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Title: Profiling Movement Behaviours in Pre-School Children: A Self-Organized Map 

Approach 

Abstract  

Application of machine learning techniques has the potential to yield unseen insights into 

movement and permits visualisation of complex behaviours and tangible profiles. The 

aim of this study was to identify profiles of relative motor competence (MC) and 

movement behaviours in pre-school children using novel analytics. One-hundred and 

twenty-five children (4.3±0.5y, 1.04±0.05m, 17.8±3.2kg, BMI: 16.2±1.9 kg.m2) took part 

in this study. Measures included accelerometer-derived 24-h activity, MC (Movement 

Assessment Battery for Children 2nd edition), height, weight and waist circumference, 

from which zBMI was derived. Self-Organized Map (SOM) analysis was used to classify 

participants’ profiles and a k-means cluster analysis was used to classify the neurons into 

larger groups according to the input variables. These clusters were used to describe the 

individuals’ characteristics according to their MC and PA compositions. The SOM 

analysis indicated five profiles according to MC and PA. One cluster was identified as 

having both the lowest MC and MVPA (profile 2), whilst profiles 4 and 5 show moderate-

high values of PA and MC. We present a novel pathway to profiling complex tenets of 

human movement and behaviour, which has never previously been implemented in pre-

school children, highlighting that the focus should change from obesity monitoring, to 

‘moving well’. 
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Introduction 

Recently, numerous prospective studies have established that development of 

motor competence (MC) has numerous tangible health and developmental benefits. For 

example, higher levels of MC are shown to positively predict cardiorespiratory fitness 

[1], improved academic performance [2], and are protective against the accrual of excess 

weight and obesity [3]. Concerningly, international investigations have reported low 

levels of MC among primary school aged children [4-6]; whilst some empirical data 

exists, suggesting that motor incompetence may already be manifest in the pre-school 

period. The period encompassing the pre-school ages (3-5y) is considered to be a critical 

phase for fundamental movement skill development [7]; putatively mediated by attaining 

adequate levels of physical activity (PA). However, epidemiological evidence suggests 

that the majority of pre-school children do not accrue adequate levels of PA [8], where 

global guidelines and advocacy groups recommend engagement in at least 180 minutes 

of PA every day [9-11]. 

 

Although empirical and conceptual evidence exists to support the reciprocal 

relationship between MC and PA [12, 13], there is a limited evident base of MC related 

to PA measurement in pre-school children, largely due to the difficulty in examining such 

constructs in this age group [14, 15]. For example, young children tend to have inflated 

perceptions of their own MC [16], as they do not possess the cognitive ability to 

distinguish between actual competence and effort [17, 18], whilst LeGear et al [5] suggest 

that certain skills or movements in MC assessments are more tangible or feasible than 

others for children, and thus, may not accurately reflect MC. Furthermore, when studies 

have investigated PA and MC they tend to examine this as a relationship, where large 

variability in MC, but also PA, is reported [14, 19]; it is therefore conceivable that small 
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associations observed could be due to an insensitive statistical approach, i.e. over-

simplification of complex movement behaviours and their variable, interrelationships. 

 

Recent advances in methods of assessment has yielded success, for example, 

person-centred approaches, which combines actual and perceived MC variables through 

cluster analysis into MC-based profiles that allow distinguishing between (low or highly 

proficient) realists, whose perception of MC is aligned with their actual competence, and 

over- or under-estimators, who perceive their own MC better or worse than it actually is, 

respectively [20]. Moreover, advances in sophisticated data analytics has also provided a 

platform for novel insights into movement behaviours [21-25]. Recently, a machine-

learning approach, specifically, self-organized maps (SOM), has gained popularity [26, 

27]. This analytical technique can be used to classify participants, visualise input 

variables, and provide hitherto unseen profiles according to their similarities in terms of 

input variables [28]. To date, no study has applied SOM profiling in pre-school; however, 

information yielded from such an approach is key in the development of the area and 

knowledge base because it will permit visualisation of complex movement behaviours 

and tangible profiles. Therefore, the aim of this study was to identify profiles of relative 

MC and movement behaviours in pre-school children using novel analytics. 
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Materials and Methods 

Participants and Settings 

A final sample of one-hundred and twenty-five pre-school children (80 boys, 

4.3±0.5y, 1.04±0.05m, 17.8±3.2kg, body mass index; 16.2±1.9 kg.m2) volunteered to take 

part in this cross-sectional study (77% South Asian, 12% White British, 11% 

Other/Mixed), and were recruited by way of convenience sampling. Prior to research 

commencing, informed parental consent and child assent was attained. One-hundred and 

thirty-three participants from three pre-schools were invited to participate; however, eight 

children declined to participate before study commencement. This research was 

conducted following approval of the institutional ethics committee and all protocols 

conformed to the Declaration of Helsinki. 

Instruments and Procedures  

Anthropometrics 

Stature (measured to the nearest 0.01m) and body mass (to the nearest 0.1kg) were 

measured according to standard procedures using a stadiometer and digital scales (SECA, 

Hamburg, Germany), respectively [29]. All participants were classified based on body-

mass index percentiles as either; underweight (≤5th percentile), normal weight (5th to 85th 

percentile), overweight (>85th to <95th percentile) or obese (≥ 95th percentile) [30]. Waist 

circumference was measured in line with the naval and measurements were subsequently 

used to estimate body fat percentage using standard techniques [31, 32].  

