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Abstract

Interceptive timing (IntT) is a fundamental ability underpinning numerous actions (e.g. bhihgatbut

its development and relationship with other cognitive functions remains poorly understood. Piaget (1955)
suggested that children need to learn the physical rules that govern their environment betane they
represent abstract concepts such as number and time. Thus, learning how objects move in space and time
may underpin the development of related abstract representations (i.e. mathematiést)thi®

hypothesis, we captured objective measures of IntT in 309 primary school children (4-11 years),
alongside general motor skilland‘national standardized academic attainrheotres. Bayesian

estimation showed that IntT (but not general motor capability) uniquely predictedmaitcal ability

even after controlling for age, reading and writing attainment. This finding highlightisitisae ptive

timing is distinct from other motor skills with specificity in predicting childhood matherakztioility

independent of other forms of attainment and motor capability.
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Introduction

Interceptive timing (IntT) is a fundamental human sensorimotor ability that underpins actions
where the goal is to make contact with a target when the target and human are in relative motion
(e.g hitting a baseball). These tasks require both spatial and temporal accuracy, and proficiency
in these tasks appedsser in a child’s developmental history than skills with minimal temporal
constraints such as reaching to static objects (Sugden & Wade, 2013). Neurologically intact adult
humans show exquisite precision in IntT, with elite baseball batters able to swing their bat to a
spatial accuracy of £1.5cm and a temporal accuracy of £10ms (Tresilian, 1999). The IntT skills
of humans are a testimony to the incredible learning capacity of the sensorimotor system and its
ability to overcome the challenges involved in controlling over 600 muscles with the inherent
difficulties of nonlinearity, nonstationarity, information delays, and noise whilst operating within
an uncertain world (Franklin & Wolpert, 2011). Temporal processing delays are particularly
problematic when performing IntT tasks and so the individual will need to make predictions
about where the object and the limb will be at the time of desired contact (Tresilian, 2012).
These predictions require precise estimates of how the object will move over time, together with

state estimates of the neuromuscular system.

It is widely believed that sensorimotor prediction relies on internal models within the
sensorimotor system. Internal models allow for prediction of object motion through space and
time (Merfeld, Zupan, & Peterka, 1999), with forward models used to estimate the sensory
consequences of motor commands (Flanagan & Wing, 1997; Wolpert, Miall, & Kawato, 1998).
Thus, the development of these models is central to the ontogenetic acquisition of IntT skills.
The deleterious impact of developmental delays in motor prediction can be readily imagined
with regard to a chil@d ability to engage in physical activity. But it is possible that sensorimotor
impairments have consequences for a child’s cognitive capabilities in a manner that is not so

readily appreciated by educational authorities (Cameron et al., 2012; Grissmer, Grimm, Aiyer,
Murrah, & Steele, 2010; Roebers et al., 2014; Son & Meisels, 2006). Such proposals are
consistent with the view that the phylogenetic emergence of higher-order cognitive abilities were

built upon the evolutionary platform provided by the motor system (Barton, 2012), particularly



with respect to estimating the future state of the environment and physical body (Desmurget &
Grafton, 2000).

The idea that higher-order cognitive processes emerged from sensorimotor abilities is attractive
(Wilson, 2002). It has been suggested that the fundamental importance of sensorimotor
substrates to cognition extends both to the individual as well as the species, with Piaget (1955)
suggesting that ontogeny recapitulates phylogeny in this regard. Thus, Piaget proposed that
sensorimotor interactions with the environment underpin the development of cognitive
representations, including our understanding of number. This idea has received a surge of
support over the last decade, with evidence that abstract representations of number are grounded
in early interactions with objects and an understanding of physical space (de Hevia & Spelke,
2010; Nieder & Dehaene, 2009). There is evidence to suggest that the basic spatial processing
abilities in infants (6-13 months) are related to the mathematical capabilities developed at 4 years
of age (Lauer & Lourenco, 2016}.dlso appears that number representations become spatially
orientated (Fias, van Dijck, & Gevers, 2011) with representations of number and space sharing
overlapping neural circuitry (Hubbard, Piazza, Pinel, & Dehaene, 2005).

