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The Intensity Inequality index for physical activity: 

a new metric for integrative analysis of movement 
 

 

Abstract 

 

Background: Wearable sensors recording acceleration provide a powerful tool for analysis of physical 

activity (PA). Continuous, high-rate data acquisition over extended periods gives highly resolved 

measurement of movement intensity. Whilst increased complexity of PA analytics allows for deeper 

insight it brings a challenge to statistical testing, where commonly used approaches require a single 

defining metric for PA per participant. Methods: We adapt an Econometrics measure to obtain a 

statistical test metric for movement intensity - the intensity inequality index, 𝐼ஷ. This is a ‘Gini 

coeƯicient for movement’ that quantifies the inequality in distribution of time spent across a range of 

activity intensity values. The 𝐼ஷ metric is calculated using a graphical method on plots of cumulative 

time versus cumulative intensity level. Hypothesis testing of 𝐼ஷ is performed on 24-hour activity traces 

of 58 children, aged 7-11 years, to assess statistical diƯerences in PA between typically developing 

children (TD) and those suspected of having developmental coordination disorder (sDCD). Results: 

The 𝐼ஷ test metric provided high statistical confidence with low sample numbers: p-value < 0.05 for n ≥ 

30. When diƯerentiating between groups 𝐼ஷ halved the sample size required for a statistical power of 

80% at  = 0.05, in comparison to the alternative metrics of intensity gradient or log ratio of minutes at 

low and moderate-high intensity. Conclusions: The inequality index provides a metric that is based on 

the accumulated time-counts across an activity intensity distribution. This integrative description of 

the distribution makes it a powerful statistical metric for PA. 
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Background 

The quantification of physical activity (PA), both in duration, intensity and volume, is essential in 

assessing the relationship and impact of movement behaviour on health outcomes.1,2 To this end, 

acceleration is the predominant measurement variable of choice3,4 and is routinely measured using 

electronic sensors (accelerometers).5 The translation of acceleration into PA usually involves 

combination of tri-axial vectors into a single normalised summary metric, e.g. mean absolute 

deviation (MAD), monitor independent movement summary (MIMS) or Euclidean norm minus one 

(ENMO),6  together with time integration over a defined epoch (generally 1-60 seconds) to provide an 

activity volume metric such as steps,7,8 or classification into broad activity levels using pre-determined 

acceleration cut-point values (i.e. sedentary, light, moderate-to-vigorous).9 Whilst the discrimination 

of active periods from sedentary behaviour is epidemiologically important,10-12 utilising richer metrics 

beyond cut-points can further diƯerentiate volume and intensity of activity,13-15 and describe the full 

spectrum of measured intensity and distribution of daily activity in more detail.16,17 This has been aided 

by the improvement of wearable, low-cost sensors capable of measuring acceleration with high 

temporal resolution (100 Hz) and with suƯicient on-board memory to store data from a full week of 

measurement. While these sensors continuously monitor PA intensity throughout the day, there is still 

significant potential in developing metrics that fully reflect the power of this metrology to improve the 

quality, eƯiciency and interpretation of surveillance, observation and intervention studies in the field.  

 

A full description of the range of exertion during PA is provided by frequency distributions of time spent 

across quasi-continuous definitions of intensity level18, sometimes referred to as the PA intensity 

spectrum. This is quantified by the intensity gradient, Igrad
 : a single metric corresponding to the slope 

of the regression line to the distribution.16,18 Given the opportunity for the development of new 

analytics in this field of research we review alternative measures to Igrad, which may provide greater 
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power when testing for statistical diƯerences between groups or across interventions. There is a 

significant opportunity to capture the heterogeneity in PA intensity with a single integrative measure – 

i.e. to find a quantifier of the diƯerence between frequency distributions. While this is a new concept 

in PA research, Econometrics, has a rich literature on the quantification of wealth distributions across 

a population.19-21 A range of statistical metrics based on variance,20 rank ordering,20 entropy,22 or 

obtained from graphical constructions19 have been widely used. These wealth inequality metrics 

describe resource allocation, where the resource is the monetary value of wealth, and the distribution 

considered is that across a given human population. The key step change in the context of PA is that 

the same metrics can be used, with minutes-spent being the resource that is allocated across an 

activity intensity (ENMO) range. 