Motor competence 

All children completed the movement assessment battery for children, second 

edition, using standardised procedures (MABC2) as detailed in Henderson [33]. Briefly, 

the tasks of the MABC2 are separated into three age bands that include specific task and 

scoring variations: age-band 1 (3–6 years old), age-band 2 (7–10 years old), and age-band 
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3 (11–16 years old). Thus, for the present study, tasks of age-band 1 were used. The 

MABC2 is separated into three subscales: manual dexterity (three tasks; posting coins, 

threading beads, drawing) (henceforth: fine motor control), and aiming and catching (two 

tasks; tossing and catching a beanbag), and total balance (three tasks; one-leg balance, 

walking heels raised, jumping) (henceforth: gross motor control). Scoring on the MABC2 

is quantitative and each task yields a product-oriented score. For the tasks of posting coins 

and threading beads, children complete the task as quickly as possible. The time required 

to complete each task is recorded. The drawing task is not timed; however, children are 

instructed to draw a line as quickly as possible, but to stay within specific boundaries. An 

error is scored each time the line crosses the boundary [33]. The number of errors is 

recorded based on manual guidelines. Children complete 10 attempts of the aiming and 

catching tasks. A child is given a score of 1 or 0, if an attempt was successful or not, 

respectively. One-leg balance is scored based on the amount of time a child balances on 

each leg. The walking-with-heels-raised task is scored based on the number of successful 

steps (up to 15) taken in a straight line. The number of consecutive jumps (up to 5) within 

specific boundaries is recorded for the jumping task. Children completed practice and 

formal trials for each task. The number of practice and formal trials varied for each task 

and was based on the test instructions. The MABC2 was scored by a trained, experienced 

assessor and raw scores were described as an overall percentile score (0-100%) and traffic 

light classification system including a red zone (1: <5th percentile indicating significant 

movement difficulty), amber zone (2: between the 5th and 15th percentiles indicating at 

risk of movement difficulty), and green zone (3: >15th percentile indicating no movement 

difficulty detected), following standard procedures [33].   

 

Physical activity 
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Study participants wore an ActiGraph GT3X+ accelerometer (Actigraph, 

Pensacola, FL, USA) for seven consecutive days [34, 35]. Participants were instructed to 

wear the accelerometer constantly except when bathing or swimming. The accelerometer 

measures 4.6 cm × 3.3 cm × 1.5 cm, and weighs 19 g. Its sampling frequency was set to 

100 Hz, and the sampling interval (epoch) in the present study was set to be 1-s [36, 37]. 

Participants wore their accelerometer on the waist, above the right hip, affixed using an 

elastic belt [38]. Accelerometer data were analysed to measure the following parameters: 

daily duration of sedentary behaviour, light PA, moderate PA, vigorous PA, and MVPA 

[39]. 

 

Analytical methods 

 

ActiGraph acceleration data were analysed using a commercially available 

analysis tool (KineSoft version 3.3.67, KineSoft; www.kinesoft.org). Non-wear periods 

were defined as any sequence of >20 consecutive minutes of zero activity counts [40]. 

While cut points discerned by Sirard et al were used to define sedentary, light, moderate 

and vigorous PA, respectively [41-43].  

Motor competence, sedentary, light PA and MVPA were used as the input 

variables for the SOM analysis. The SOM was computed using the Matlab R2018a 

program (Mathworks Inc., Natick, USA) and the SOM toolbox (version 2.0 beta) for 

Matlab [44]. The SOM analysis was used to classify the participants’ profiles by their 

similarities in the input variables. To obtain the SOM, a three-step procedure was 

implemented [28]: 1) the construction of a neuron network; a lattice size was selected for 

the sample size of the study (i.e. 9 x 6 neurons) to create a neural network. 2) The 

initialization by assigning a value or weight to each neuron for each input variable by two 

http://www.kinesoft.org/
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different ways (i.e. randomized and linear initialization). 3) The training by modifying the 

values or weights of the initially assigned neurons (i.e. sequential and batch training 

algorithms were used) [45]. During step 3 (training), several factors influence the 

modification of the neuronal weights in each iteration [26]. First, an input vector (i.e., a 

case or subject of the study) is presented to the network. Second, the neurons in the lattice 

“compete” to win the input vectors (i.e., compare the Euclidian distance of their weight 

vector and the input vector values) by achieving the smallest Euclidean distance between 

its weight vector and the input vector. Third, the weight vector of the winning neuron has 

the closest values to the cases in the neuron. Forth, all the neurons in the lattice then adapt 

their weight values closer to the values of the input vector [27]. 

The magnitude of the adaptation is dependent on the learning ratio and the 

neighbour function. The learning ratio has a high value during the beginning of the 

training process and is gradually reduced as the training process progresses and the 

neighbour function maximises the adaptation of the “winning” neuron. The size of the 

adaptation magnitude is negatively associated with the distance between the neuron and 

the “winner”. This process is repeated until the training process ends [26, 28].  

As the final analysis depends on the random procedure (e.g. initialization and 

entry order of the input vector), the aforementioned process described above was repeated 

100 times to enhance the odds of finding the best solution. As a result, 1600 SOM were 

obtained from the two different training methods, four neighbourhood functions and two 

initialization methods (i.e. 100 x 2 x 4 x 2). After multiplying the quantization and 

topographical errors, the map with the minimum error was then chosen [27, 28]. 

After the SOM analysis, a k-means method was then used to classify the neurons 

into larger groups according to the input variables. The number of clusters was established 

to range between 2 and 10 to avoid an excessive number of profiles [26]. The final number 
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of clusters was the one with the lowest Davies-Bouldin index [46]. These clusters were 

used to describe the individuals’ characteristics according to their MC, sedentary 

behaviour and intensity of PA compositions. The repertoire of profiles found was termed 

according to the relative value (i.e., low, medium, high) of the input variable in the sample 

under study [26].  

 

Statistical analysis 

To examine how cluster profiles’ relate to BMI, waist circumference, MC and PA 

compositions, statistical analyses were conducted using SPSS 23.0 (SPSS Inc., Chicago, 

IL). Parametric tests were used, as the Kolmogorov-Smirnov test verified that all 

variables met with the normality assumption. The mean and standard deviation were 

obtained by standard statistical methods. A 2-way multivariate model of analysis of the 

variance (MANOVA) [cluster (5) x sex (2)] was conducted to determine the influence of 

cluster and children’s sex on the variables under study (fine, gross and overall MC, 

sedentary time, light PA and MVPA). The follow up of the multivariate analysis was 

performed by means of univariate contrast. Pairwise comparisons with Bonferroni 

correction were requested when significant univariate contrasts were found. Partial eta-

squared (ηp
2) values below .01, .01–.06, .06–.14, and above .14 were considered to have 

trivial, small, medium, and large effect sizes, respectively [47]. In addition, two Pearson 

