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Abstract—This article provides a comprehensive overview of
recent research in the area of Child-Computer Interaction (CCI).
The main contributions of the present article are two-fold. First,
we present a novel longitudinal CCI database named ChildCId-
bLonﬂ which comprises over 600 children aged 18 months
to 8 years old, acquired continuously over 4 academic years
(2019-2023). As a result, ChildCIdbLong comprises over 12K test
acquisitions over a tablet device. Different tests are considered
in ChildCIdbLong, requiring different touch and stylus gestures,
enabling evaluation of skills like hand-eye coordination, fine
motor skills, planning, and visual tracking, among others. In
addition to the ChildCIdbLong database, we propose a novel
quantitative metric called Test Quality (Q), designed to measure
the motor and cognitive development of children through their
interaction with a tablet device. In order to provide a better com-
prehension of the proposed Q metric, popular percentile-based
growth representations are introduced for each test, providing a
two-dimensional space to compare children’s development with
respect to the typical age skills of the population.

The results achieved in the present article highlight the
potential of the novel ChildCIdbLong database in conjunction
with the proposed Q metric to measure the motor and cogni-
tive development of children as they grow up. The proposed
framework could be very useful as an automatic tool to support
child experts (e.g., paediatricians, educators, or neurologists) for
early detection of potential physical/cognitive impairments during
children’s development.

Index Terms—Child-Computer Interaction, ChildCIdb, Draw-
ing Test, Longitudinal Analysis, Q-Metric, e-Health, e-Learning

I. INTRODUCTION

OWADAYS, the exposure of young children to mobile

devices has become nearly universal, with a high percent-
age of children having access to mobile devices before the age
of 1 or even having their own device by the age of 4 [1]. In
particular, screen exposure in children aged O to 2 years old
has doubled between 1997 and 2014 [2]], and in children up to
8 years old has increased more than 11 times between 2011
and 2020 [3]]. This aspect has been exacerbated by the outbreak
of COVID-19 in 2020, with studies reporting an alarming
increase in the use of digital media by children [4]]. Mobile
device use by young children is pervasive and increasing, so
the relationship between children’s use of mobile devices and
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their development is only beginning to emerge. For this reason,
parents should regulate their children’s exposure to mobile
devices to enhance their development through educational
digital activities and potential bonding through joint use [5].
However, parent-reported duration of mobile device use in
young children has been found to have low accuracy, high-
lighting the need for objective measures in future research [6].
In addition, parents tend to let their children use mobile
devices in many situations, such as before going to sleep, after
homework, or to keep them calm in public places, among many
others [1]].

Despite this massive interaction of children with mobile
devices, further research is needed to better understand the
impact of mobile device use on young children’s learning and
development. In this regard, Herodotou analysed in [7] a total
of 19 studies that reported learning and development effects on
children aged 2 to 5 years old. Most studies reported positive
effects on mathematics, problem-solving, literacy develop-
ment, and self-efficacy. However, more longitudinal studies are
needed to analyse the evolution of other aspects of children,
such as their correct motor and cognitive development [8]].

The present article aims to advance in the Child-Computer
Interaction (CCI) research line by proposing a quantitative
metric able to automatically measure the motor and cognitive
development of children through their interaction with the dif-
ferent tests presented in our unique ChildCIdbLong database.
In particular, the main contributions of the present article are:

« An in-depth analysis of the state of the art in topics related
to: i) the interaction of children of different ages with
mobile devices; ii) the existing longitudinal studies and
public databases related to children’s exposure to mobile
devices and their correct development; iii) the variety of
gestures that children can perform with mobile devices
depending on their age; and iv) the most popular tools for
measuring the correct motor and cognitive development
of children during their growth.

o The release of a novel longitudinal database named Child-
CIdbLon As far as we know, this is the largest publicly
available longitudinal database to date for research in this
area. ChildCIdbLong comprises over 600 children aged
18 months to 8 years old, acquired continuously over 4
academic years (2019/20 to 2022/23). As a result, Child-
CldbLong is composed of over 12K test acquisitions over
a tablet device, using both touch and stylus interactions.
Fig. |l| provides a graphical representation of the tests
considered in ChildCIdbLong.

o The proposal of a quantitative metric called Test Quality


https://github.com/BiDAlab/ChildCIdbLong

Block 1: Touch Analysis

Block 2: Stylus Analysis ChildCldbLong

Test 1 - Tap and Reaction Time
(30 seconds max.)

Emotional State
Self-Assessment

@ m )
From 18 Months
to 8 Years Old

)

Test 3 -Zoom In
(30 seconds max.)

Database

Test 2 - Drag and Drop
(30 seconds max.)

Test 5 - Spiral Test
(30 seconds max.)

Test 4 - Zoom Out
(30 seconds max.)

Test 6 - Drawing Test
(2 minutes max.)

Fig. 1: Graphical representation of the different interfaces designed in ChildCIdbLong, which comprises 6 different data
acquisitions from January 2020 to October 2022. Two main acquisition blocks are considered: i) touch, and ii) stylus.

(Q) to automatically measure the motor and cognitive
development of children through their interaction with a
tablet device over time. In order to provide a better com-
prehension of the proposed Q metric, popular percentile-
based growth figures are introduced for each test, pro-
viding a two-dimensional space to compare children’s
development with respect to the typical age skills of the
population.

e A complete experimental analysis of the potential of
ChildCIdbLong database to measure the motor and cog-
nitive development of children as they grow up, divided
into two approaches: i) a general analysis, and ii) a
longitudinal analysis.

The remainder of the article is organised as follows. Sec.
summarises an overview of recent studies on children’s in-
teraction with mobile devices and their proper development.
Sec. |IL]] describes all the details of the novel ChildCIdbLong
database. Sec. describes the proposed Q metric as well as
how to calculate it for each ChildCIdbLong test. In Sec.
we compute the potential of the Q metric for measuring the
correct motor and cognitive development of children over time.
Finally, Sec. |VI]| presents the conclusions and future research.