Given that there appear to be close links between spatial and temporal representations (Bueti &
Walsh, 2009; Burr, Ross, Binda, & Morrone, 2011; Chang, Tzeng, Hung, & Wu, 2011; Lourenco
& Longo, 2010; Srinivasan & Carey, 2010; White & Diedrichsen, 2010; Wijdenes, Brenner, &
Smeets, 2014) it is no great leap to hypothesize that representations of space, time and number
will all be processed by related systems. There is currently no direct evidence examining whether
a child’s skill performing IntT srelated to their abilityn mathematics, but a robust test of this
hypothesis would be to measure IntT skill and relate this to standardized school mathematical
measures. A failure to find a relationship would allow us to reject the hypothesis, whilst a more
general relationship between IntT skill and cognitive ability (e.g. in reading and writing) would
suggest that there is no specific functional relationship between mathematics and IntT over and

above general academic achievement.

Thus, we developed an IntT task with 54 moving targets to test 309 primary school children

(aged 4-11 years) (see Figure 1). Three target speeds and three target widths were presented (9



trial types) with a sufficient range to challenge older children whilst allowing younger children to
also succeed. The number of targets hit (IntT score) was the primary measure of interest. In a
separate task the manual dexterity and postural control abilities of the children were measured to
distinguish between general motor skill and IntT abilities. Mathematics ability was obtained

from the children’s nationally standardized mathematics attainment scores (1-14 scale; see
Supplementary materials). These, along with reading and writing scores, were provided by the

school.

Methods

Participants
Participants were recruited from a state primary school in Bradford, West Yorkshirgheke were 368

children in UK school years 1 to 6 (aged 4-11 years) at the time of testing. All children wtsd tov
take part in the study. The children completed two test sessions in which they completed amarige of
and cognitive tasks. All motor tasks took place in the first session. Ethical approval was dbbamie
University of Leeds (School of Psychology) Ethics and Research committee.

From the 368 children at the school, 309 full data sets were included in the data analysis. Eleven children
were removed from the 368 because they were classed as having special education needs (SEN) by the

school. Twenty-nine were excluded because the experimenter recorded that they did not complete one or
more tasks. Fourteen were excluded because they did not provide data on the interception task and fiv

did not provide data on postural control.

Measures

Interceptive Timing Task

Children completed a computer based interception task in which they hit moving targets by controlling a
custom-made 1-DoF joystick (see Figure 1). The joystick was placed reelotizontally positioned

BenQ XL2720Z LCD gaming display (Resolution: 192A080, size: 59& 336mm, brightness: 300cd /

m?, refresh rate: 144Hz). The position of the joystick was represented on screen by a black rectangular
‘bat’ (dimensions: 1& 15mm) that was always in line with the joystick. All stimuli were generated using
Python 2.7.9.
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Figure 1. a) The experimental setup for a right handed child: children viewed a horyzontall

oriented monitor while controlling an onscreen 'bat' via a 1-DoF manipulandumdpiatiee left of the
display for left handed participants with stimuli reversed). b) Schemattie ®éarget and bat on the
experimental display, and manipulandum to the right of the display. Targets moved tfitomi gt
across the screen. Participants were instructed to hit the target from benkedttle Wit. c) Possible
outcomes: in the upper panel the bat has arrived too early and missed the targetiddi¢hgamel the
batsuccessfully hits the target on the underside. In the lower panel the bat was toullatssed the
target.

A ‘start box appeared onscreen at the beginning of every trial and the participant was instructed to place
the bat within it (coordinates [5@im, 20mm]; coordinate origin at bottom left of screen). A black target
(height: 15mm) then appeared at the left hand side of the screen (coordimateE50nm] (for left

handed participants the apparatus and stimuli were reversed, with the manipulandum placed on the left
side of the screen). After a delay drawn from a uniform distribution U(0.25, 3.0 sec) thertavegelt

from left to right at a constant speed. The center of the target passed in front ot¢h@fcthe bat after

moving 570mm. The children were instructed to hit the target with the bat. Thewasysticcessfully hit

if the upper edge of the bat collided with the lower edge of the targeti{gee Ec). The target then

stopped moving, turned red and span before disappearing, thereby providing motivating animated
feedback for the childreiif the bat passed in front of the target’s horizontal path the target immediately

stopped moving and then remained on screen for 1 second. Thus, participants could not simply move the
bat in front of the target’s path and wait for the target. If the bat crossed the target’s path after the target

had moved too far to be struck then the target stopped and remained visible for 1 second. The position of

the bat and target was timestamped and saved to computer memory at 144HZ sTesliaial data



were filtered using a low pass second order zero-lag Butterworth filter with a cigaqféfrcy of 10Hz.
Spline interpolation was used to estimate the time at which the bat reached the interceitidhgoin

total number of targets hit by each participant provided our measure of interceptive tinitgg abil

Children performed 54 trials in which the target speed (250mm\s, 400mm\s, 550mmA\s) and target width
(30mm, 40m, 50mm) varied (9 trial types x 6). Each target type was presented in a block of 3ttrials, w

2 blocks for each trial type. The blocks were pseudorandomly ordered with the constraint that te/o block
of the same kind could not occur sequentially. All participants experienced an identical psgomiora
sequence of blocks.