Chi-Square (χ2) tests were applied to determine the existence of an association within a 

particular cluster between the frequency of being boy/girl and being red/amber/green for 

MC. The strength of the associations was measured by Cramer’s V with values between 

.1-.35, .36-.49 and above .5, considered to have small, moderate, and large associations, 

respectively [48]. A p-value of 0.05 was accepted as the level of significance in all the 

statistical analyses. 
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Results 

The SOM analysis indicated five different profiles according to MC and PA 

(Figure 1). In Table 1, the categorization according to the relative value in every input 

variable for every profile is displayed. Profile 1 (Aligned– Low) demonstrated low values 

in MC, high in sedentary, low in light and MVPA. Profile 2 (Aligned partially – Low) 

demonstrated low values in MC and MVPA, and medium light PA and sedentary. Profile 

3 (Non-aligned – Medium-Low) was characterised by medium MC, high light PA, low 

sedentary and MVPA. Profile 4 (Aligned partially – Medium-High) demonstrated 

medium values in MC, low sedentary, high light and MVPA. Profile 5 (Aligned partially 

– Medium) was characterised by high MC, medium sedentary, light and MVPA. 

**Table 1 about here** 

 

***Figure 1 about here*** 

 

Multivariate analysis showed a main effect of cluster (Wilks (8,32) = 5.70; p < 

.001; ηp
2 = .31) and an interaction effect of cluster*sex (Wilks (8,32) = 2.03; p = .001; ηp

2 

= .14) but not a main effect of sex (Wilks (8,32) = .58; p = .789; ηp
2 = .04). The follow up 

of univariate contrast showed the main effect of the cluster on fine MC (F(4,108) = 1.22; p 

= .031; ηp
2 = .04), gross MC (F(4,108) = 3.59; p < .009; ηp

2 = .12), zBMI (F(4, 108) = 2.91; p 

= .025; ηp
2 = .10), sedentary (F(4, 108) = 21.30; p < .001; ηp

2 = .44), light PA (F(4, 108) = 7.90; 

p = .001; ηp
2 = .23), moderate PA (F(4, 108) = 3.87; p = .006; ηp

2 = .13), vigorous PA (F(4, 

108) = 3.49; p = .010; ηp
2 = .12), and MVPA (F (4, 108) = 4.75; p = .001; ηp

2 = .15). No effect 

of cluster was found on overall MC or waist circumference. Pairwise comparisons and 

absolute values of PA and MC are presented in Table 2. In addition, regarding the 

interaction effect of cluster*sex, the follow up of univariate contrast revealed no 

significant effects.  
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**Table 2 about here** 

Pearson Chi-Square tests showed, firstly, a significant association between cluster 

and the frequency of boys and girls (χ2
4 = 11.55; p = .021). Moreover, profile 4 presented 

a higher frequency of boys than girls (V = .31). On the contrary, a similar distribution of 

boys and girls was found in clusters 1, 2, 3 and 5. Secondly, a significant association was 

found between children in cluster 2 and the traffic light classification of the MABC2 (i.e. 

red, amber, green) (χ2
4 = 17.67; p = .024; Cramer V = .274). Of those in cluster 2, the 

proportion of children in the red category for overall MC (60%) was higher than those in 

the green category (15.2%).  
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Discussion 

Robust, unsupervised machine learning of human activity behaviours permits a 

visual, discretized representation of complex data [26, 27]. Such analytical techniques 

can be used to classify, visualise, and provide hitherto unseen profiles according to their 

similarities in terms of input variables [28]. Whilst more traditional statistical analysis of 

complex data persists, it has been asserted, by Clark and colleagues [21], that novel 

analytical approaches will facilitate novel insights into quantitative assessments of human 

activity. Although the assessment of children’s PA and MC has become commonplace, 

there is a paucity of evidence to confirm that MC is strongly related to PA measurement 

in pre-school children, largely due to the complexity in examining such constructs in this 

age group, and indeed complexity of movement patterns; where children can be both 

highly sedentary, and also active, so looking at these independently is not representative 

of their true patterns [14, 15]. It is conceivable, however, that novel and robust analytics, 

such as SOM machine learning may facilitate the assessment of PA and MC in pre-school 

children, providing robust profiles of movement behaviours. The present study is the first 

to apply SOM machine learning approaches to identify profiles of MC and movement 

behaviours in pre-school children. In accord with the aim of this study, the key findings 

of this study were, first, that one cluster was identified as having both the lowest MC and 

MVPA (profile 2). Second, profiles 4 and 5 show positive values in terms of PA and MC, 

and present aligned partially medium or medium-high with no cluster member presenting 

low levels of MC; although, interestingly, minimal differences in zBMI, and no 

differences in waist circumference, were found between any of the profiles. 

 

The proportion of boys-to-girls was comparable in every profile, except in profile 

4 (Aligned partially – Medium-High), wherein the proportion of boys was higher, which 
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could support the tendency of boys displaying higher values of MC and PA than girls 

[49]. In profile 4, the MVPA was higher than in profiles with a proportionate gender-

split. Although this could be seen as an evidence of the different profiles between boys 

and girls in the infancy or early childhood, it must be noted that on one hand, the strength 

of the association in profile 4 was small, and on the other hand there is a similar 

distribution of boys and girls in profile 5 that is positive in terms of girls also presenting 

relative high values of MC and PA. Although the promotion of PA in girls with relative 

medium and low values in MC is suggestible, the existing evidence regarding sex-

mediated differences in pre-school children is not clear. Thus, further examination of the 

association of sex and MC in preschool children is needed. Although the principal aim of 

this study focussed on relative differences, with respect to absolute levels of PA and SB 

and alignment with global PA guidelines, all profiles achieved the recommended 180 

mins/day PA (considering light PA and MVPA [9-11]); however, only profiles 1, 4 and 

5 achieved 60 minutes of MVPA per day, on average. This suggests that, even in a 

homogenous sample, we are able to discern low and high MVPA, both in terms of 

absolute and relative values. However, in order to explicate the more nuanced differences 

in the whole PA composition, and their alignment to global guidelines, larger and more 

heterogenous samples will be required. 