 

The use of a metric based on the PA intensity spectrum undoubtedly adds complexity to data 

calculation and interpretation in comparison to averaged metrics or activity cut-points. However, 

whilst the methods will seem unfamiliar to some in the field, they are standard practice in other 

scientific disciplines, and the benefits of using a more nuanced descriptor of this type for PA analysis 

have already been demonstrated in the intensity gradient metric.16,17  The central contribution of this 

work lies in its ability to harness significantly more data than conventional approaches, thereby 

increasing statistical power. This addresses a persistent limitation in device-based physical activity 

measurement: high variance caused by excessive data reduction. By minimizing unnecessary 

reduction, our approach enables more precise estimation with smaller sample sizes. This has 

meaningful implications for the design of intervention and cohort studies, potentially reducing both 

sample size requirements and associated funding needs. Given the high costs of physical activity 

measurement in large-scale studies, we believe our method provides a cost-eƯective and scalable 

alternative. This could be particularly valuable in resource-constrained contexts and for funding 

bodies seeking eƯiciency without compromising data quality.  



The intensity inequality index for PA 
 

 

4 
 

 

A framework for analysing the ‘equality’ of distribution of a variate across a value range was presented 

by Dalton, over a century ago.23 This is based on a concept of equality of allocation across the 

frequency distribution, measured by an inequality metric which is equal to 1 for a uniform distribution 

(constant count frequency across the range) and equal to 0 for maximal concentration of resource into 

a single allocation unit (e.g. all wealth held by a single individual). Dalton uses the compositional 

nature of a fixed-resource allocation24,25 to construct a model with which to compare distributions. A 

reduced allocation of resource to 1 level must mean an increase at another, this concept of a ‘transfer’ 

of resource can be used to assess the capability of a proposed metric to capture diƯerences between 

distributions.26 For example, a simple measure of resource allocated  to diƯerent ranges, such as 

quartiles, quantifies diƯerent dispersions but does not provide a unique value – local transfers 

between close-valued distribution bins change the distribution but may leave the quartile values 

unaltered. For the same reason, metrics of PA based on time spent in diƯerent intensity categories 

(e.g. log ratios of minutes at diƯerent levels)27 will not resolve diƯerences due to reallocation of time 

within a category, e.g. transfer of time from moderate to vigorous intensity. The standard deviation of 

the distribution metric quantifies diƯerences at individual bin level but is limited to using a common 

reference point - the mean value. A more discriminatory metric is provided by the Gini coeƯicient,28 

this is based on cumulative distributions which incorporate information from across the distribution 

through summation of frequency values. This provides the Gini coeƯicient with high statistical power 

and it is the most widely used measure of wealth inequality.29 It is commonly applied to wealth 

distributions across a human population but has also been applied to PA research to quantify the 

distribution of activity metrics across a population.30,31 In this paper we adapt the mathematical 

formulism of the Gini coeƯicient in a diƯerent way, applying it to the distribution of time across PA 

intensity level, that is, it quantifies the PA intensity distribution from an individual rather than the 

activity distribution across a cohort. We define an inequality index of PA intensity – referred to as 𝑰ஷ, 

which is based on cumulative summations of minutes spent at diƯerent activity intensity levels and 
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thus introduces a novel statistical metric for developing research designs and new insights in exercise 

science.    