Manual Dexterity

To distinguish between general motor skills and IntT ability we took measures of manesatydard

postural ability. Manual dexterity was measured using the Kinematic Assesment ToolgRtitter

Williams, Barber, & Mon-Williams, 2014) whictonsists of three sensorimotor tasks that are presented

on a tablet computer screen (Toshiba Portege M700-13p tablet, screen: 260x163 mm, 1200x800 pixels,
60 Hz refresh rate) and completed using a hand-held stylus. The planar position of the stylus weas record

at 120Hz and smoothed using a 10Hz dual-pass Butterworth filter at the end of each testing session.
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Figure 2. a) Steering task: Participants traced a spatial path (oriented entliffarys) from the open to
the closed black dot using the stylus, while staying within a moving box. b) AimingHasticipants
made movements to sequentially appearing targets (indicated by the nunnbésible to participant
with a stylus. Open circles were not visible when moving between dots two and jhinecking task:
Participants followed a dot with the stylus. In the first trial the dot folloWweditished (invisible) path. In
the second trial the guide track was visible. In each trial the dot made three oesgatiitine figure of

eight pattern at each speed: fast, medium and slow.

Steering Task
The steering task required participants to trace a path displayed on the tablet (FighieoRayoved

along the path every 5 seconds. Participants were told to trace the path as accurately as pbssible whi



ensuring they stayed within the moving box at all times. At each time point (120Hz) the minimum two
dimensional distance between a reference path and the stylus was calculated. The arithmatasmea
calculated for these values across each trial, giving a measure of path accuracy (PA). Tied titeal

if the participant remained within the moving box was 36 seconds. To norfAlifes task time, PA

was adjustedly the percentage that participant’s actual MT deviated from the ideal 36 seconds value
(adjustedPA). AdjustedPA, a measure that incorporated both timing and accuracy components, was used
to determine performance on the steering task (with larger values indicating worse pedrmanc

Aiming Task

The aiming task (Figure 2b) required participants to make 75 aiming movements to sequentially
appearing circular targets (5mm diameter). Once the participant successfully movghlishie she

target dot then that target disappeared and the next target appeared (see Flatters, (2illlet)dby

details). Movement timeMT) was the measure of interest and was defined as the time between arriving at
one target location and arriving at the next. The mean MT over the first 50 trials provided our measure of
‘aiming’ performance (with longer trials indicating worse performance). The last 25 trials contained

‘jump’ trials in which the target dot moved position during the aiming movement and were not of interest

in this experiment.

Tracking Task (with and without spatial guide)

Participants completed two types of trial in the tracking task (Figure 2c). Insgh#ifil, they placed the
stylus on a static dot (10 mm diameter) displayed on the center of the screen. After one second the dot
began to mowacross the screen in a ‘figure-of-8’ pattern. Participants were instructed to keep the tip of
the stylus as close as possible to the dot’s center for the duration of the trial. The dot completed nine
revolutions of théfigure-of-8” pattern. e dot moved at a ‘slow’ pace during the first three revolutions.

In the next three revolutionbe dot moved at a ‘medium’ pace and in the last three the dot moved at a

‘fast pace’ (see Flatters, Hill et al., (2014) for details). Participants then completed a secondicial w

was identical to the first except that a black 3mm wide ‘guide’ line was displayed on the screen,

indicating the path which the dot would follow.

The root mean square error (RMSitovided a measure of the participant’s spatio-temporal accuracy,

where the error was the straight line distance in mm between the center of the targetruosbhast A
separate RMSE score was calculated for each target speed within each trial. The median vatue of thes
was taken to provide an overall measure of performance on the tracking task (withdarger v

indicating worse performance).
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Postural control Task

Postural movements were measured using a custom rig (Flatters, Culmer, Holt, Wilkie, & MamsVill
2014). Children stood with their feet shoulder width apart on a Nintendo Wii Fit board, whiathegkcor
the participant’s center of pressure (COP) at 60Hz. The data were filtered using a wavelet filter as
described in (Flatters, Culmer, et al., 2014). The two-dimensional path length subtend=@6ytfin
mm) provided a measure of balance, first with eyes open and then with eyes closed. Larger values
therefore indicated worse performance.

Academic Attainment
Nationally standardized academic attainment scores for mathematics, reading and writingviegee p
by the school (https://www.gov.uk/national-curriculum/overview). Children were gradedaatesfrom

1 to 15 which map to UK standardized scores (see Supplementary information).