Recently, Figueroa et al [50] comprehensively reviewed MC and PA in pre-school 

children, and asserted that an association is consistently documented between MC and 

PA. However, the authors suggested that future research is needed to explicate the 

underlying causal link, examine potential sources of heterogeneity, and determine the role 

of environment in the relationship between MC and PA among pre-schoolers, 

respectively. In Silva-Santos et al [51], it was highlighted that pre-schoolers who had high 

levels of MC accrued greater time spent in MVPA than those that had low level of MC, 
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and Hall et al [52] reported that good motor competence is an important correlate of 

children accruing adequate PA. The results of the present study were somewhat 

correspondent with the aforementioned reports, where children in profile 5 consisted of 

children all situated in the green traffic light classification, whilst maintaining among the 

highest levels of MVPA with large effect sizes found. Moreover, this is congruent with 

evidence in the literature that having high fundamental movement skill level may increase 

options for participation in PA, being an important correlate of preschool children 

meeting PA guidelines for health [53], as well as increased participation leading to further 

development of motor skills [54, 55]. Furthermore, in the systematic review of Figueroa 

et al [50], an overarching conclusion was that the nature and strength of the relationship 

between MC and PA in pre-school children tends to differ by sex, PA intensity, motor 

skill type, and day of the week (weekdays versus weekends). However, with the 

development of robust analytics, such as SOM, numerous variables could conceivably be 

built into any analyses, and permit greater insight into how clusters are composed. 

 

We found that children in profiles 2 and 3, where at least 50% of the cluster 

members were categorised as having low or medium levels of MC, had higher zBMI 

scores than those in profile 5, who had the highest, relative, MC scores. Interestingly, 

children in profile 1 had lower zBMI than those in profile 3, despite having higher levels 

of sedentarism, which is conceivably attributable to children in profile 1 accruing greater 

time spent engaging in MVPA. There is antecedence in the literature to suggest that PA 

can counteract high sedentary time; Bakrania et al [56] report, albeit in adults, that in 

comparison to individuals who are physically inactive with high sedentary time, those 

who are physically active have a more desirable health profile across multiple 

cardiometabolic markers even when combined with high sedentary time. Whilst Ekelund 
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et al [57], in a systematic review and meta-analysis, report that high levels of moderate 

intensity PA may eliminate the detrimental effects associated with high sitting time. 

Although in children, Lopes et al [58] asserted that PA levels, per se, may not overcome 

the negative influence of high levels of sedentary behaviour on MC; indicating that in 

order to establish healthy lifestyles, actions aiming to address inactivity should attempt 

to increase PA levels and decrease sedentary behaviour concurrently [59]. Moreover, the 

necessity for public health recommendations targeting sedentary behaviour has already 

been advocated to include transportation, sitting time, and time spent indoors [60]. These 

guidelines suggest that for conferment of health benefits, children should minimize the 

time they spend being sedentary each day by limiting recreational screen time to no more 

than 2 hours per day, in addition to limiting sedentary transportation, prolonged sitting 

time, and time spent indoors throughout the day [61, 62]. However, recommendations 

regarding limits on total time per day spent in sedentary activities are still lacking; where 

minimal studies have addressed links between total sedentary behaviour and health 

outcomes in children and adolescents [63]; thus, highlighting the need for enhanced 

monitoring and robust profiling of movement behaviours. 

The reciprocal relationship between MC and PA is very important, especially in 

pre-school children, where PA appears to be positively correlated with object control and 

locomotor skill competence, and negatively correlated with sedentary behaviour [64, 65], 

however, relatively few studies have examined the association between MVPA and MC 

in pre-school children [64]. Considering that MC is essential for children to maintain a 

sufficient PA level throughout the life-course, it is important for key stakeholders to 

understand the associations between PA and MC to target the most effective ways to 

enhance pre-schoolers’ MC and PA.  
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Of particular interest was the finding of one cluster (profile 2; Figure 1) who 

displayed the lowest values for gross and fine motor control, and lowest accrual of MVPA 

in the entire cohort. However, through SOM profiling it was evident that although profile 

2 children exhibited low scoring movement behaviours, with only a small association, 

this had not yet conferred any negative consequences to zBMI or waist circumference. 

Moreover, there was no differences noted for waist circumference, and limited 

differences in zBMI, between all five profiles, demonstrating that whilst discrepancies in 

movement behaviours may already be evident, adiposity is relatively unaffected. 

Sedentary behaviour is also believed to have an inverse relationship with motor 

coordination in pre-school children in the literature [58, 66], where an important 

determinant of childhood PA and sedentary behaviour may be that of motor development 

in infancy and childhood [66]. Insufficient MVPA levels and high amounts of sedentary 

time are associated with poor motor skills, longitudinally [64]. Given that we have 

highlighted a profile that, although inactive and less motor competent, has no adverse 

effect on adiposity, it is recommended that routine screening of young children go beyond 

just basic anthropometric assessment, as children who are inactive and less motor 

competent could be at risk in later childhood, adolescence and beyond [64].  

 

Finally, although we are the first to demonstrate the use of SOM profiling in pre-

school children; there is some previous work that has utilised SOM analyses in children 

in relation to motor skill competence [26], and postural control [67]. In Estevan et al, [26] 

the authors reported 4 clusters, where  children with high motor ability and perception 

exhibited higher PA participation and were more likely to be of normal-weight compared 

to those with low motor ability and/or perception. Whilst in Garcia-Masso [67], six 

clusters were discerned, and the authors highlighted that boys were more frequently 
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classified as having high postural control. Furthermore, some work has examined active 

commuting to school in adolescents [27], and eight specific clusters were discerned, 

which yielded insight into the impact of residential density and proximity and 

connectivity within neighbourhoods. Importantly, in all three previous examples [26, 27, 

67], the input variables for the SOM were also included in the models for further 

comparisons, highlighting antecedence for, and robustness in, the procedure we followed.  