 

Within the collection of potential descriptors of PA, Igrad and Ιஷ are similar in that they both seek to 

provide a metric that describes the intensity distribution of activity. We therefore briefly compare and 

contrast the 2 metrics. Both use the distribution of minutes spent across a range of intensity values; 

Igrad is based on data regression and formulated as the slope of the regression line, Ιஷ is based on 

summation of data values and formulated as the inequality of the minute counts relative to a uniform 

distribution. Igrad may be limited due to the assumption of linearity in the log-log data, thus the R2 

regression value must be considered alongside the value of the metric; the main limitation to Ιஷ is that 

it is not unique – the unevenness of counts is quantified rather than the absolute position within the 

distribution, diƯerent distributions may therefore give identical inequality index values. Both metrics 

have an immediate interpretation – changes in the slope of the distribution indicates movement of 

time spent from high/low to low/high intensity; greater inequality stems from concentration of time 

into limited spans of intensity levels. Ιஷ also provides a bounded numerical range with clear limiting 

values, 0 → equal time spent at all intensities, 1→ all time spent at one intensity. Finally, Ιஷ clearly 

diƯers from Igrad in that it makes no assumption as to the form of the data and can calculate the 

cumulative time-spent from any given intensity distribution. In application both metrics provide 

additional discrimination over simple activity means or blunt categorisation into a few activity levels. 

Their relative performance will be dependent on the specifics of the given dataset and so Ιஷ is best 

viewed as an additional statistical tool that sits alongside Igrad , with the choice between the 2 metrics 

needing to be based on trial application rather than decided a-priori.    

 

The aim in this paper is to present the new metric, Ιஷ and demonstrate its validity for PA analysis 

through application to data acquired in a study by Swindell et al of motor competence in school-age 
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children.32 The hypothesis being that greater statistical discrimination is possible due to the 

integration of PA intensity information within this intensity inequality index. Motor competence is 

recognised as an important enabler of PA and several systematic reviews have demonstrated a 

positive association between motor competence and PA.33,34 Recent research has documented high 

rates of poor motor competence (30–77%) in school-age children, with 5–6% of this group diagnosed 

as having Developmental Coordination Disorder (DCD) – a neurodevelopmental disorder 

characterised by a marked impairment of motor competence.35 Swindell’s study32 provides wide 

heterogeneity between participants in the intensity distribution of PA, thus is useful to test new 

analytics in PA research. In this study, we use 𝐼ஷ as a test statistic to describe the active parts of 24-

hour movement behaviours in children, classified into typically developing (TD) and suspected DCD 

(sDCD) groups, and compare it to alternative metrics. 

 

Methods 

Participants and settings  

All data were collected from the Moves-UP project, a school-based intervention aimed at improving 

motor coordination in primary school children with suspected developmental coordination disorder 

(sDCD).32 Only baseline data from the project was used for this study. The protocols for the project 

were approved by the Swansea University ethics committee (approval no: 3 2023 6474 6381) and 

written informed consent (Parents and schools) and assent (children) were obtained from all 

participants prior to data collection. Children from four schools in Swansea, participated in this study. 

Data was collected between the 1st of November 2023 and the 30th of January 2024 from a 

convenience sample that included 58 children (55% boys, aged 8.6 1.6 years). 

Measurements  

Participants wore an Axivity AX3 (Axivity Ltd, Newcastle, UK) accelerometer on the non-dominant wrist 

24 hours per day for 7 days with accelerations recorded at 100 Hz and a dynamic range of  8 g.36 Data 
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were downloaded using OmGui open-source software (OmGui v 1.0.0.43, Open Movement, Newcastle 

University, UK). All data were processed in Matlab (MathWorks, Natick, MA, U.S.A.). Raw triaxial 

accelerations, 𝑎𝑥, 𝑎𝑦 and 𝑎𝑧, were converted into a single, scalar measure of acceleration using the 

Euclidean Norm minus one (ENMO) with acceleration in mg units:  

𝐸𝑁𝑀𝑂 = ඥ𝑎𝑥ଶ + 𝑎𝑦ଶ + 𝑎𝑧ଶ − 1000  [equation 1] 

ENMO values were averaged over 1-second epochs for further analysis.6 Negative values were rounded 

to zero. The purpose of the study was to assess metrics that can quantify movement intensity, it did 

not aim to accurately classify periods of inactivity. A straightforward approach was therefore taken to 

data filtering that selected only data from a 24-hour period corresponding to movement. Non-active 

periods (sleep, inactivity or non-wear time) were treated as a single class, defined by a threshold: 

ENMO < 1 mg. The 1 mg threshold was chosen as a reasonable level based on calculation of ENMO 

during sleep periods of the 24-hour trace. We wish to remove periods with negligible acceleration 

(inactivity) but keep data at low acceleration (what we would refer to as sedentary time). Low-level 

acceleration that normally falls within a ‘sedentary’ classification was kept in the data trace. The mean 

inactive time per day was 1132192 minutes and is comparable to that measured in similar studies16. 