II. RELATED WORKS
A. Child-Computer Interaction (CCI)

In recent years, several studies have analysed the interaction
of children with different mobile devices and interaction tools
(e.g., fingers, keyboard, voice, and pen stylus). In the present
article, we focus on studies on works in which children interact
using: i) their own fingers, and ii) a pen stylus. Regarding
the studies focused on finger interaction, Crescenzi and Grané
presented in [[17] an analysis of the unstructured interaction
of children with a tablet device. In particular, 27 children
aged from 14 months to 3 years old interact with 2 apps
that allow free drawing and colouring with a small number of
interactive screen elements (e.g., colour palette). The results
obtained highlight the importance of improving the design
of interactive content regarding the mental models and fine
motor skills development of children under 3 years old. An
interesting article in this research line is the work presented

by Kabali ef al. in [1]. In that work, the authors analysed
the use and exposure to mobile devices by 350 children aged
6 months to 4 years. Almost all children (96%) started using
mobile devices before the age of 1, as well as the most popular
apps for them are multimedia content applications, such as
YouTube and Netflix. For this reason, understanding children’s
patterns of mobile device usage is crucial to ensure their
correct development and behaviour. Similar conclusions have
been obtained by Radesky et al. [[6]. In that work, 346 parents
and guardians of children aged 3 to 5 years were recruited
to participate in a study for assessing mobile device usage
(tablets and smartphones) in children. Statistics show that 35%
of the children had their own device at that age, again mostly
using it for multimedia apps (e.g., YouTube, YouTube Kids,
and Netflix, among others) and with an average daily usage
of about 2 hours per day.

A very interesting article in this research line was presented
by Vatavu et al. [18]]. The study analysed touch interaction in
a dataset with 89 children aged 3 to 6 years old, as well as its
relationship to motor skills. The results showed how the touch
performance of children improved as they grow, suggesting
the designing of touch interfaces adapted to children’s limited
motor and cognitive skills. The same dataset was considered
in other related works [19], [20]. In [19], through an approach
based on the lognormality principle, Vera-Rodriguez et al.
proposed an automatic system able to detect children from
adults obtaining over 96% accuracy. Similar results were
obtained by Acien et al. in [20], where the authors proposed
an active detection approach to classify children from adults
based on the global characterisation of touchscreen interaction.
Another article contributing to the understanding of children’s
interaction with touchscreen devices was presented by Nacher
et al. [21]]. The authors assessed the interaction skills of
55 children with Down Syndrome (DS), aged 5-10 years,
in the use of multi-touch gestures on touchscreen devices.
Despite their limited motor skills, the results showed how DS
children were able to perform most of the evaluated multi-
touch gestures with high success.

Regarding the use of a pen stylus as an interaction tool
with mobile devices, many studies have focused on this
research area. Yadav et al. analysed the drawing 350 children



TABLE I: Comparison of different longitudinal studies focused on the interaction of the children with mobile devices.

# Participants

Data Acquisition

Acquisition Intervals Acquired Data

Study Age of Participants (Male/Female) Periodicity (Start - End) (Manual/Automatic) Public Database [ref]
Brauchli er al. (2024) 462 4 Time Every Questionnaries
o 1-3 Years (231/231) Acqusition Interval Mar 2021 - Jan 2022 (Manual) No
McHarg et al. (2020) 23 Years 179 1 Time Every Children Aged 24 Months Questionnaries Yes [10f
[10] g : (100/79) Acqusition Interval ~ Children Aged 36 Months (Manual) ;
Poulain ez al. (2018) 527 1 Time Every 2011 - 2016 Questionnaries
| 2:6 Years (272/255) Acqusition Interval 2012 - 2017 (Manual) Yes [12
Radesky et al. (2022) - 422 1 Time ’ Questionnaries
(13 3-5 Years (224/198) Every 3 Months Aug 2018 - Jan 2020 (Manual) No
McNeill et al. (2019) 3.6 Years 185 1 Time Apr 2015 - Dec 2015 Questionnaries N
[14] cars (112/73) Every Week Apr 2016 - Dec 2016 (Manual) °
. . May 2016 - Aug 2016 . .
ok SEECED oy (B AR e sy
q Nov 2019 - Jan 2020
Byun er al. (2013) 8-11 Years 2422 1 Time Every Oct 2008 - Nov 2008 Questionnaries N
(16} -l Year (1236/1186)  Acqusition Interval Oct 2010 - Nov 2010 (Manual) °
January 2020
615 1 Time Every olc\?:gefozzolzl Children’s Interaction
ChildCIldbLong (Present Study) 18 Months - 8 Years (317/298) Acqusition Interval March 2022 with Mobile ]?evnces Yes
June 2022 (Automatic)

October 2022

aged 2-12 years using drawing apps and traditional methods
(crayons and watercolours) in [22f]. They found that: i) children
between 2 and 3 years preferred drawing apps with a simpler
interface for scribbling and using glowing colours; ii) children
aged from 4 to 6 years liked to have an eraser feature to
correct their drawing; and iii) children aged from 7 to 8
years showed significant progress compared to previous age
ranges (i.e., use the undo feature, open saved drawings, use
different thicknesses, etc.) In [23|], Mayer et al. analysed the
effects of children’s handwriting with paper and pencil, with
a stylus on a tablet screen, and typing on a virtual keyboard.
A dataset with 145 children aged from 4 to 6 years was
captured and divided into three groups: the pencil, stylus,
and keyboard groups. The results highlighted that, although
the stylus requires higher motor control, the performance
of the stylus group did not differ significantly from either
the keyboard or the pencil group. A similar article in this
research line was presented by Patchan and Puranik [24]]. The
effectiveness of using tablets as a teaching tool for preschool
children (54 participants aged 3 to 5 years) to learn letter-
writing skills was investigated by the authors. In particular, the
study focused on the impact of extrinsic and intrinsic feedback
on children’s learning outcomes through 3 ways of interacting:
paper and pencil, tablet and finger, or tablet and stylus. The
findings indicated that tablet interactions can be beneficial in
teaching preschool children to write letters, regardless of the
type of feedback provided. Stylus has also been considered
by Remi et al. [25] to analyse the children’s motor develop-
ment through their stylus scribbling skills. For this purpose,
the authors considered 60 children aged 3-6 years and the
Sigma-Lognormal writing generation model [19]], concluding
that there are significant differences in the model parameters
between the ages of children. A different approach was pre-
sented by Tabatabaey et al. to evaluate children’s development
through drawing tasks on tablet devices [26]. Drawing data

from 631 children aged 6-7 years were analysed to find the
relationship between polygonal shape drawing strategies and
handwriting performance. The results showed how different
drawing strategies influence children’s handwriting skills, as
well as demonstrated the importance of understanding these re-
lationships for educational purposes. Finally, in order to detect
problems in motor skills during children’s development, Laniel
et al. presented the Pen Stroke Test (PST) [27]], a new measure
of fine motor skills able to discriminate between children with
attention-deficit/hyperactivity disorder (ADHD) and typically
developing children. The study provided preliminary evidence
that PST may be useful as a tool for early detection of ADHD.