Data Analysis
Ordered-probit regression was employed to model the data. This is appropriate when the dependent

variable is ordinal, as is the case for the academic attainment metrics. The modgldorebines
predictor variables (IntT, manual dexterity, posture and age) to generate a latent acadienmiersdt

score for the,;, data pointy;). This is done in exactly the same way as in linear regression,

yi = N(w;,0) (Equation 1)
u =X\ B (Equation 2)

whereX! is a vector of predictors, is a vector of regression coefficients ands the expected latent
attainment outcome for thig, participant (Eqn 2). The latent attainment scgi@ is then drawn from a
normal distribution with mean; and standard deviatien(Egn 1). However, unlike in standard
regressiony; is a latent score which is then mapped to the ordinal attainment vagigbl&His is done
by slicing through the latent outcome scale with ordered threstipld6,_,, whereK is the number of
possible categorical outcomes. The ordered outgoiméhen defined by which thresholgsfalls

between (as illustrated in Figure 3). This is known as the probit link function.



Figure 3. lllustration of an ordered probit model. The upper line reptes® continuous latent
attainment score. The expected latent attainment score fdf paaticipant is given by; = X7 8, and is
represented by the position of the black dot on the upper line. A lateimnagnt scorg;" is then sampled
from a normal distribution (curved black line) with meaf and standard deviatiom. The observed
attainment score then depends on which of the threstipld§,_, (grey dotted linesy; falls between.
Herey; falls between the"2 and 3 thresholds, giving an observed attainment score of 3. Note that the

threshold parameters will not necessarily be equally spaced.

As in standard regression we wish to fit the model parameters (the regression coefficients amt standar
deviations;8 ando) to the data. In addition we also wish to simultaneously fit the threshold parameters
(C1._x-1)- While methods such as maximum likelihood can be used to fit the model, we employed
Bayesian estimation techniques to yield a joint posterior distribution over all model pasafretarally,

we estimated the posterior distributiB(B, g, C; _x_1|y) using the No-U-Turn algorithm (Hoffman &
Gelman, 2011) implemented in RStan 2.16.2. The posterior distribution was summarized using 95%
highest density intervals (HDI) which provide an upper and lower bound for an interval whiatdirsgco

to the posterior, has a 95% probability of containing the true model parameter value, given the data,

likelihood and priors. The width of the HDI provides information about the esfisnatecision.

A model was fit separately for each of the attainment outcomes (mathematics, reading and \woting
each model a representative sample was taken from the posterior distribution. Four chains of 10,000
samples were started at random locations of the joint posterior parameter space. Eacktdoaik fir

5000 warm up samples that were then discarded. Convergence was assessed by visually inspecting the



chains and examining the gelman-rubin statiftlc(Gelman, 2014) and effective sample size of all

parameters. AR values were close to 1 and the effective sample size was >6000 for all parameters.

Results

We were primarily interested in whether IntT would be predictive of mathematics adtaiiaifter
controlling for age and other motor skills. Figure 4a indicates that therel@ianghip between
mathematics attainment and IntT but also between these variables and age (Figure 4b, dd Bigtse
the correlation between interceptive timing and mathematics attainment after cunfallage £ =
0.208).
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Figure 4. a,b,c) Correlations between Mathematics Attainment, Interceptivey TimtT) and Age.

Partial correlation between IntT and Mathematics Attainment after dimgrfor Age. The fitted black
lines are the least squared regression lines. Weteson s correlation coefficients are given but these
values should be treated with caution due to ordinal nature of attainment scoresdpentay of the

ordinal probit model elsewhere).

Whilst Figure 4 provides a useful illustration of the range of performance of childifes imerceptive

timing task, the primary question of interest was whethdrwould be predictive of mathematics
attainment even after controlling for age and general motor skills. Linear regressiothiss moist
appropriate model for tlsedata given that the attainment metrics used were ordinal in nature (thus the
Pearson’s correlation coefficients given in Figure 4 should be interpreted with caution). In order to fully
capture the relationships between the variables of interest, we utilized an orderechpdetbio make
inferences from the data. First we fitted the model separately for each educationakattaumcome
(mathematics, reading and writing). We then examined the 95% highest density intervah{¢kDI; t
horizontal black lines in Figure 5) for egélparameter, to determine the region where the true parameter

was likely to fall (with 95% confidence, given the likelihood, priors and the data) pheameters

10



determine the amount by which a 1 unit change in the predictor variable will change the latenicacadem

attainment score (see Figure 3).