Participants were included provided at least one full 24-hour period was recorded and all days on 

which the sensor was worn were included (weekdays and weekends). PA cut-points typical of reported 

values were used to define sedentary behaviour (SB), low intensity physical activity (LPA), and 

moderate to vigorous physical activity (MVPA), (12 mg ≤ SB ≤ 50 mg , 50 mg < LPA < 200 mg, 200 mg ≤ 

MVPA).32, 37, 38  

Motor coordination  

To assess potential risk of DCD, parents/carers of each participating child completed the 

Developmental Coordination Disorder Questionnaire (DCDQ+).39  Children who scored below 56 (out 

of 75) were classified as sDCD for subsequent analysis. To mitigate against potential response bias, 
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respondents were not given information of survey threshold or outcomes. Furthermore, teachers 

provided support in completing the questionnaire to parents/guardians who needed it. 

Statistical methods 

Intensity gradient: The variation in activity level was visualised through the intensity distribution, this is 

a time histogram in which the 1440 minutes from a  24 hour period are binned according to ENMO 

level.17,18 100 bins were used with either a linear binning, 𝐸𝑁𝑀𝑂(𝑛)ଵ:ଵ଴଴ = 𝑛 × 25 mg, or a logarithmic 

binning, 𝐸𝑁𝑀𝑂(𝑛)ଵ:ଵ଴଴ = 10௡/ଷ଴ mg (the rationale for this is explained in the Results section). The 

slope of the intensity gradient, Igrad
  was calculated using linear regression on the linearly binned, time-

ENMO distribution.18   

Inequality index: The intensity gradient is quantified by the intensity inequality index, 𝐼ஷ. This is 

obtained from cumulative distributions of activity time (minutes) and ENMO level (the bins of the 

intensity distribution). Graphically, this is akin to a P-P plot of cumulative distributions,40 a specific 

instance of which – the Lorenz curve, is commonly used in economics to assess wealth distribution 

across a population.19 The wealth inequalities described by a Lorenz curve are quantified by the Gini 

coeƯicient,28 a metric that spans a range of 0 → 1, where a value of 1 indicates maximum inequality (all 

wealth held by a single individual) and a value of 0 indicates equal sharing of wealth between all 

individuals.  The activity intensity inequality index, 𝐼ஷ, presented here adapts the formulism of the Gini 

coeƯicient, substituting allocation of activity minutes for allocation of wealth. The value of 𝐼ஷ can be 

graphically obtained from areas in a P-P plot (see figure 1 and accompanying text), ), It is 

mathematically defined as the diƯerence in minutes accumulated across the measured intensity 

distribution from that which would accumulate with uniformly distributed time, summed over the 

range of activity intensities:   

𝐼ஷ = 2 ×
∑ ቂ∑ ௠೔ି௝௠ഥ

ೕ
೔సభ ቃ೙

ೕసభ

௡
  [equation 2] 
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Where 𝑚௜   represents minutes spent at activity intensity level 𝑖, 𝑚ഥ  is the average minutes per intensity 

level and 𝑛 is the total number of bins (𝑛 = 100 for all calculations shown). Note: in this formulation the 

minute counts are calculated as fractional values, i.e. ∑ 𝑚௜
௡
௜ୀଵ = 𝑛𝑚ഥ = 1. The intensity distribution for 

PA is naturally heavily biased to low ENMO values, to ensure good discrimination across the range of 

activity intensity we therefore use the log10 ENMO bin-values described above and express 𝑚௜ in log10 

units. As the 𝐼ஷ index is based on cumulative fractional distributions, it remains valid under this 

logarithmic scaling.  