 

Limitations 

Taking into account that, according to the model of motor development [12], it is 

desirable to find alignment in the input variables of the SOM i.e. high levels of MC and 

PA (with low in the case of sedentary) in preschool children, However, conceivably due 

to the limited cognitive and motor development in pre-school aged children, alignment 

between MC and PA levels is unclear. The only cluster in which clear alignment was 

found is profile 1 with low values. Furthermore, whilst informative and successful in this 

cohort, given the known discrepancies between activity behaviours in children of varying 

ethnic origins and country of residence, it is pertinent to investigate whether comparable 

SOM profiles emerge across varying populations. Finally, accelerometer position was 

restricted to the waist, and whilst accepted to elicit an accurate representation of human 

activity, the position an accelerometer is placed, e.g. hip, wrist, ankle, will impact 

subsequent outputs and my result in changes between PA classification [22, 68], and thus, 

should be further explored. Moreover, tracking movement behaviours in a longitudinal 

fashion would provide greater insight into the stability and development of profiles, as 

well as factors that may influence or mediate change. Although monitoring compliance 

was absolute (100%) the homogenous nature of the sample may suggest that the 

generalisability of the findings may be limited, and further work must be undertaken to 
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ascertain the veracity of incumbent profiles. Furthermore, because the sample was 

homogenous, in terms of geographical area, we were unable to cluster based on location; 

thus, systematically collecting and combining various regional, national and international 

datasets should be undertaken to better elucidate the manifestation of specific profiles. 

 

Conclusions 

 

The implementation of PA into children’s everyday life, as early as the pre-school 

period, is of paramount importance given higher levels of PA during childhood are 

associated with fundamental movement skill proficiency and health [64, 69]. We present 

a novel pathway to profiling complex tenets of human movement and behaviour, which 

has never previously been implemented in pre-school children, and have shown that 

whilst differences in movement behaviours are already manifest in young children, 

resultant changes in adiposity are not clear, highlighting that basic anthropometric 

screening is insensitive, inadequate, and the authors of the present study assert that the 

focus should change from obesity monitoring, to one of ‘moving well’. Given the 

importance of this stage of life for future health, activity engagement and MC, it is of 

critical importance accurate profiles, particularly of relative low competence children, be 

ascertained, so that nuanced, early, interventions may be implemented. 

 

List of Abbreviations 

MC: Motor competence; PA: Physical activity; MVPA: Moderate-to-vigorous 

physical activity; SOM: Self-organized map; BMI: Body mass index; MABC2: 

Movement assessment battery for children 2nd edition; MANOVA: Multiple analysis of 

variance 



19 

 

Declarations 

Acknowledgements 

The authors wish to express their gratitude to the children, teachers and parents 

for participating in the study. 

Funding 

There is no funding to declare regarding any aspect of this manuscript 

Availability of data and material 

The datasets used and/or analysed during the current study are available from the 

corresponding author on reasonable request. 

Competing interests 

The authors declare that they have no competing interests.  

Ethics approval and consent to participate 

Ethical approval was granted by the institutional research ethics committee. 

Informed parental/carer consent and informed child assent was obtained from all 

participants. 

 

References 

 

1. Vlahov E, Baghurst TM, Mwavita M: Preschool motor development 

predicting high school health-related physical fitness: a prospective study. 

Perceptual and Motor Skills 2014, 119:279-291. 

2. Jaakkola T, Hillman C, Kalaja S, Liukkonen J: The associations among 

fundamental movement skills, self-reported physical activity and academic 

performance during junior high school in Finland. Journal of Sports 

Sciences 2015:1-11. 

3. Rodrigues LP, Stodden DF, Lopes VP: Developmental pathways of change in 

fitness and motor competence are related to overweight and obesity status 

at the end of primary school. Journal of Science and Medicine in Sport 2015. 

4. Bryant ES, Duncan MJ, Birch SL: Fundamental movement skills and weight 

status in British primary school children. European Journal of Sport Science 

2013:1-7. 



20 

 

5. LeGear M, Greyling L, Sloan E, Bell R, Williams B-L, Naylor P-J, Temple V: A 

window of opportunity? Motor skills and perceptions of competence of 

children in Kindergarten. International Journal of Behavioral Nutrition and 

Physical Activity 2012, 9:29. 

6. Barnett LM, Lai SK, Veldman SLC, Hardy LL, Cliff DP, Morgan PJ, Zask A, 

Lubans DR, Shultz SP, Ridgers ND, et al: Correlates of Gross Motor 

Competence in Children and Adolescents: A Systematic Review and Meta-

Analysis. Sports Med 2016, 46:1663-1688. 

7. Gallahue DL, Donnelly FC: Developmental physical education for all children. 

4th edn. Champaign, IL: Human Kinetics; 2003. 

8. Hinkley T, Salmon J, Okely A, Crawford D, Hesketh K: Preschoolers’ Physical 

Activity, Screen Time, and Compliance with Recommendations   Medicine 

& Science in Sports & Exercise 2012, 44:458–465. 

9. Edwards LC, Tyler R, Blain D, Bryant A, Canham N, Carter-Davies L, Clark C, 

Evans T, Greenall C, Hobday J, et al: Results From Wales' 2018 Report Card 

on Physical Activity for Children and Youth. J Phys Act Health 2018, 

15:S430-S432. 

10. Tremblay MS, Carson V, Chaput JP, Connor Gorber S, Dinh T, Duggan M, 

Faulkner G, Gray CE, Gruber R, Janson K, et al: Canadian 24-Hour 

Movement Guidelines for Children and Youth: An Integration of Physical 

Activity, Sedentary Behaviour, and Sleep. Appl Physiol Nutr Metab 2016, 

41:S311-327. 

11. Department of Health: Start Active, Stay Active:  A report on physical 

activity from the four home countries' Chief Medical Officers.  (Health Do 

ed. London, UK; 2011. 

12. Stodden DF, Goodway JD, Langendorfer SJ, Roberton MA, Rudisill ME, Garcia 

C, Garcia LE: A developmental perspective on the role of motor skill 

competence in physical activity: An emergent relationship. Quest 2008, 

60:290-306. 