B. CCI Longitudinal Studies

Despite the increased popularity of children interacting with
mobile devices, most studies in the literature are based on
a single data acquisition in time. As a result, this lack of
longitudinal studies does not allow for a proper analysis of the
correct children’s development during their growth based on
the information captured through the interaction with mobile
devices [7], [8]. Table |l shows a comparison of the most
relevant longitudinal studies in the literature, ordered by the
age of participants, including information such as the number
of children considered in each study, the gender balance, and
the data acquisition intervals and periodicity, among others.

In general, most studies focus on whether there is a relation-
ship between children’s media exposure and future behavioural
difficulties by analysing questionnaires (typically completed
by parents/caregivers). For example, McHarg et al. [|10] anal-
ysed the relationship between screen exposure (i.e., television,
touchscreens, and computers) and executive function (EF) in
children (i.e., EF refers to cognitive processes that involve
inhibitory control, working memory, and cognitive flexibility).
Parents of 179 children completed similar questionnaires about
their children’s technology use when they were 2 and 3 years



old. Results highlighted how increased screen time in early
childhood may have adverse effects on EF development, as
well as the need for further research in this area. A similar
study was carried out by Radesky et al. [[13], exploring the
relationship between the use of mobile devices for calming
purposes, the EF, and the emotional reactivity of children
aged from 3 to 5 years old. In particular, 422 children were
assessed by their parents through questionnaires completed
once every three months. The findings concluded that there
were bidirectional associations, i.e., higher emotional reactiv-
ity was associated with increased device use for calming, and
higher device use for calming was associated with lower EF
scores. An interesting article in this line is the work presented
by McNeill et al. [14]. This work studied the relationship
between the use of electronic applications and media program
viewing in preschoolers and their cognitive and psychosocial
development. Questionnaire data were collected from 185
preschool children (3-6 years) by their parents, concluding
that excessive use of electronic applications can have negative
effects on children’s cognitive and psychosocial development.
Similar conclusions have been obtained in other studies in the
literature [[11], [15], [16].

Finally, for completeness, we include in Table E] the de-
scription of our novel ChildCIdbLong database, presented in
this study. One of the main contributions of this database
with respect to other longitudinal studies in the literature
is: i) we acquire the complete interaction process of the
children with the tablet while performing different tests. This
allows an in-depth and quantitative analysis of the children,
unlike previous approaches in the literature where the only
information available is the questionnaires done by parents,
which are manual and qualitative; and ii) we acquire children
aged from 18 months to 8 years old, considering several stages
of the children’s development. Also, it is important to highlight
that the same children are acquired over time (6 acquisition
sessions in total), from January 2020 to October 2022, provid-
ing a unique CCI database with 615 different children. Sec.
provides more details regarding the ChildCIdbLong database.

C. Children Development and Metrics

In 1973, Jean Piaget defined human development as com-
prising a sequence of distinct developmental stages, ranging
from infancy to adulthood [28]]. These developmental stages
are based on the evolution of cognitive, physical and social
skills. Focusing on physical development, children must ac-
quire rudimentary skills, related to fundamental functions (e.g.,
walking, running, jumping, etc.), and fine motor skills, related
to the execution of complex tasks involving smaller muscle
groups, such as manipulating small objects, using scissors or
a pencil to write or draw, and performing touch gestures on
mobile devices, among many others.

Children’s physical development is a long process in which
their motor and cognitive skills constantly improve, enabling
them to perform more demanding and complex tasks as they
get older. This affects how children interact with mobile
devices, as they do not have the same fine motor skills as
adults and are not able to perform the same type of interaction.

TABLE II: Summary of touch gestures performed by children
aged from 2 to 7 years old. The gestures highlighted in bold
are those considered in the present study. AS refers to “Adult
Supervision”. Table content is adapted from [29].

Age Range (Years)
2-3 3-4 4-5
Tap
Drag
Slide

Can perform

Tap Pinch Can perform
all the gestures,
Drag Drag-and-Drop . all the gestures
. - - but sometimes .
Slide One Finger Rotation without adult
. may need adult .
Pinch Free Rotate supervision

Double Tap (AS) supervision

Long Press (AS)
Two finger rotation (AS)

Analysing the finger interaction through touch gestures, there
is a wide range of possible gestures that can be performed on
screen devices, such as tap, drag, pinch, double tap, and drag-
and-drop, among others. In [29], the authors conducted a meta-
analysis to analyse previous researches on touch and multi-
touch gestures by children aged from 2 to 7 years old. The
study provided valuable insights to determine the capabilities
and limitations of children in using tactile gestures in the
context of CCIL. Table [Il] provides an overview of the touch
gestures performed by children on screen devices, from 2 to 7
years old [29]]. As can be seen, there is a constant improvement
in children’s execution of tactile gestures with increasing
age. The youngest children (2-3 years) can only perform 4
basic gestures: tap, drag, slide, and pinch (i.e., lower level
of cognitive and fine motor skills). Children aged 3-5 years
show an improvement compared to 2-3 years but sometimes
still need adult supervision when performing some complex
gestures. Children older than 5 years can perform all gestures
without supervision. Focusing on pen stylus interaction with
mobile devices, children’s ability to use it depends on some
factors, such as age, motor skills and visual perception. Several
studies have focused on this research line and have provided
information on the developmental milestones associated with
children’s pen stylus use [24], [30], [31].

