaum, A. D., Edwards, N. M., Clark, J. F., Best, T. M., & Sallis, R.
E. (2015). Sixty minutes of what? A developing brain perspective for
activating children with an integrative exercise approach. Br J Sports Med,
49(23), 1510-1516. doi: 10.1136/bjsports-2014-093661
Ortega, F. B., Ruiz, J. R., Espana-Romero, V., Vicente-Rodriguez, G., MartinezGomez, D., Manios, Y., . . . group, H. s. (2011). The International Fitness Scale
(IFIS): usefulness of self-reported fitness in youth. Int J Epidemiol, 40(3),
701-711. doi: 10.1093/ije/dyr039
Parrish, A. M., Okely, A. D., Stanley, R. M., & Ridgers, N. D. (2013). The effect of
school recess interventions on physical activity : a systematic review. Sports
Med, 43(4), 287-299. doi: 10.1007/s40279-013-0024-2
Peterson, D. F., Degenhardt, B. F., & Smith, C. M. (2003). Correlation between
prior exercise and present health and fitness status of entering medical
students. J Am Osteopath Assoc, 103(8), 361-366
Ridgers, N. D., Salmon, J., Parrish, A. M., Stanley, R. M., & Okely, A. D. (2012).
Physical activity during school recess: a systematic review. Am J Prev Med,
43(3), 320-328. doi: 10.1016/j.amepre.2012.05.019
Ridgers, N. D., Stratton, G., Clark, E., Fairclough, S. J., & Richardson, D. J. (2006).
Day-to-day and seasonal variability of physical activity during school recess.
Prev Med, 42(5), 372-374. doi: 10.1016/j.ypmed.2006.01.017
Rosano, C., Brach, J., Studenski, S., Longstreth, W. T., Jr., & Newman, A. B. (2007).
Gait variability is associated with subclinical brain vascular abnormalities in
high-functioning older adults. Neuroepidemiology, 29(3-4), 193-200. doi:
10.1159/000111582
RWJF. (2007). Robert Wood Johnson Foundation. Recess Rules - Why the
undervalued playtime may be America’s best investment for healthy kids and
healthy schools.
http://www.rwjf.org/files/research/sports4kidsrecessreport.pdf.
Saracli, S., Dogan, N., & Dogan, I. (2013). Comparison of hierarchical cluster
analysis methods by cophenetic correlation. Journal of Inequalities and
Applications, 203, 1-8
Schonlau, M. (2002). The Clustergram: A graph for visualizing hierarchical and
non-hierarchical cluster analyses. The Stata Journal 3, 316-327
European Journal of Human Movement, 2017: 39, 143-160

158

Cain C. T. Clark; Claire M. Barnes; Huw D. Summers …

Profiling movement …

Seabra, A. C., Maia, J., Seabra, A., Welk, G., Brustad, R., & Fonseca, A. M. (2012).
Evaluating the Youth Physical Activity Promotion Model among Portuguese
Elementary Schoolchildren. J Phys Act Health
Smidt, G. L., Arora, J. S., & Johnston, R. C. (1971). Accelerographic analysis of
several types of walking. Am J Phys Med, 50(6), 285-300
Sokal, R. R., & Rohlf, J. (1962). The comparison of dendrograms by objective
methods. Taxon, 11, 33-40
Stergiou, N., & Decker, L. M. (2011). Human movement variability, nonlinear
dynamics, and pathology: is there a connection? Hum Mov Sci, 30(5), 869888. doi: 10.1016/j.humov.2011.06.002
Stratton, G., Ridgers, N. D., Fairclough, S. J., & Richardson, D. J. (2007). Physical
activity levels of normal-weight and overweight girls and boys during
primary school recess. Obesity (Silver Spring), 15(6), 1513-1519. doi:
10.1038/oby.2007.179
Strong, W. B., Malina, R. M., Blimkie, C. J., Daniels, S. R., Dishman, R. K., Gutin,
B., . . . Trudeau, F. (2005). Evidence based physical activity for school-age
youth. J Pediatr, 146(6), 732-737. doi: 10.1016/j.jpeds.2005.01.055
Telama, R., Yang, X., Leskinen, E., Kankaanpaa, A., Hirvensalo, M., Tammelin,
T., . . . Raitakari, O. T. (2013). Tracking of Physical Activity from Early
Childhood through Youth into Adulthood. Med Sci Sports Exerc. doi:
10.1249/MSS.0000000000000181
Tonkin, J. A., Rees, P., Brown, M. R., Errington, R. J., Smith, P. J., Chappell, S. C., &
Summers, H. D. (2012). Automated Cell Identification and Tracking Using
Nanoparticle Moving-Light-Displays. Plos One, 7(7). doi: ARTN e40835
DOI 10.1371/journal.pone.0040835
Van Der Horst, K., Paw, M. J., Twisk, J. W., & Van Mechelen, W. (2007). A brief
review on correlates of physical activity and sedentariness in youth. Med Sci
Sports Exerc, 39(8), 1241-1250. doi: 10.1249/mss.0b013e318059bf35
van Hees, V., Pias, M., Taherian, S., Ekelund, U., & Brage, S. (2010). A method to
compare new and traditional accelerometry data in physical activity
monitoring IEEE International Symposium A World Wireless, Mobile
Multimedia Network.
van Sluijs, E. M., Kriemler, S., & McMinn, A. M. (2011). The effect of community
and family interventions on young people's physical activity levels: a review
of reviews and updated systematic review. Br J Sports Med, 45(11), 914-922.
doi: 10.1136/bjsports-2011-090187
Wilson, R. P., Shepard, E. L., & Liebsch, N. (2007). Prying into the intimate
details of animal lives: Use of a daily diary on animals. Endangered Species
Research, 3. doi: 10.3354/esr00064
Wilson, R. P., White, C. R., Quintana, F., Halsey, L. G., Liebsch, N., Martin, G. R., &
Butler, P. J. (2006). Moving towards acceleration for estimates of activityEuropean Journal of Human Movement, 2017: 39, 143-160

159

Cain C. T. Clark; Claire M. Barnes; Huw D. Summers …

Profiling movement …

specific metabolic rate in free-living animals: the case of the cormorant. J
Anim Ecol, 75(5), 1081-1090. doi: 10.1111/j.1365-2656.2006.01127.x
Yildirim, M., Arundell, L., Cerin, E., Carson, V., Brown, H., Crawford, D., . . .
Salmon, J. (2014). What helps children to move more at school recess and
lunchtime? Mid-intervention results from Transform-Us! clusterrandomised controlled trial. Br J Sports Med, 48(3), 271-277. doi:
10.1136/bjsports-2013-092466

European Journal of Human Movement, 2017: 39, 143-160

160