Thep coefficient forIntT (Figure 5, green curves, second collimas clearly non-zero for the

mathematics attainment model (Figure 5, top row; 95% HDI excluded zero for IntT), with a mean
estimate of 0.03 (95% HDI = [0.01, 0.05]). This suggests that for every five additiorsséthity the

model estimates an average increase of 0.15 on latent mathematics score for thatlintiadimk

between IntT and mathematics attainment can be cordraith the reading and writing models (Figure

5, second column, middle and bottom row) where the 95% HDI of the IntT slopes contained zero and
concentrated around comparatively sealalues, suggestingtle or no relationship. Thus it appears

that IntT may have a specific relationship with mathematics, but not educational attainnesvarad.g

This pattern contrasts with the other motor measures, none of which showed the same specificity for
mathematics. Fine motor skills (Figure 5, Purple) showed a more general relationship with attainment
measures: Steering had clear non-zero relationships with all three attainment scores, while Aiming also
showed a possible relationships with mathematics, reading and writing. Tracking only showed a non-zero
relationship with reading, while smaller coefficient values were more likely &hematics and writing.
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Figure 5. Marginal posterior distributions oy&rcoefficients (i.e. regression slopes) for the Mathematics,
Reading and Writing models. For clarity the x-axes for Steering, Aimingkifrand Balance have been
reversed since for these measures negative values indicate aseriord®e latent attainment score. The
x-axis scales are consistent within columns to allow comparisons beMathematics, Reading and
Wkiting models. The black vertical dashed lines highlight the zero pdietemhere would be no clear

relationship, and the filled black circles represent the means and horizontdld@584 HDI.
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Balance measures of gross motor skills showed no clear relationship with mathematiadinay
attainment scores, though there did seem to be a relationship between balance with eyes closed and
writing attainment (Figure 5, Orange). This pattern highlights the importance of lzasiagle base

when performing fine motor tasks such as writing (Flatters, Mushtaq, et al., 2014)

Effect size

The modelling performed in the previous section provadeethod for describing the association
between particular variables. However fheoefficients are scale specific and the observed coefficients
may reflect small effects with little real-world significance. To allowganeaningful examination of the
size of theeeffects we estimated how many months of age the typical range of scores on each
sensorimotor task was worth, with respect to the associated increase in academmierattdo perform
this calculation the typical range was defined as two times the standard deviationr(&izhfo
sensorimotor task after controlling for age (see Supplementary materialgier fietails).

The effect size was calculated as follows,

2XSD; X B;
—Jﬁ]x 12
.Bage

Equivilant age change =

whereSD; is the estimated standard deviation for fiesensorimotor measure (after controlling for age),
B; is the corresponding model coefficient gfyg, is the coefficient for age. We multiplid; by 2 to
give the typical range of scores, and by 12 to convert the units from years to months. A detailed example

of the effect size calculation, and h6W; was calculated is provided in the Supplementary materials.
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Figure 6. 3 Equivalent change in age (months) explained by change in performance in IntT and fine
motor skills (Steering, Aiming and Tracking) for Mathematics (Dark bars), Rgddhite bars) and
Wkiting Attainment (Grey bars). b) Equivalent change in age for the Mathera#tiésment motor task
predictors both with (light bars) and without (dark bars) Reading and Wiitthgded as predictors.
Adding Reading and Writing had little effect on the beta value for IntT, but @hdidge beta values for
Steering, Aiming and Tracking. The vertical error bars indicate the Standard Deuiftti@posterior
(SD).

The ‘equivalent change in age” metrics (Figure Gehighlight that the typical range of IntT scores for
mathematics attainmeigt equivalent to approximately 5.5 months of age (i.e. for children of the same
age with interceptive timing scores differing by the typical range we should expect antiéfén latent
mathematics attainment equivalent to 5.5 months). Steering gdtaalh larger effect size for
mathematics attainment than IntT (8.8 months) but Steering also has simiéazffas for reading and
writing attainment (9.8 and 9.1 months respectively) whereas IntT has very little eftbetse other
attainment scores (0.3 and 0.7 months respectiv@ly).‘equivalent change in age” metric for Aiming
suggests that for mathematics attainment, Aiming has a similar effect size to IntT (5hg)pimunt with
values of 4.4 months and 3.4 months for reading and wrgggectively. Tracking had a value of 5
months for reading attainment, and smaller values for mathematics and writing attainment 42.5 and

months).