Regarding the procedure followed to measure the correct
motor and cognitive development of children as they grow,
different tools have been proposed in recent years. Most of
them are used by therapists, early intervention specialists,
adapted physical education teachers, psychologists, and others
who are interested in examining the development of children.
One example of these tools is the Bayley-III test kit [32].
Currently, this third edition is considered the gold standard and
is the most widely used tool to identify developmental delays
in children aged 1-42 months and to provide information
for intervention planning. With this aim, this tool includes 5
different scales related to cognitive, language, motor, social-
emotional, and receptive language skills. Applying this tool
can take up to 90 minutes. In [33]], the authors provided a
review of the Movement Assessment Battery for Children-
Second Edition (MABC-2). The MABC-2 is a tool, typically
comprising 8§ different tests for each age range, used to assess
and evaluate motor performance in children and adolescents



aged from 3 to 16 years old (in 3 age ranges), including manual
dexterity, postural balance, and aiming and catching. The study
provided valuable insights into the use and effectiveness of
the MABC-2 in assessing motor skills disorders and child
development. The application time for this tool is around 30
minutes. Another interesting assessment tool for children’s
gross and fine motor development from birth to 5 years old
is the Peabody Developmental Motor Scales (PDMS-3) test
kit [34]. It contains 6 different tests related to body control and
transport, object control, hand manipulation, eye-hand coordi-
nation, and physical fitness. Applying this tool takes around
60-90 minutes. Results are provided in 3 composite scores:
Gross Motor Index, Fine Motor Index, and Total Motor Index.
The reporting system also provides age equivalents, percentile
ranks, scaled test scores and composite index scores. As can
be observed, most popular tools are time-consuming and the
obtained results are highly dependent on the experience and
interpretation of the experts using them. For this reason, turns
crucial the proposal of automatic and quantitative metrics able
to measure the correct motor and cognitive development of
children through the use of mobile devices, which is the main
purpose of the proposed study. This could be very valuable
for therapists and specialists in the area to reduce time and
achieve more accurate results.

III. CHILDCIDBLONG DATABASE
A. General Description

As far as we know, ChildCIdbLong is the largest publicly
available database to date for research in CCI area. This is
an on-going database collected yearly in collaboration with
the school GSD Las Suertes in Madrid (Spain). It comprises
children aged 18 months to 8 years grouped into 7 different
educational levels (Groups 2 to 8) according to the Spanish
education system (see details in Table [ITl). In the proposed
framework, children interact with a tablet device using both
finger and stylus as an acquisition tool by performing 6
different tests grouped in 2 main blocks: i) touch, and ii) stylus.
Fig. [I] provides a graphical representation of the acquisition
process. First of all, the emotional state of the children is
captured. In the middle of the screen device, there are 3 faces
with different colours (green, yellow, and red) and expressions
(happy, normal, and sad). The children must tap one with
a finger according to their emotional state. After that, we
consider two different test blocks. Each test requires different
motor and cognitive skills to be completed correctly within a
time range. Next, we briefly describe each of the tests:

e Block 1: Touch Analysis

— Test 1 - Tap and Reaction Time: there are 6 burrows
and 1 mole. Children must tap the mole using only
one finger. Then it disappears and reappears in another
burrow up to 4 times (30 seconds max). At least 4 taps
are needed to complete the test. It requires fine motor
skills (tap in a small area) and hand-eye coordination.

— Test 2 - Drag and Drop: there is a carrot and a rabbit
on the screen. Children must tap the carrot and swipe
it to the rabbit using only one finger (30 seconds max).
Only 1 tap is needed to complete the test. It combines

fine motor skills (tap in a small area), pressure control,
hand-eye coordination, and tracking of movement.

— Test 3 - Zoom In: there is a small rabbit and 2 circles
of different sizes. Children must enlarge the rabbit and
put it between circles using 2 fingers (30 seconds max).
Only 1 tap/pinch is needed to complete the test. It
involves fine motor skills (put the rabbit inside two
circles), coordination of the fingers (usually thumb and
index finger) for the pinch movement, and accurate
perception of the force.

— Test 4 - Zoom Out: it is very similar to Test 3, but
this time the rabbit must be reduced. 2 fingers and 1
tap/pinch are needed to complete it (30 seconds max).

e Block 2: Stylus Analysis

— Test 5 - Spiral Test: using a pen stylus, children
must go across the inner part of the black spiral,
from the central to the outer part (30 seconds max).
Ideally, only 1 stroke is needed to complete the test.
It requires precise hand-eye coordination, fine motor
skills to control the stylus movement and follow a line
without getting off the path, and visual tracking.

— Test 6 - Drawing Test: the outline of a tree appears on
the screen. Children must colour the whole tree using a
pen stylus (2 minutes max). This test involves hand-eye
coordination, fine motor skills to control the stylus and
stay within the outline of the tree, as well as planning
and organisation to colour it properly and fast.

All tests were designed considering many of the cognitive
and neuromuscular aspects highlighted in the state of the art,
e.g., the evolution of children’s gestures with age. In addition,
all tests were discussed and approved by neurologists, child
psychologists, and educators of the GSD school and their dis-
criminative power was validated in previous experiments [35]—
[37]]. For completeness, other children’s interesting metadata is
also collected such as the previous experience of the children
using mobile devices, prematurity (under 37 weeks gesta-
tion), cognitive disorders (e.g., developmental delay, ADHD,
language disorder, etc.), date of birth, gender, handedness,
and academic grades, among others. All this information is
always collected with informed parental consent for children’s
participation in the research project.

B. Longitudinal Data Acquisition

A preliminary version of ChildCIdbLong database was
presented in [35]], known as ChildCIdb_v1. This version was
collected in January 2020 (just before the COVID-19 outbreak)
and comprised a single data acquisition. Since then, 5 more
data acquisitions have been collected over time, generating
the proposed ChildCIdbLong databaseﬂ Table [[V|provides the
details of each acquisition session, including the number of
children acquired in each educational level as well as the num-
ber of tests completed in total (i.e., each child has to perform 6
tests, as described before). In total, ChildCIdbLong comprises

Zhttps://github.com/BiDAlab/ChildCIdbLong
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TABLE III: Relationship between educational levels and age ranges according to the Spanish education system.