Wilcoxon Rank testing: The 𝐼ஷ index is non-normal and so the non-parametric Wilcoxon Rank test was 

used for statistical hypothesis testing. Random sampling from the set of 24-hour activity profiles (n = 

336) was used to calculate statistical p-values. At each specified sample size, N24 hour, the Wilcoxon 

rank test was computed for 1,000 random selections of size N24 hour.  The quoted p-value is the mean 

value from the 1,000 runs. 

Statistical power:  The non-normality of the inequality test statistic invalidates standard references or 

calculators for statistical power,41 for this reason we adopted a Monte Carlo simulation approach.42 

The Wilcoxon rank test was performed 1,000 times for random selections of N24 hour traces of 24-hour 

activity. Testing of sample pairs where both are activity profiles of typically developing children (TD) 

provides the distribution of the Wilcoxon test statistic where the null hypothesis holds true. Testing of 

TD activity profiles versus sDCD profiles, provides the distribution of the Wilcoxon test statistic where 

the null hypothesis is rejected. Comparison of the overlap of the two test statistic distributions 

provides Type I () and Type II () errors and the calculation of statistical power. 
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Figure 1 – (A) Cumulative time versus cumulative intensity for a typical 24-hour activity trace. (B) 

Graphical calculation of 𝐼ஷ from area under the Lorenz curve. ENMO indicates Euclidean norm minus 

one; LPA, low-intensity physical activity; MVPA, moderate to vigorous physical activity 

 

Results 

Profiling the intensity of physical activity 

A complete description of PA intensity and duration is provided by a time-intensity, frequency 

distribution.17 As defined by Rowlands et. al.  this is a distribution of time spent across activity levels, 

where the ENMO value of measured acceleration is the intensity metric. This is displayed on a ln-ln 

plot (example shown in figure 2A). The logarithmic axes ensure that the small fractions of time spent in 

high intensity activity are clearly visible.  

 

 

 

 
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Figure 2 — Frequency distributions of time spent at diƯerent PA intensity. (A) Linear ENMO bins. (B) 

Log10 ENMO bins. ENMO indicates Euclidean norm minus one; LPA, low-intensity physical activity; 

MVPA, moderate to vigorous physical activity; PA, physical activity; SB, sedentary behavior. 

 

Whilst the display uses a logarithmic intensity-axis, the distribution is formed by a linear time-binning 

(ENMO = 25 mg). However, the spread of time spent at diƯerent activity levels is far from linear as most 

of the day is spent in sedentary behaviour (SB) or light activity (LPA). The distribution of plot points is 

therefore highly skewed, i.e. in Fig. 2A, SB accounts for 98.9% of daily minutes but is represented by 

only 2 of 100 data points whereas MVPA is undertaken for only 0.003% of the time yet is displayed 



The intensity inequality index for PA 
 

 

12 
 

using 90 of the 100 points. It is common practise when handling logarithmic data to use logarithmic 

bins when creating the data distribution to ensure equidistant points in a logarithmic plot.43 We take 

this approach to produce an adapted intensity distribution (Fig. 2B) where minutes spent are binned 

into log10 intervals (Δாேெை(𝑛)ଵ:ଵ଴଴ = 10௡/ଷ଴ mg, for intensity bins with t=0, the y-value is set to 10-4). 

This produces a plot in which the low intensity activity is much better represented (SB is covered by 51 

of 100 data points) whilst the high intensity activity remains visible. It is notable that the additional 

resolution at low intensity shows structure that is hidden in the standard intensity distribution. There is 

a clear peak in activity between 1-1.5 log10 units (ENMO ~12 – 30 mg). Thus, the finer discrimination of 

the log-binned distribution provides the resolution to interrogate low intensity activity and develop a 

more nuanced understanding of the range of physical movement that lies within the ‘sedentary’ 

categorisation.   