13. Lima RA, Pfeiffer K, Larsen LR, Bugge A, Moller NC, Anderson LB, Stodden 

DF: Physical Activity and Motor Competence Present a Positive Reciprocal 

Longitudinal Relationship Across Childhood and Early Adolescence. 

Journal of Physical Activity & Health 2017, 14:440-447. 

14. Adamo KB, Wilson S, Harvey AL, Grattan KP, Naylor PJ, Temple VA, 

Goldfield GS: Does Intervening in Childcare Settings Impact Fundamental 

Movement Skill Development? Med Sci Sports Exerc 2016, 48:926-932. 

15. Goldfield GS, Harvey A, Grattan K, Adamo KB: Physical Activity Promotion 

in the Preschool Years: A Critical Period to Intervene. International Journal 

of Environmental Research and Public Health 2012, 9:1326-1342. 

16. Horn T: Developmental Perspectives on Self-Perceptions in Children and 

Adolescents. In Developmental sport and exercise psychology: a lifespan 

perspective. Edited by Weiss MR, Morgantown W: Va: Fitness Information 

Technology; 2004: 101-143 

17. Harter S, Pike R: The pictorial scale of perceived competence and social 

acceptance for young children. Child Dev 1984, 55:1969-1982. 

18. Goodway JD, Rudisill ME: Perceived physical competence and actual motor 

skill competence of African American preschool children. Adapt Phys Activ 

Q 1997, 14:314-326. 

19. Clark CCT, Barnes CM, Swindell NJ, Holton MD, Bingham DD, Collings PJ, 

Barber SE, Summers HD, Mackintosh KA, Stratton G: Profiling Movement 



21 

 

and Gait Quality Characteristics in Pre-School Children. J Mot Behav 2018, 

50:557-565. 

20. Pesce C, Masci I, Marchetti R, Vannozzi G, Schmidt M: When Children’s 

Perceived and Actual Motor Competence Mismatch: Sport Participation 

and Gender Differences. Journal of Motor Learning and Development 2017, 

6:S440-S460. 

21. Clark CC, Barnes CM, Stratton G, McNarry MA, Mackintosh KA, Summers 

HD: A Review of Emerging Analytical Techniques for Objective Physical 

Activity Measurement in Humans. Sports Med 2016. 

22. Clark CCT, Nobre GC, Fernandes JFT, Moran J, Drury B, Mannini A, Gronek 

P, Podstawski R: Physical activity characterization: does one site fit all? 

Physiol Meas 2018, 39:09TR02. 

23. Barnes CM, Clark CCT, Rees P, Stratton G, Summers HD: Objective profiling 

of varied human motion based on normative assessment of magnetometer 

time series data. Physiol Meas 2018, 39:045007. 

24. Barnes CM, Clark CC, Holton MD, Stratton G, Summers HD: Quantitative 

Time Profiling of Children's Activity and Motion. Med Sci Sports Exerc 

2017, 49:183-190. 

25. Rocha JN, Barnes CM, Rees P, Clark CT, Stratton G, Summers HD: Activity 

Mapping of Children in Play Using Multivariate Analysis of Movement 

Events. Med Sci Sports Exerc 2019. 

26. Estevan I, García-Massó X, Molina García J, Barnett LM: Identifying profiles 

of children at risk of being less physically active: an exploratory study using 

a self-organised map approach for motor competence. J Sports Sci 2018:1-9. 

27. Molina-García J, García-Massó X, Estevan I, Queralt A: Built Environment, 

Psychosocial Factors and Active Commuting to School in Adolescents: 

Clustering a Self-Organizing Map Analysis. Int J Environ Res Public Health 

2018, 16. 

28. Pellicer-Chenoll M, Garcia-Massó X, Morales J, Serra-Añó P, Solana-Tramunt 

M, González LM, Toca-Herrera JL: Physical activity, physical fitness and 

academic achievement in adolescents: a self-organizing maps approach. 

Health Educ Res 2015, 30:436-448. 

29. Lohmann TG, Roche AF, Martorell R: Anthropometric Standardization 

Reference Manual. Champaign, IL: Human Kinetics; 1988. 

30. Cole TJ, Lobstein T: Extended international (IOTF) body mass index cut-

offs for thinness, overweight and obesity. Pediatr Obes 2012, 7:284-294. 

31. Slaughter MH, Lohman TG, Boileau RA, Horswill CA, Stillman RJ, Van Loan 

MD, Bemben DA: Skinfold equations for estimation of body fatness in 

children and youth. Hum Biol 1988, 60:709-723. 

32. Eisenmann JC, Heelan KA, Welk GJ: Assessing body composition among 3- 

to 8-year-old children: anthropometry, BIA, and DXA. Obes Res 2004, 

12:1633-1640. 

33. Henderson S, Sugden D, Barnett A: Movement assessment battery for children-2 

second edition [Movement ABC-2]. London, UK: The Psychological 

Corporation; 2007. 

34. Fuemmeler B, Anderson C, Masse L: Parent–child relationship of directly 

measured physical activity. International Journal of Behavioral Nutrition and 

Physical Activity 2011, 8. 



22 

 

35. Ridgers ND, Timperio A, Cerin E, Salmon J: Compensation of physical 

activity and sedentary time in primary school children. Med Sci Sports Exerc 

2014, 46:1564-1569. 

36. Østbye T, Malhotra R, Stroo M, Lovelady C, Brouwer R, Zucker N, Fuemmeler 

B: The effect of the home environment on physical activity and dietary 

intake in preschool children. Int J Obes (Lond) 2013, 37:1314-1321. 

37. Pate RR, Almeida MJ, McIver KL, Pfeiffer KA, Dowda M: Validation and 

calibration of an accelerometer in preschool children. Obesity (Silver Spring) 

2006, 14:2000-2006. 

38. Hesketh KR, Goodfellow L, Ekelund U, McMinn AM, Godfrey KM, Inskip 

HM, Cooper C, Harvey NC, van Sluijs EM: Activity levels in mothers and 

their preschool children. Pediatrics 2014, 133:e973-980. 