Educational Level ‘ Group 2

‘ Group 3 ‘ Group 4 ‘ Group 5 ‘ Group 6 ‘ Group 7 ‘ Group 8

Age Range

over 2.1K children’s sessions and over 12.6K children’s tests
performed and collected in the last 4 academic years (from
2019/20 to 2022/23). It is important to highlight that as
ChildCIdbLong is a longitudinal database, the same children
were acquired during the 4 academic years in order to study
the motor and cognitive evolution of the children over time.
As a result, those 2.1K children’s sessions were performed by
615 different children, incorporating in every acquisition new
children from the youngest groups (Groups 2 to 4) as they
were more underrepresented. Also, according to the Spanish
education system, an academic year comprises 9 months,
from September to June. Between these months, children
are assessed at school in 3 main academic evaluations (first,
second, and third trimesters). For this reason, our tentative
idea was to carry out a new data acquisition every 3 months,
thus capturing the evolution of children after each academic
evaluation. However, due to the COVID-19 pandemic, this
acquisition protocol could not be implemented until the 3rd
acquisition (academic year 2021/22).

In Table [Yl, we can observe the statistics about gender,
handedness, and emotional state associated with each data
acquisition. Regarding gender, for all acquisitions, approxi-
mately 50% of the children were male/female. In the case
of handedness, around 90% of the world’s population is
right-handed [38]. Left-handed and ambidextrous people are
less common, around 10% [39] and 1% [40] respectively.
As can be seen in Table [V] on average more than 80% of
the children were right-handed, although this is not fully
defined until the age of 4-6 [41]. In addition, regarding the
emotional state of children, at the beginning of the acquisition
most children (over 75%) were in a good mood. However,
children under 3 years old may recognise and label some
emotions incorrectly [42]]. Therefore, we cannot assume that
the youngest children were fully aware of their emotional state
when selecting one of the 3 emotional state options.

C. Adults: Control Group

As we have described in Sec. children are not able to
perform the same type of screen interaction (touch/stylus)
as adults due to the different levels of motor and cognitive
development. For this reason, and to allow direct comparisons
between the motor and cognitive skills of children (in devel-
opment) and adults (fully developed), a dataset composed of
77 adults was collected as a control group in June 2021, in
a single data acquisition. Adults aged from 25 to 65 years
old interacted with the tablet device by performing the 6
different tests proposed in ChildCIdbLong. All adults are
school workers (e.g. educators, paediatricians, administrators,
etc.) without deficits and with normal activity.

‘ 18 Months - 2 Years ‘ 2-3 Years ‘ 3-4 Years ‘ 4-5 Years ‘ 5-6 Years ‘ 6-7 Years ‘ 7-8 Years

IV. PROPOSED METHOD: TEST QUALITY (Q)

As we mentioned in Sec. there is a lack of automatic
and quantitative metrics that allow to measure the correct mo-
tor and cognitive development of children through the use of
mobile devices. Current tools are in general time-consuming,
manual, and qualitative as it depends on the experience and
point of view of the specialist. In order to shed some light on
this aspect, in this study we present a new quantitative metric
called Test Quality (Q). This metric measures the quality in
which each test is performed, taking into account factors such
as the amount of time taken to complete the test and the way of
interacting (e.g., number of touches/strokes used, whether the
child draws outside the margins or not, etc.). The Q value is a
percentage (%) from O to 100, where 100 indicates that the test
is performed perfectly and O is the opposite. Due to each of
the tests designed in ChildCIdbLong requires different motor
and cognitive skills and different acquisition tools (touch and
stylus), we describe next how to calculate the Q metric for each
of the tests presented in ChildCIdbLong. For completeness and
reproducibility reasons, the code is also available in GitHulﬂ

e Block 1: Touch Analysis (Tests 1 to 4)
The calculation of Q for these tests is indicated by the
following equation:

{ptivﬂe*ptm
Q_ 2

, If test is completed 0
0 , Otherwise

The Q value is different to O in case the test is completed
by the child. In other words, for Test 1 the 4 moles must
be touched, for Test 2 the carrot must be moved and
touch the rabbit, and for Test 3 and 4 the rabbit must
be placed between the two red circles. The amount of
time taken to perform the test (ps;me) and the number of
finger taps used (ptqps) are considered in the calculation
of the Q value. The longer it takes to perform the test, the
lower the Q value will be. The same applies to pyqps, the
Q value will be lower with the number of taps needed
to complete the test. As can be seen in the Q value
equation, we give the same importance to time (Pgime)
and number of taps (piqps) in the equation. Table
shows how py;me and pyqps are calculated for each of
the tests (Tests 1 to 4). Both parameters are defined in
order to provide percentage values (between 0 and 100).
Regarding the definition of the py,, value, for Test 1 this
value increases (25) with the number of moles correctly
touched (in4qps) and decreases (5) with the number of
taps out of the mole (outiqps). For Tests 2 to 4, the
Draps value decreases with the number of taps performed
(Ntaps), as it only requires one tap to complete the test.

e Block 2: Stylus Analysis (Tests 5 to 6)

3https://github.com/BiDAlab/ChildCIdbLong
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TABLE IV: Statistics of ChildCIdbLong regarding the number of children that participated in each group and data acquisition.

ChildCIdb | Academic | # Acquisition Group 2 Group 3 Group 4 Group5 Group 6 Group 7 Group 8 || # Children’s | # Children’s
Version Year (Date) (I18M-2Y) (2Y-3Y) (3Y-4Y) @4Y-5Y) (5Y-6Y) (6Y-7Y) (7Y-8Y) Sessions Tests
Ist Acquisition
2019/20 (Jan 2020) 18 36 50 66 93 77 98 438 2,628
2nd Acquisition
%n g 2020/21 (May 2021) 40 18 36 51 67 89 75 376 2,256
= 2 3rd Acquisition
L0
c % 2021/22 (Oct 2021) 14 45 18 34 49 67 88 315 1,890
=3 2021722 | Hh Acquisition 30 45 17 34 49 66 87 328 1,968
E& (Mar 2022) ’
Sth Acquisition
2021/22 (Jun 2022) 34 44 18 34 48 65 85 328 1,968
6th Acquisition
2022/23 (Oct 2022) 5 59 101 18 34 49 65 331 1,986
# Total 2,116 12,696

TABLE V: Statistics of the ChildCIdbLong database regarding the gender, handedness, and emotional state information.