 

The intensity inequality index 

A typical plot of the cumulative time spent at diƯerent ENMO levels, for 24 hours of activity, is shown in 

figure 1A. To maintain good discrimination across all of the activity intensity range we use the log-

transformed data values of minutes spent and ENMO (i.e. data in the format shown in figure 2B). To 

obtain a distribution metric we use the Lorenz curve to define an Intensity Inequality index in similar 

manner to the Gini coeƯicient, we represent this with the symbol: Ιஷ. This inequality index is defined 

graphically as the hatched area shown in figure 1B divided by the shaded triangular area, i.e. Ιஷ =

Σ
0.5ൗ . The index tends to a limit of zero for equal time spent across all intensity levels (Lorenz curve 

follows the diagonal and Σ → 0), or to one for total inactivity (ENMO = 0).  Relating the graph to 

mathematical definition provided earlier (equation 2) – the points on the accumulation curve are given 

by the term, ∑ 𝑚௜
௝
௜ୀଵ , the diagonal line by, ∑ 𝑖𝑚ഥ

௝
௜ୀଵ  and the hatched area represents the outer 

summation from 𝑗 =  1 𝑡𝑜 𝑛.  
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As Ιஷ is determined by the shape of the cumulative time distribution function (CDF) it is sensitive to all 

of the activity intensity data and so provides the integrative metric that we require to accurately 

quantify diƯerences in intensity distribution profiles. To visually demonstrate this, two activity intensity 

Lorenz curves are plotted in figure 3. These represent 24 hours of activity by children at either end of 

the  Ιஷ range. In comparing the two datasets the shaded areas show additional time spent in LPA by 

child a. and additional time engaged in the high end of MVPA by child b. This gives a visual illustration 

of the transfer concept outlined by Dalton23 – in which the curves may be viewed as a record of the 

apportioning of the fixed time resource across PA levels. From this viewpoint, the greater activity 

intensity of child b. relative to child a., is achieved through a transfer of a block of LPA time into high 

intensity movement (as indicated by the arrow in figure 3).     

 

 

Figure 3 — Examples of time-ENMO Lorentz curves for high inequality (a. dashed line, Ιஷ = 0.96) and 

low inequality (b. solid line, Ιஷ = 0.76) distributions. Shaded areas highlight diƯerences between data 

sets a and b for time spent in low- and high-intensity activity. ENMO indicates Euclidean norm minus 

one; LPA, low-intensity physical activity; MVPA, moderate to vigorous physical activity. 
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To further demonstrate the ability of Ιஷ to capture diƯerences in activity profiles we consider the eƯect 

of the transfer of a set number of minutes from low intensity to high intensity activity (figure 4). Figure 

4A. shows a simulated transfer of 10 minutes of activity from SB to MVPA classes, using the measured 

distribution shown in figure 1B. The cumulative time and activity intensity are shown in figure 4B. The 

key observation is that the integrative function of the cumulative distributions alters the curves for all 

values spanning the interval between the altered bin entries – i.e. the removal of minutes spent at low 

intensity reduces the cumulative time at this intensity level and this reduction remains, across the 

curves until it is corrected at high intensity by the addition of these minutes. Thus the Ιஷ metric is 

particularly sensitive to altered PA, where the change involves large diƯerences in activity intensity 

level.        
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Figure 4 — (A) Frequency distributions of time spent at diƯerent PA intensity. Original trace: red (filled) 

circles, simulated transfer of 10 minutes of activity from low to high intensity, and blue (open) circles, 

10 minutes divided equally across altered bins. (B) Cumulative time versus cumulative intensity for the 

distributions. (Note: arrows in figure depict the PA intensity span encompassed by the shifted time 

allocation). ENMO indicates Euclidean norm minus one. 

 

Hypothesis testing using the inequality index 

To demonstrate the use of Ιஷ in statistical testing we compare PA data collected from a cohort of 58 

primary school children, a sub-set of which have sDCD. The distribution of Ιஷ values, from multiple 

periods of 24-hour activity, for 30 TD children is shown in figure 5A.  The data is non-normal and so we 
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adopt the non-parametric, Wilcoxon rank-sum test for the statistical analysis. The distribution of the 

Wilcoxon test statistic comparing datasets selected at random from the same TD cohort follows a 

standard normal distribution (figure 5B), as expected for this case where the null hypothesis holds 

true.   