39. Migueles JH, Cadenas-Sanchez C, Ekelund U, Delisle Nyström C, Mora-

Gonzalez J, Löf M, Labayen I, Ruiz JR, Ortega FB: Accelerometer Data 

Collection and Processing Criteria to Assess Physical Activity and Other 

Outcomes: A Systematic Review and Practical Considerations. Sports Med 

2017, 47:1821-1845. 

40. Tudor-Locke C, Barreira TV, Schuna JM, Jr., Mire EF, Chaput JP, Fogelholm 

M, Hu G, Kuriyan R, Kurpad A, Lambert EV, et al: Improving wear time 

compliance with a 24-hour waist-worn accelerometer protocol in the 

International Study of Childhood Obesity, Lifestyle and the Environment 

(ISCOLE). Int J Behav Nutr Phys Act 2015, 12:11. 

41. Trost SG, Loprinzi PD, Moore R, Pfeiffer KA: Comparison of accelerometer 

cut points for predicting activity intensity in youth. Med Sci Sports Exerc 

2011, 43:1360-1368. 

42. Sirard J, Trost S, Pfeiffer K, Dowda M, Pate R: Calibration and Evaluation of 

an Objective Measure of Physical Activity in Preschool Children. 2005, 

2:345. 

43. Hislop J, Bulley C, Mercer T, Reilly J: Comparison of Accelerometry Cut 

Points for Physical Activity and Sedentary Behavior in Preschool Children: 

A Validation Study. 2012, 24:563. 

44. Vesanto J, Himberg J, Alhoniemi E, Parhankangas J: Self-organizing   map in 

Matlab: the SOM Toolbox. In Proceedings   of the Matlab DSP Conference. 

1999: 35-40. 

45. Oliver E, Vallés Pérez I, Rivera B, María R, Martí C, Josep A, Soria   Olivas E: 

Visual data mining with self-organizing maps for self monitoring data 

analysis. Sociological Methods & Research 2016, 45:1–15. 

46. Davies DL, Bouldin DW: A cluster separation measure. IEEE Trans Pattern 

Anal Mach Intell 1979, 1:224-227. 

47. Cohen J: Statistical power analysis for the behavioral sciences. 3rd. edn. New 

York: Lawrence Erlbaum Associates; 1988. 

48. Field A: Discovering  S tatistics Using SPSS   (3rd Ed.). London, UK: SAGE 

Publications Ltd   2009. 

49. Palmer KK, Chinn KM, Robinson LE: The effect of the CHAMP intervention 

on fundamental motor skills and outdoor physical activity in preschoolers. 

Journal of Sport and Health Science 2019, 8:98-105. 

50. Figueroa R, An R: Motor Skill Competence and Physical Activity in 

Preschoolers: A Review. Matern Child Health J 2017, 21:136-146. 

51. Silva-Santos S, Santos A, Duncan M, Vale S, Mota J: Association Between 

Moderate and Vigorous Physical Activity and Gross Motor Coordination in 



23 

 

Preschool Children. Journal of Motor Learning and Development 2019, 0:1-

13. 

52. Hall CJS, Eyre ELJ, Oxford SW, Duncan MJ: Relationships between Motor 

Competence, Physical Activity, and Obesity in British Preschool Aged 

Children. Journal of Functional Morphology and Kinesiology 2018, 3. 

53. Hall JC, Eyre LE, Oxford WS, Duncan JM: Relationships between Motor 

Competence, Physical Activity, and Obesity in British Preschool Aged 

Children. Journal of Functional Morphology and Kinesiology 2018, 3. 

54. Barnett LM, Morgan PJ, Van Beurden E, Ball K, Lubans DR: A reverse 

pathway? Actual and perceived skill proficiency and physical activity. 

Medicine and Science in Sports and Exercise 2011, 43:898-904. 

55. Kambas A, Michalopoulou M, Fatouros IG, Christoforidis C, Manthou E, 

Giannakidou D, Venetsanou F, Haberer E, Chatzinikolaou A, Gourgoulis V, 

Zimmer R: The relationship between motor proficiency and pedometer-

determined physical activity in young children. Pediatr Exerc Sci 2012, 

24:34-44. 

56. Bakrania K, Edwardson CL, Bodicoat DH, Esliger DW, Gill JM, Kazi A, 

Velayudhan L, Sinclair AJ, Sattar N, Biddle SJ, et al: Associations of mutually 

exclusive categories of physical activity and sedentary time with markers of 

cardiometabolic health in English adults: a cross-sectional analysis of the 

Health Survey for England. BMC Public Health 2016, 16:25. 

57. Ekelund U, Steene-Johannessen J, Brown WJ, Fagerland MW, Owen N, Powell 

KE, Bauman A, Lee IM: Does physical activity attenuate, or even eliminate, 

the detrimental association of sitting time with mortality? A harmonised 

meta-analysis of data from more than 1 million men and women. The Lancet 

2016, 388:1302-1310. 

58. Lopes L, Santos R, Pereira B, Lopes VP: Associations between sedentary 

behavior and motor coordination in children. American Journal of Human 

Biology 2012, 24:746-752. 

59. Tremblay MS, LeBlanc AG, Kho ME, Saunders TJ, Larouche R, Colley RC, 

Goldfield G, Connor Gorber S: Systematic review of sedentary behaviour and 

health indicators in school-aged children and youth. Int J Behav Nutr Phys 

Act 2011, 8:98. 

60. Højbjerre L, Sonne MP, Alibegovic AC, Dela F, Vaag A, Meldgaard JB, 

Christensen KB, Stallknecht B: Impact of physical inactivity on subcutaneous 

adipose tissue metabolism in healthy young male offspring of patients with 

type 2 diabetes. Diabetes 2010, 59:2790-2798. 

61. Tremblay MS, Chaput JP, Adamo KB, Aubert S, Barnes JD, Choquette L, 

Duggan M, Faulkner G, Goldfield GS, Gray CE, et al: Canadian 24-Hour 

Movement Guidelines for the Early Years (0-4 years): An Integration of 

Physical Activity, Sedentary Behaviour, and Sleep. BMC Public Health 2017, 

17:874. 