# Acquisition | # Children’s Gender Handedness Emotional State
(Date) Sessions Male  Female | Right Left Both Unknown | Happy Normal Sad  Unknown
st Acquisition 438 219 219 369 48 17 4 342 13 17 66
(Jan 2020) (50%)  (50%) | (842%) (11%) (3.9%) (0.9%) | (781%) (%) (3.9%) (15.1%)
2st Acquisition 376 193 183 308 31 30 7 306 16 20 34
(May 2021) (513%) (48.7%) | (81.9%) (82%) (8%)  (1.9%) | (81.4%) (43%) (53%)  (9%)
3rd Acquisition 315 165 150 272 29 10 4 239 21 16 39
(Oct 2021) (52.4%) (47.6%) | (86.3%) (9.2%) (3.2%) (1.3%) (75.9%) (6.7%) (5.1%) (12.4%)
4th Acquisition 328 172 156 288 26 14 0 246 37 20 25
(Mar 2022) (524%) (47.6%) | (87.8%) (1.9%) (43%)  (0%) (75%) (113%) (6.1%)  (1.6%)
5th Acquisition 328 175 153 289 24 13 2 282 26 10 13
(Jun 2022) (53.4%) (46.6%) | (88.1%) (7.3%) (4%) (0.6%) 85.2%)  (71.9%) (3%) (3.9%)
6th Acquisition 331 173 158 269 32 24 6 268 16 22 25
(Oct 2022) (52.3%) (47.7%) | (813%) (9.7%) (1.3%)  (1.8%) B1%)  (48%) (6.6%)  (71.6%)
In the following, we describe how to calculate the Q value i
for each of the tests performed using the stylus: Q=¢e* -100 2)

— Test 5: Spiral Test

According to the definition of the test, children should
go from the inner part of a spiral to the outer part using
a pen stylus, always trying to keep it in the black line.
However, in our experience, children usually perform
the spiral in 4 different ways: from the inner to the
outer part, or vice versa, and across the black line or
the white line. In all cases, the motor and cognitive
skills needed are the same regardless of the way in
which the spiral is performed. As a result, we consider
4 spiral templates (one for each case) to calculate the

where d represents the distance between time series

Q value for this test. The 4 spiral templates have been
performed by an adult with fully developed motor and
cognitive skills by using a single stroke.

Given a spiral test performed by a child, this is com-
pared with the 4 adult templates using the Dynamic
Time Warping (DTW) algorithm [43[, [44]]. DTW is
an algorithm used to measure the similarity between
time series, returning a numerical value related to the
distance between them. The lower the DTW value
is (d), the higher the similarity between the time
series will be. The following equation indicates the
calculation of the Q value using DTW:

Q = RO — (R1 + R2 + R3 + R4)

using DTW and k refers to the length of the optimal
path between the aligned points of the compared time
series. This value is finally multiplied by 100 to obtain
a Q value in terms of percentage (between 0 and 100).
Test 6: Drawing Test
In the proposed test, children must colour a tree in the
best possible way using a pen stylus. We propose the
following equation to calculate Q based on 5 different
regions of the picture (see Fig. [2):

3)

where Rx is related to the area painted in that particular

region of the picture. RO (black) represents the inner
region of the tree, i.e., all pixels within the tree outline.
It is a percentage value between 0-100%, where 100%
means all pixels of RO are coloured (fully coloured
tree) and 0% means none (uncoloured tree). R1 (red),
R2 (green), R3 (blue), and R4 (orange) represent the
outer regions of the tree. If children colour in any of
these regions, a penalty is applied. In particular, the

penalty value is higher according to the distance with



TABLE VI: Equations defined to calculate pyjy,e and pyqps for
Tests 1 to 4. t,q0: Maximum test time; ¢,.q;: time taken to
perform the test; ¢n44ps and outqps: number of taps on and
off the mole, respectively; nqps: total number of finger taps
used.

Dtime Dtaps

Test 1: Tap and

i : Miaps - 25 — out .5
Reaction Time taps taps

Test 2: Drag W - 100
and Drop 0 s Ntaps = 0
Test 3: Zoom In %25 s Naps > 0

Test 4: Zoom Out

respect to the RO region: R4 up to 40%, R3 up to
30%, R2 up to 20%, and R1 up to 10%. If the Q value
obtained is negative (i.e., more area is coloured outside
the tree than inside), the value is set to 0%.

In addition to the proposed Q metric designed for each
test of ChildCIdbLong, we also consider percentile-based
growth representations that can help therapists and specialists
in the field to assess whether a child’s motor and cognitive
development is correct or not along time. According to the
World Health Organization (WHO), it’s critical the use of 3rd,
10th, 50th, 90th, and 97th percentiles to define optimal growth
values (e.g., height-, length-, weight-, and body mass index-
for-age) as standards based on worldwide data of healthy chil-
dren [45]). For this reason, in the proposed study we calculate
the 15th, 50th, and 90th percentiles of the proposed Q metric
to generate a growth representation for each ChildCIdbLong
test. The 3rd and 97th percentiles are not considered so far
as we do not have enough data to give a robust growth chart
at these limits. The proposal of the Q value for each test,
together with the proposed graphical representation in terms
of percentile, can be very beneficial to quantitatively measure
the motor and cognitive development of children through the
use of mobile devices. An example of this can be observed in
Fig. 3] where we represent the proposed Q value in terms of
the percentile-based growth for Test 6 of ChildCIdbLong. For
example, for the Group 3 (2Y-3Y), the 10th Percentile curve
means that the 10% of the child population at that age (2-3
years) achieve a Q value below 17% whereas the remainder
90% of the child population obtains a higher Q value.

V. EXPERIMENTAL FRAMEWORK

This section analyses the potential of the proposed Q metric
using the novel ChildCldbLong database. In particular, we
focus on two different analyses: i) a general analysis of the
Q-values distributions for each of the 6 tests and educational
levels (Group 2 to 8) considered in ChildCIdbLong, and ii) a
longitudinal analysis of the Q values while the children grow
up, analysing their motor and cognitive development over time
using the samples collected at each data acquisition for the last
4 academic years.