 

 

Figure 5 — (A) Probability distribution of Ιஷ  for TD children (nchild = 30, N24 hour = 200). (B) Probability 

distribution of Wilcoxon test statistic for comparison of Ιஷ  for randomly selected TD cohorts (N24 hour = 

100, ntrials = 1000; solid line: standard normal distribution). TD indicates typically developing.  

 

Previous work, using PA intensity cut-oƯs has shown diƯerences between TD and sDCD groups, with 

increased time being spent in sedentary behaviour by the sDCD children.32  We therefore use this as a 

benchmark from which we can assess the utility of Ιஷ as a test metric. A comparison of summary 

statistics for TD and sDCD groups obtained from a log ratio composition,27 the intensity gradient and 

the Ιஷ index is shown in figure 6, together with conventional metrics of average acceleration and total 

activity minutes. Considering the metrics that quantify the intensity of activity: there is no statistical 

diƯerence between the average acceleration of the two groups; however, the three other intensity 
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metrics all show a statistically significant diƯerence between sDCD and TD groups (p < 0.05). The Ιஷ 

index provides the highest statistical confidence with greater separation of test metric distributions. 

The enhanced discrimination provided by the inequality metric is expected as this is an integrative 

index, encompassing the full range of activity intensity (100 bins of the intensity gradient). In contrast, 

a compositional ratio using activity cut-points can only capture two measurements on limited spans 

of the intensity range.  

 

 

 

Figure 6 — Boxplots of (A) log10 ratio of minutes spent in LPA and MVPA for sDCD and TD children       

(N24 hour trace = 100, P = .0046). (B) Intensity gradient, Igrad for sDCD and TD children (N24 hour = 100, P = 

.0012). (C) Inequality index, Ιஷ for sDCD and TD children (N24 hour = 100, P = .000033). (D) Average 

acceleration for sDCD and TD children (N24 hour = 100, P = .383). (E) Total active minutes for sDCD and 

TD children (N24 hour = 100, P = .0014). LPA indicates low-intensity physical activity; MVPA, moderate to 

vigorous physical activity; sDCD, suspected developmental coordination disorder; TD, typically 

developing. 
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The variation in statistical significance for varying sample size is shown in figure 7A. The Ιஷ index 

provides high confidence in rejecting the null hypothesis (p < 0.05) down to samples sizes ~ 30. In 

general, the sample size required for a specific level of performance (p-value) is halved for the Ιஷ index 

relative to the log ratio or intensity gradient test metrics.  The recruitment of participants and 

acquisition of extended data traces covering 24 hours are particular challenges when working with 

young children,44 especially those who may have movement coordination problems.45   A critical 

aspect of any test metric for application in this area of study is therefore the cohort size required to 

achieve reasonable statistical predictive power. The performance of Ιஷ in this regard is shown in figure 

7B, together with results using the log ratio or intensity gradient metrics, or just the total minutes spent 

in LPA. The inequality index provides the best performance, with > 80% statistical power ( = 0.05) 

possible for cohort numbers > 25.  

 

 

 

Figure 7 — Test of the null hypothesis of no diƯerence between sDCD and TD children. (A) Probability 

values as a function of cohort size for the filled circles — 𝑙𝑜𝑔ଵ଴ ቀ
௅௉஺

ெ௏௉஺
ቁ, stars — Igrad, and open circles — 

Ιஷ. (B) Statistical power as a function of sample size, for α = .05. filled circles — 𝑙𝑜𝑔ଵ଴ ቀ
௅௉஺

ெ௏௉஺
ቁ, stars — 

Igrad, open circles — Ιஷ, and diamonds— LPA minutes. LPA indicates low-intensity physical activity; 

MVPA, moderate to vigorous physical activity; sDCD, suspected developmental coordination disorder; 

TD, typically developing. 
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Conclusions 

The rapid enhancement in the capability of sensors provides a technological push to the adoption of 

more nuanced descriptors of PA. Consider a typical device recording acceleration data over a 24-hour 

period at an acquisition rate of 100 Hz. This provides > 8 million activity ENMO values, measured with 