As with any observational study, there is always the possibility that omitted varielgeggneral

intelligence, or hand writing ability) may be mediating the relationship between the seteorim

13



measures and academic attainment (see discussion). A reviewer noted that controllingniparehdi

writing scores (by including them as predictors in the mathematics model), may redcitantes of an
omitted variable bias, and also provide a useful test of whether the relationship between IntT and
mathematics could be explained by a more general relationship between sensorimotor performance and
academic ability. Thus, we carried out further (exploratory) analyses of theydatlling reading and

writing to the mathematics model (see Figure 6b). Adding the additional educatiaimahatit scores

resulted in a substantial drop in the estimasgdivalent age’ effect size estimate for general fine motor
measures (Steering, Aiming and Tracking), but the effect size of IntT waartgftyl unchanged.

Discussion

This study demonstrates for the first time that interceptive timing ability can pnealicematical

performance in primary school children. This finding is consistent with human sensorimotor systems and
cognitive abilities being intrinsically linked. Correlational studies always raisstigns about the

direction of causality, but in this case it is difficult to see how enhanced mathematigscahilil have
improved performance on the IntT task given that the task involved sub-second sensorimotorsprocesse
(mean movement time = 340ms, SD = 266). We probed the relationship in a variety of ways to determine
whether it could be simply explained by generalized links between motor performance and educational
attainment. We did indeed observe that some measures of fine motor skill had a generahiplatitn
academic attainmentotably manual ‘Steering’ predicted academic attainment on reading, writing and
mathematics. However IntT reflected a more specialized relationship independent of general motor

ability, and also independent of academic attainment scores for reading and writing.

It is worth considering whether there is an obvious unmeasured mediating variable thakptaitdthis
relationship. For example, imagine that the children who are better at mathematics tu@selHoat

spend longr playing computer games and it is this exposure that leads to improved interceptive timing
(rather than mathematics ability per se). Whilst it is impossible to completelgutigeich mediating
variables, the specificity of the observed relationship mialssem unlikely. In the computer game
example, the games played would have to have no effect on general fine motor skills (Steeringg Tracki
and Aiming), nor on academic attainment for reading or writing. As such this explanationresynoat
general exposure to computer games, rather it would require specific training totleattivese who are
better at mathematics are selected to improve their interceptive timing abitiést (eaving other

general fine motor control unchange@here was no evidence that games of such specificity were being

deployed in this way within the school that took part in this study.
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When considering why there is a relationship between sensorimotor IntT capability and theecognit
development of a child, one must also allow for the possibility that sensorimotompenta is a proxy
measure of psychopathology, especially as populations with clinical motor control deficésmes

exhibit poor mathematics ability (Pieters, Desoete, Van Waelvelde, Vanderswalmen, & Roeyers, 2012;
Tinelli et al., 2015; Van Rooijen, Verhoeven, & Steenbergen, 20ddeed, ‘fine motor skills” can

predict measures of mathematics ability in healthy children (Carlson, Rowe, & Curby, 2013; Geissmer
al., 2010; Luo, Jose, Huntsinger, & Pigott, 2007; Pagani, Fitzpatrick, Archambault, & Janosz, 2010; Son
& Meisels, 2006). Whilst our data confirm these findings by showing a relationship between fine motor
tasks (Steering and Aiming) and mathematics attainment, the relationship seemed to generalize to all the
educational attainment measures (mathematics, reading and writing). Furthermore when wecttortroll
fine motor skills (Steering, Aiming and Tracing) we still found IntT score was preglictimathematics
attainment (but not reading or writing attainment). These controls would seem to rulepistisim
explanations based on IntT skills acting as a proxy measure for psychopathology, and also otrar potenti
mediating variables such as differences in parental involvement, access to technology, eccoaic

status (Ritchie & Bates, 2013).

Thesefindings are consistent with the idea that number representations are linked with conibewts of
and space, perhaps through a common representation of magnitude (WalsHt 20p&3sible that
children must first learn the physical rules that govern how objects move before they casldtech
abstract representations (Piaget, 1955). The ability to lessapghgsical rules is likely to vary between
individuals, and our findings may reflect variance in the development of the neural strtictiire
underpin predictive learning regarding how objects move in space and time. In this regard, cuainesult
consistent with recent findings showing that basic spatial processing abilitieantsirglate to later

mathematical ability (Lauer & Lourenco, 2016).