A. General Analysis

Fig. @] provides a graphical representation of the Q values
achieved in each of the tests and age groups considered in

Fig. 2: Regions defined in “Test 6: Drawing Test” in order to
calculate the proposed Q value. RO, R1, R2, R3, and R4 refer
to the different areas of the picture highlighted in black, red,
green, blue, and orange regions, respectively.

ChildCIdbLong. Each box plot contains boxes, whiskers, and
points. The inner horizontal line of the box represents the
median value, and the lower and upper ends represent the
Q1 and Q3 quartiles, respectively. The whiskers refer to the
outliers (i.e., values over the Q3 quartile and under the Q1
quartile). Each point refers to one sample (i.e., a test performed
by a child). Black points represent children with Typical
Development (TD) whereas red points represent children with
Non-Typical Development (NTD), i.e., children without/with
developmental disorders such as developmental delay, ADHD,
language disorder, etc.

As we mentioned in Sec. each test proposed in
ChildCIdbLong requires different gestures (tap, drag-and-drop,
pinch, line-following, and drawing) and different motor and
cognitive skills to be completed correctly. This aspect can
be observed in Fig. [] as the proposed Q value increases in
all tests as children get older and develop their motor and
cognitive skills. In addition, for completeness, we include in
Table [VII] the average results of the proposed Q metric for each
test and age group of ChildCldbLong, including the control
group (Adults). In general, these results prove the correct
definition of the tests considered in ChildCIdbLong as well
as the proposed Q metric to evaluate the motor and cognitive
skills of the children as they grow up.

Before analysing the results obtained by the different groups
of children, it is important to note that the Q metric, as
described in Sec. |IV] takes into account 2 factors: i) the amount
of time taken to complete the test, and ii) the way children
interact with the test (number of taps/strokes, the child colours
inside the spiral/tree or not, etc.). This means that children may
not be able to complete the test in the required time due to
the lack of comprehension to do it properly or just because
their cognitive and motor skills are not developed yet. From
the results observed in Fig. @] and Table [VII] it is evident that
most children between 18 months and 2 years old (Group 2)
are not able to complete any tests correctly (i.e., average Q
values below 20% and 30% for the touch and stylus tests,
respectively). We hypothesise that children at this age are still
in the early stages of both cognitive and motor development.



TABLE VII: Average Q value achieved in each test and age group of the ChildCidbLong database, including the control group
(Adults). For completeness, we also specify the hand or stylus gesture required to complete each test, as described in Sec. [l1I-A
The Q values of Groups 6 to 8 are shown together as similar average results are achieved between them.

Block 1: Touch Analysis Block 2: Stylus Analysis
Test 1: Tap and Reaction Time Test 2: Drag and Drop Test 3: Zoom-In Test 4: Zoom-Out | Test 5: Spiral Test Test 6: Drawing Test
(Tap) (Drag-and-Drop) (Pinch) (Pinch) (Line-Following) (Drawing)
Group 2 s s X
(18M-2Y) 205 % 8.6 % 22 % 6.4 % 18.9 % 29.8 %
((;zr“;';‘;f 50.5 % 342 % 59 % 14.6 % 26.4 % 475 %
%’;:‘;{;‘ 65.8 % 49.8 % 16.9 % 28.4 % 56.1 % 75.9 %
((;“rY"_“S‘;{)S 70.8 % 68.3 % 29.9 % 377 % 73.9 % 873 %
G“zls'gfs‘;;" 8 70.1 % 72.1 % 449 % 436 % 80.6 % 91.2 %
Adults o
(25Y-65Y) 89.8 % 89.7 % 71.0 % 73.9 % 94.7 % 95.6 %
100 . I J\ Iy to previous age groups, reaching average.Q .Values of 73.9%
° and 87.63%, respectively. These results indicate that at this
80 A . .,———"'"“"-f age the motor and cognitive skills of the children are more
~ o developed, being able to follow the spiral line and colour the
Q . . . . .
< . tree in less time and without going out of outline as often.
> 60 el . . .
= ° of Focusing on touch gestures, on the one hand, children obtain
3 : average Q values over 65% in gestures such as tap (Test 1)
7 40 or drag-and-drop (Test 2), which also means a higher motor
= ‘. .. .
= 10th Percentile and cognitive capacity to perform the tests relat.ed to touch
20 o 50th Percentile gestures. On the other hand, gestures such as pinch (Test 3
o h P il . . . .
il ©90th Percentile and 4) still remain a challenge at this age, with average Q
0 values below 38%.
Group 2 Group 3 Group4 Group5 Group6 Group7 Group 8
(18M-2Y) (2Y-3Y) (3Y-4Y) (4Y-5Y) (5Y-6Y) (6Y-7Y) (7Y-8Y)

Fig. 3: Percentile-based growth representation in terms of
the proposed Q metric for “Test 6: Drawing Test” of the
ChildCIdbLong.

Nevertheless, they seem to be able to perform somehow the
tap gesture using the finger (Test 1) and drawing (or at least
scrawling) with the stylus (Test 6), being the tests that obtain
the best Q values, although far from the control group (i.e.,
20-30% vs. 90-95% Q values). Regarding children aged 2 to
3 years old (Group 3), we can observe some improvements
compared to children in Group 2 when performing the drag-
and-drop gesture (Test 2) with the finger, as well as improving
their performance in the tap gesture (Test 1) or drawing with
the stylus (Test 6). However, they are not able to perform
correctly more complex fine motor gestures yet, such as the
pinch with two fingers (Tests 3 and 4) or following a line with
the stylus without getting off the path (Test 5), achieving Q
values lower than 30% on average.