62. Tremblay MS, LeBlanc AG, Janssen I, Kho ME, Hicks A, Murumets K, Colley 

RC, Duggan M: Canadian Sedentary Behaviour Guidelines for Children and 

Youth. Applied Physiology, Nutrition, and Metabolism 2011, 36:59-64. 

63. Martinez-Gomez D, Ortega FB, Ruiz JR, Vicente-Rodriguez G, Veiga OL, 

Widhalm K, Manios Y, Beghin L, Valtuena J, Kafatos A, et al: Excessive 

sedentary time and low cardiorespiratory fitness in European adolescents: 

the HELENA study. Arch Dis Child 2011, 96:240-246. 



24 

 

64. Iivonen KS, Sääkslahti AK, Mehtälä A, Villberg JJ, Tammelin TH, Kulmala JS, 

Poskiparta M: Relationship between fundamental motor skills and physical 

activity in 4-year-old preschool children. Percept Mot Skills 2013, 117:627-

646. 

65. Laukkanen A, Pesola A, Havu M, Saakslahti A, Finni T: Relationship between 

habitual physical activity and gross motor skills is multifaceted in 5-to 8-

year- old children. Scandinavian Journal of Medicine & Science in Sports 

2014, 24:E102-E110. 

66. Sánchez GFL, Williams G, Aggio D, Vicinanza D, Stubbs B, Kerr C, Johnstone 

J, Roberts J, Smith L: Prospective associations between measures of gross 

and fine motor coordination in infants and objectively measured physical 

activity and sedentary behavior in childhood. Medicine (Baltimore) 2017, 

96:e8424. 

67. García-Massó X, Estevan I, Izquierdo-Herrera R, Villarrasa-Sapiña I, Luis-

Millan González LM: Postural control profiles of typically developing 

children from 6 to 12 years old: A self-organizing maps approach. Journal 

of Motor Learning and Development 2019. 

68. Duncan M, Roscoe C, Faghy M, Tallis J, Eyre E: Estimating Physical Activity 

in Children Aged 8–11 Years Using Accelerometry: Contributions From 

Fundamental Movement Skills and Different Accelerometer Placements. 

Frontiers in Physiology 2019, 10. 

69. Clark CCT, Moran J, Drury B, Venetsanou F, Fernandes J: Actual vs. 

Perceived Motor Competence in Children (8–10 Years): An Issue of Non-

Veridicality. Journal of Functional Morphology and Kinesiology 2018. 

 

 

 

 

  



25 

 

Table 1. Categorised relative value of the input variables in the SOM analyses. 

 Profile 1 

Aligned– Low 

Profile 2 

Aligned partially: 

Low 

Profile 3 

Non-aligned: 

Medium-Low 

Profile 4 

Aligned partially: 

Medium-High 

Profile 5 

Aligned partially: 

Medium 

Sedentary High Medium Low Low Medium 

Light Low Medium High High Medium 

MVPA Low Low Low High Medium 

Gross MC Low Low Medium Medium High 

MABC2 

split (%) 

20/12.5/19.

6 
60/25/15.2 20/37.5/26.1 0/25/19.6 0/0/19.6 

Sex (M/F) 17.9/20 23.1/15.0 20.5/40 25.6/5 12.8/20 

Note. MVPA: moderate vigorous physical activity, MC: motor competence. MABC2 split refers to the 

profile composition of children scoring ‘red’, ‘amber’ and ‘green’ expressed as percentage of total 

red/amber/green. Sex refers to the proportion of boys and girls in every cluster expressed as a percentage 

of the whole sample. 
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Table 2. Descriptive values according to the profile. 

 

Profile 1 

Aligned– Low (n=22) 

 

Profile 2 

Aligned partially – Low 

(n=24) 

Profile 3 

Non-aligned – 

Medium-Low (n=32) 

 

Profile 4 

Aligned partially – 

Medium-High 

(n=22) 

Profile 5 

Aligned 

partially – 

Medium (n=18) 

 
M SD  M SD  M SD  M SD  M SD 

Fine MC (%) 39.82 28.58   27.33 19.84   35.31 18.53  43.00 30.41   54.56 25.15 

Gross MC (%) 15.18 18.85 5 9.54 7.92 5 22.94 14.25 5 28.18 30.93 5  48.11 16.89 

Overall MC (%) 27.50 17.81   18.44 12.59   29.13 13.83  35.59 20.89   51.33 19.08 

zBMI -0.43 2.02 3 0.44 0.76 5  0.81 1.26 5 0.38 1.48   -0.31 1.00 

WC (cm) 49.65 4.10   50.09 3.29   52.08 5.79  51.96 7.43   50.03 2.77 

Sedentary (mins/day) 626.47 42.95 2,3,4,5 521.99 22.04 3,4 460.94 28.81 5 453.19 31.98  5 530.93 20.21 

Light (mins/day) 234.49 36.35 2,5 307.37 30.15 3,4 365.39 18.39 5 347.11 36.13   316.59 32.21 

Moderate (mins/day) 44.94 4.38 2,3 41.45 3.07 4 41.96 3.42 4 48.35 3.78  44.01 2.70 

Vigorous (mins/day) 18.05 8.32 2,4 9.90 3.53 3,4,5 15.30 5.93 4 38.61 7.70 5 16.37 7.87 

MVPA (mins/day) 62.99 11.04 2,4 51.35 6.19 3,4,5 57.26 6.54 4 86.97 7.92 5 60.37 7.69 

Note. MC: motor competence, zBMI: body mass index expressed as a z-value, WC: waist circumference, MVPA: moderate to vigorous physical activity. The number at the 

right of the SD denotes significant difference (P<0.05) with this specific profile.
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Figure 1. 
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Figure caption 

Figure 1. SOM activity behaviour profiles.  

Note. For each hexagonal heat map, the accompanying colour-bar represents high (yellow) to low (blue) 

values for each respective variable. C1-5 denotes cluster 1, cluster 2, cluster 3, cluster 4 and cluster 5; in 

every neuron, the bigger the green shadow the higher the number of children included. On the bottom, right 

side, sample distribution in every cluster. 
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