We should emphasize that we believe the relationship between IntT ability and matherilatigstasbe
complex, since it is a matter of common observation that not all elite sports people aenexcell
mathematicians, whilst many people with physical disability excel in mathematics. When evaluating the
observed relationships between motor control performance and educational attainment outcomes it is
worth considering the magnitude of the observed effects. Once the change in attainment scores are
transformed into ‘equivalent change in age’ units (Figure S1 and Figure 6) it can be seen that the fine
motor measure ‘Steering’ accounts for approximately 9 months difference in reading, writing and
mathematics attainment. Whilst this finding is noteworthy, it is likely that téigekhip between

Steering and mathematics is fairly general since it disappears once reading awgdattainment have
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been taken into account, possibly relating to general executive function (Roebers et al., 2014adh contr
to the Steering measure, IntT has a smaller relationship with mathematics exttafapproximately 5.5
months) but this is independent of reading and writing attainment (Figure 6). An impoftdarbpo
consideris whether an ‘equivalent change in age’ value of 5.5 months is actually important. From the
perspective of a child with reduced academic attainment this would be considered a substargiaieadi
However, because the mathematics attainment scores themselves are fairly coaeséyitakes quite a
large change in mathematdl@bility to move between attainment brackets. It would, therefore, be unwise
to use effects of this magnitude to try to persuade school teachers to redirect preciousras@yrce

from mathematics teaching in order to target training of interceptive timing. Howlesse, éffects do
suggest that we should not neglect the importance of sensorimotor development in young chiégtren (g
that the environment broadly construed is known to exert a large influence on sensorimotor ability).
Indeed, the present work complements reports that physical activity can exert positive benefits on
cognitive processing, even if the mechanisms remain opaque (Hill, Williams, Aucott, Thomson, & Mon-
Williams, 2011). Thus, the quality of early sensorimotor interactions with the environment may have

important implications fochildren’s education.
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Supplementary Infor mation

Ordered Probit Model
The full ordered probit model and priors are specified below with Intéveepiming (IntT), age, steering, aiming,

tracking and postural balance (eyes open and eyes closed) scoresanpmestictors. The model was based on

Kruschke (2015) and the model code is available online at https://github.com/Oss#ti@ike=d-Probit-Stan.

B ~N(,K)
p=Xp
C, =15

Ci—y. -1~ N(t+05,K)
Cx.1=K—05
a ~ Cauchy*(0,100)
( 1= (452) k=1
0o =19 (5=) - 9 (), 1 <k <K
L o) e

y;~ Categorical(6,)

WhereN is the number of data point,is number of levels in the attainment outcomes 1...N,k =1...K, and
t=1..K—1.XisanN x 7 matrix of predictor variables where the first column is equal thi¢.anN x K

matrix, specifying the probabilities of obtaining each observed academic atdiscore for théth participante

is the cumulative normal functiop. represents a continuous latent attainment outcomey enthe observed
attainment scores.

The first and last threshold val@gandCy_, were fixed in order to identify the moddihus all other model
parameters must be interpreted with regards to this constraint. In additbrihesshold parameter was constrained

to be greater than the lagh(< Cy,1)-
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Effect size calculations

In the main text we provide an estimate of the effect size for each predictermottel in terms of the equivalent
change in age that would be required to produce the same change omtltatiitement score as the typical range
of each of the sensorimotor measures (where the typical range wesdded times the standard deviation of the
motor measure of interest). The effect size can be formally defined as,

o 2 X SD; X B;
Equivilant age change = ———= X 12

Bage

whereSD; is the estimated standard deviation for jitesensorimotor measure (after controlling for age)s the
corresponding model coefficient afigd,. is the coefficient for age. For clarity we illustrate this graphically in

Figure S1 (see caption for details).

Latent Attainment Score

Figure S1.: lllustration of how the effect size metric was calculated. The toghlimes the latent Mathematics
attainment scoreu() on a continuous scale. The model statesithat X7 8, whereX is a design matrix specifying
the predictor scores for each participant. As we change the values of the prediatdes;athe predicted latent
attainment score will change. Changing a motor task score by the typical ranged]efpsia to filled purple

circle) results in a change in the predicted latent attainment score (open to filled blajk Oucleffect size
measure defines how much we would need to change the age predictaideglopen to filled blue circle) in order
to achieve the same change in the latent attainment score. In other wardsaig months the typical range of the

sensorimotor task predictor is worth.
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Typical range of sensorimotor measur es after controlling for age