12-bit resolution. The reduction of this to just 4 measurements of minutes spent in sleep, sedentary 

behaviour, light physical activity and moderate-to-vigorous activity, constitutes a colossal loss of 

informative data. More comprehensive statistical indicators are called for, to provide detailed analysis 

of human movement that can augment the more immediate measures of time spent in activity level 

bands. To this end, we have presented 𝐼ஷ, an inequality index for PA intensity, which may be viewed as 

a ‘Gini-coeƯicient for movement’. This captures the full complexity of activity during a 24-hour period 

through quantification of the time-count variance between bins, in the intensity distribution for the 

day. At a fundamental level, a frequency distribution may be viewed as an information set, the entropy 

measure is calculated from the bin-counts of the distribution and quantifies the information content 

of the data.46,47 In like manner, the 𝐼ஷ index captures the information latent in the distribution of activity 

intensity data. However, when assessing PA our information is limited by the high asymmetry of the 

intensity distribution – human activity tends to be predominantly sedentary or of low movement 

intensity.48-50 The majority of time is recorded against a limited number of low-intensity bins and thus a 

major part of the distribution carries no information content. Data pre-processing, in the form of a log 

transformation of the intensity distribution, is therefore required. This enhances information extraction 

by distributing the 24-hour time allocation across more bins, so providing finer resolution of the data.    

 

In application to children’s studies, where high variance between subjects is universal and large 

sample numbers diƯicult to collect, 𝐼ஷ can be transformational in providing reliable statistics for this 
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sparse and noisy data.   Appropriate estimations of statistical power have been critically reviewed in 

sport and exercise sciences51 with a call for the use of more stringent approaches. In field type 

research typical variances are much larger, particularly when focussing on data generated from 

devices measuring acceleration 24/7. Most research in this area has investigated sample sizes 

required to validate existing measures of PA, little has been published seeking deeper insight into 

improving signal processing to help further develop device-based metrology. The application of 𝐼ஷ to 

analysis of PA intensity of children across 24-hour periods demonstrates, that for this data, enhanced 

statistical discrimination is achieved, relative to commonly used metrics such as log ratios and the 

intensity gradient. This leads to greater statistical power and the key advantage of the 𝐼ஷ index – it 

requires smaller cohort numbers to achieve statistical confidence. This enhanced performance stems 

from the fact that  𝐼ஷ is based on individual time entries at diƯerent activity levels and the wider 

variation in these across the whole activity range. Local variance is captured by the comparison to a 

uniform time allocation at each ENMO level, whilst the overall global shape of the distribution is 

parameterised through the cumulative aspect of the 𝐼ஷ metric. Whilst the specific probability values 

obtained from hypothesis testing of children with suspected coordination disorders using 𝐼ஷ are 

subject to the limitations of these studies and cannot be assumed to hold for more general 

application. Nevertheless, the relative performance of 𝐼ஷ indicates that the inequality index does have 

the potential to substantially reduce the cohort size required to achieve statistical confidence, 

compared to alternative test metrics. It is also widely applicable in that its foundation is quite general – 

a distribution of time across diƯerent intensities of PA. It can be implemented with diƯerent intensity 

metrics (eg. ENMO, MAD, MIMS) and makes no assumption on the form of the time distribution. 

 

Alongside statistical testing, PA metrics are also important in providing understanding of the specifics 

of any changes in activity, i.e. amount of time in movement and levels of exertion. In this regard the PA 

changes associated with a ∆𝐼ஷ are clearly understandable in a general sense – they quantify greater 

concentration or more equal distribution of time across activity intensity levels. But a limitation of the 
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index is that specific values are not immediately interpretable, furthermore subtly diƯerent intensity 

distributions may have the same 𝐼ஷ value. Further work is therefore needed to discover how changing 

patterns in the allocation of active time to diƯerent intensities of activity aƯect the numerical value of 

𝐼ஷ ; and to gain a deeper understanding of the relation of the inequality index to PA volume. This will 

help to bridge the gap between well-established, immediately interpreted metrics such as total active 

time or average acceleration and more sophisticated metrics such as 𝐼ஷ from which it is diƯicult to 

gain physical insight.    
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