Analysing children aged 3 to 5 years old (Groups 4 and
5), there is a considerable improvement in both touch and
stylus gestures. Focusing on stylus gestures, children begin
to develop more precise fine motor skills around this age,
which allow them to perform more accurate strokes and even
begin to write [46]. This fact is demonstrated in Fig. 4| and
Table as the Q values for Test 5 (line-following gesture)
and Test 6 (drawing gesture) improve significantly with respect

Finally, focusing on children aged 5 to 8 years old (Groups
6 to 8), we can observe similar trends in most tests of
ChildCIdbLong. The average Q values for the tests where the
pen stylus is used (Tests 5 and 6) are closer to the ones of
adults (80.6% vs. 94.7% and 91.2% vs. 95.6%, respectively).
This indicates that at this age children have similar motor
and cognitive skills as adults to perform stylus gestures such
as following a line and drawing the tree without going out
of the outline. However, this trend is not observed for the
case of tests involving touch gestures (Tests 1 to 4). In Tests
1 and 2, children achieve an average Q value of around
70%, compared to almost 90% for adults. We hypothesise
this might be produced not by the motor factor, as children
have the necessary motor skills to perform tap and drag-and-
drop gestures at this age, but by the cognitive factor involving
aspects such as reasoning and reaction time. Regarding Tests
3 and 4, we can see that the average Q value for children
is around 45%, much better than previous age groups (i.e.,
around 30%). However, adults still obtain an average Q value
of around 70%. These results indicate that even for the control
group it is difficult to achieve a result close to 100% (i.e., ideal
case). This may be produced due to the design of the tests as:
i) the pinch gesture requires greater fine motor skills, high
finger coordination, and precise perception of force, and ii)
it is difficult to fit the rabbit between the red circles using a
single tap and in a short period of time, even for adults with
fully motor and cognitive developed skills.
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Fig. 4: Graphical representation of the Q values achieved in each of the tests and age groups considered in ChildCIdbLong.
Red points refer to children with Non-Typical Development (NTD). The inner horizontal line of the box represents the median
value. The lower and upper ends of the box represent the Q1 and Q3 quartiles, respectively. Whiskers represent the outliers.

B. Longitudinal Analysis

As we commented in Sec. nowadays there is a lack
of longitudinal studies that automatically analyse the correct
children’s development as they grow up, using quantitative
information captured through the interaction with mobile
devices. In order to shed some light on this aspect, in this
section we analyse how the proposed Q metric and the tests
included in ChildCIdbLong can be used to measure the motor
and cognitive skills of the children. For a better understanding
of the results, we propose to use percentile-based growth
representations, as indicated in Sec. m This will allow an
interesting comparison of the Q value for a specific child with
the general population at their age.

Fig. 5] shows an example of the evolution of the Q val-
ues achieved in Test 6 for two different children: i) a TD
child without apparent physical/cognitive impairments (blue
diamonds), and ii) a NTD child with special educational needs
and an expressive language disorder (red circles). In the middle
of the figure, we can see the percentile-based growth repre-
sentation associated with Test 6 with its corresponding 10th,
50th, and 90th percentile limits. The analysis of both children
is carried out for the 6 longitudinal acquisitions included in
ChildCIldbLong. In particular, both children had their first
interaction with the tests at 2-3 years old (Group 3) in the
academic year 2019/20 and their last interaction at 5-6 years
old (Group 6) in the academic year 2022/23, 3 years later. In
the proposed representation we can observe how the Q value
of the children evolves over time, extracting very interesting
conclusions related to the motor and cognitive skills of the
children. For completeness, at the top and bottom of Fig. [j]
we can also see from left to right the 6 graphical executions
of the tree, each corresponding with one acquisition in time.
Each representation has its associated Q value (% visible in

the lower right corner) along with an identifier number to
position it on the growth chart. Due to the lack of space,
similar representations will be included in the corresponding
GitHub repositor)ﬂ

On the one hand, focusing on the evolution of the TD
child (blue diamonds) we can observe that the Q value has an
increasing trend, being at all times above the 50th percentile
and even above the 90th percentile when he was 3-5 years old
(Group 4). This indicates, as confirmed by the specialists at
the school, that their hand-eye coordination, fine motor skills,
planning and organisation for colouring seem to be developing
well. On the other hand, regarding the evolution of the NTD
child (red circles), we can observe that most of the time the Q
value is below the 50th percentile. This may be normal, as each
child develops faster in some areas than in others. However,
in the 5th data acquisition (Group 5), the Q value is below
the 10th percentile, which could indicate that some aspects of
their motor and cognitive skills are not developed correctly,
as confirmed by the specialist of the school. In our opinion,
the proposed tests included in ChildCIdbLong, together with
the proposed Q metric, could be used as an automatic and
quantitative tool for paediatricians, therapists, and specialists
in schools to allow early detection of potential impairments,
enabling early action and improving the quality of the rest of
the child’s life.

VI. CONCLUSION AND FUTURE WORK

This study proposed a novel automatic quantitative metric
called Test Quality (Q) designed to measure the motor and
cognitive development of children through their interaction
with a tablet device. In particular, children aged between

4https://github.com/BiDAlab/ChildCIdbLong
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Fig. 5: Examples of the evolution of the proposed Q values achieved in Test 6 for two different children: i) a TD child without
apparent physical/cognitive impairment, and ii) a NTD child with special educational needs and an expressive language disorder.
We also include on top/bottom of the figure the 6 graphical tree’s executions, each corresponding with one acquisition in time.

18 months and 8 years old interact with the 6 different
tests presented in our ChildCIdbLong database, the largest
publicly available longitudinal database to date for research
in the Children-Computer Interaction (CCI) area. Each test
requires different touch/stylus gestures and different motor and
cognitive skills to be completed correctly. Therefore the Q
metric quantitatively measures different skills such as hand-eye
coordination, fine motor skills, and planning, among others.

Along with the Q metric, percentile-based growth represen-
tations are defined for each test, allowing to compare children
in a two-dimensional space according to their development
with respect to the typical age skills of the population (similar
to the standards growth values for height, length, weight,
and body mass index-for-age based on worldwide data of
healthy children). The results obtained show the potential of
the longitudinal database ChildCIdbLong in conjunction with
the Q metric to measure whether the motor and cognitive de-
velopment of children is correct or not over time. In addition,

this metric could be useful for child experts (e.g., paediatri-
cians, educators, psychologists, or neurologists) as a support
tool to detect quickly and easily possible physical/cognitive
impairments in children’s development.

Future work will be oriented to: i) identify whether there
is any relationship between children’s motor and cognitive
development, their interaction with mobile devices and chil-
dren’s metadata (grades, prematurity, etc.), ii) consider the
ChildCIdbLong in other research areas related to e-Health
and e-Learning, and iii) expand ChildCIdbLong with more
participants and acquisition data.
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