We chose the typical range to be SD as this is the difference between a scoreSihabove and below the

mean. We therefore needed to estimatesthdor each motor task. However, we know that a substantial proportion
in the variance in each motor task is explained by age. Thus we caldhsdt after controlling for age. For a
single motor task we could calculate this by fitting a simple regression weitasag predictor and the motor task as
the outcome variable. The SD then provides a measure of the variance naieekplaage. Here we used a
“seemingly unrelated regression” model which allowed for all the motor tasks to be modelled as output variables
simultaneously. This is essentially the same as fitting multiple siragtessions between age and each motor task,

except that the covariance between motor tasks is also estimated. The full ndedslmovided at

https://github.com/OscartGiles/Hitting-the-target

Under standing how the latent attainment score mapsto the observed score

The latent attainment score is mapped to the observed data by a probit link functegiviem predicted latent
attainment scoreuf) the model provides a vector of probabilities for each possible ordered attaouteme. For
illustrative purposes, Figure S2a shows the probability distribution whers, which we refer to here ag

(orange bars) and whenincreases as a result of IntT increasing by the typical range, referred,t¢blise bars).
We can see that in both cases an attainment score of 5 is most probginlehe latter case higher scores have
become more probable overall, while the probability of lower scores has declegseel S2b shows the logarithm
of the ratio between the two probability distributions shown in Ei@#a. Again, this shows that observed
attainment scores above 5 are more probable when the latent attainment score is inosiéised/élues), while

lower scores are less probable (negative values).
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Figure S2: a) The probability of obtaining each possible obsd&/fagdematics attainment outcome) (when the

latent Mathematics score is equal tqu5; (orange bars) and when the latent Mathematics score increases by the
amount induced by the typical range of the interceptive timing metsjdb{ue bars). b) Log ratio of probability of
each observed Mathematics attainment score givemdy,. Dark line shows the posterior mean. Grey lines show

100 random samples from the posterior.

Graphical probesof modd fit — Posterior predictive checks

To assess how well the model captures the data we simulated 16,000 data séts frostetior ¥...,,) and

calculated the mean and standard deviation for each. The distribution of #tedatistics are shown in Figure S3a
and S3b respectively. The true mean and SD of the observed data ispissiyle under the model simulations,
suggesting this model captures these statistics well. We also calculated trecaredor each data point across all
the expected score for each data p@@;rep). This is plotted again IntT in figure S4 (red dots) while the true
Mathematics attainment scores are also plotted against IntT (blue dots). It’s clear that the model captures the general

pattern of observed relationship between interceptive timing and Matheattiosnent well.
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Figure S3: Distribution of the (a) mean and (b) standard deviation of testissdior 16,000 simulated data sets

(blue kernel density plots) alongside the true data sets (vertical black dashed line)

14
12

10

Mathematics Attainment

Figure S4: The expected value of the simulated dagg)(as a function of IntT score (blue dots). The observed data

is also shown as a function of IntT score (red dots).

School Attainment Metrics:
Table S1 shows how the educational attainment code maps to the original @ty sshools, as well as the

school year and age at which children are expected to reach key attainment levels.
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Table S1. Attainment score conversion table. A scale of 1 to K (where K was the highest observed score in the data)
was used for the Bayesian Attainment Model. This scale maps to the UK nationally standardized scores. The school

year and age at which children are expected to achieve these scores is shown.

Attainment Government Expected Expected
Score Code Year Group Age
1 1c
2 1b
3 la
4 2c
5 2b 2 6-7
6 2a
7 3c
8 3b
9 3a
10 4c
11 4b 6 1011
12 4a
13 5¢c
14 5b 9 1314
15 5a
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Table S2. In UK primary schools, mathematics is taught and assessed in two stages — Key stage 1 (years 1 and 2

when the children are 4-6 years) and Key stage 2 (years 3 to 6 when the children are 7-11 years). The table below is

an extracted from:|https://www.gov.uk/government/collections/national-curriculum-assessments-test-

frameworks
Year
|Key Stage Il 1 number bonds, early skills for multiplication and solving
The mathematics taught is very simple problems; very practical mathematic related to
practical and related to everyday everyday experiences.
experiences. A variety of
resources, such as coins, dice, 2 working on numbers through rehearsal and using addition
dominoes, playing cards, beads subtraction facts regularly; using number lines, tracks and
and plastic bricks for counting. squares.
|Key Stage 12 3 puzzles, problems and investigations to practice, consolida
Shape, space, data handling, and extend understanding with an emphasis on real world
money and measures in addition situations.
numeracy. 4 decimals (particularly with money and measurement);
equivalent fractions introduced via diagrams and number i

Children are expected to read, used to teach fractions.

write and order numbers on a 5 Fractions, decimals and percentages; comparing, ordering
number line (and place value converting and solving problems in a meaningful context
cards, beads on a string etc). 6 more complicated problems, including those that have

decimals, fractions and percentages; expectation of workin
systematically, using the correct symbols and to check thei

results. They also learn about positive and negative humbg
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