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Abstract

Handwriting is a complex skill to acquire and it requires years of training to be mastered.

Children presenting dysgraphia exhibit difficulties automatizing their handwriting. This can

bring anxiety and can negatively impact education. 280 children were recruited in schools

and specialized clinics to perform the Concise Evaluation Scale for Children’s Handwriting

(BHK) on digital tablets. Within this dataset, we identified children with dysgraphia. Twelve

digital features describing handwriting through different aspects (static, kinematic, pressure

and tilt) were extracted and used to create linear models to investigate handwriting acquisi-

tion throughout education. K-means clustering was performed to define a new classification

of dysgraphia. Linear models show that three features only (two kinematic and one static)

showed a significant association to predict change of handwriting quality in control children.

Most kinematic and statics features interacted with age. Results suggest that children with

dysgraphia do not simply differ from ones without dysgraphia by quantitative differences on

the BHK scale but present a different development in terms of static, kinematic, pressure

and tilt features. The K-means clustering yielded 3 clusters (Ci). Children in C1 presented

mild dysgraphia usually not detected in schools whereas children in C2 and C3 exhibited

severe dysgraphia. Notably, C2 contained individuals displaying abnormalities in term of

kinematics and pressure whilst C3 regrouped children showing mainly tilt problems. The

current results open new opportunities for automatic detection of children with dysgraphia in

classroom. We also believe that the training of pressure and tilt may open new therapeutic

opportunities through serious games.

PLOS ONE

PLOS ONE | https://doi.org/10.1371/journal.pone.0237575 September 11, 2020 1 / 22

a1111111111

a1111111111

a1111111111

a1111111111

a1111111111

OPEN ACCESS

Citation: Gargot T, Asselborn T, Pellerin H,

Zammouri I, M. Anzalone S, Casteran L, et al.

(2020) Acquisition of handwriting in children with

and without dysgraphia: A computational

approach. PLoS ONE 15(9): e0237575. https://doi.

org/10.1371/journal.pone.0237575

Editor: Yih-Kuen Jan, University of Illinois at

Urbana-Champaign, UNITED STATES

Received: December 17, 2019

Accepted: July 29, 2020

Published: September 11, 2020

Peer Review History: PLOS recognizes the

benefits of transparency in the peer review

process; therefore, we enable the publication of

all of the content of peer review and author

responses alongside final, published articles. The

editorial history of this article is available here:

https://doi.org/10.1371/journal.pone.0237575

Copyright: © 2020 Gargot et al. This is an open

access article distributed under the terms of the

Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: The data set that

served for statistical analyses performed in the

manuscript are available at the following repository

(http://osf.io/d845e). The raw data set cannot be

http://orcid.org/0000-0003-1460-5820
http://orcid.org/0000-0002-5726-4184
https://doi.org/10.1371/journal.pone.0237575
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0237575&domain=pdf&date_stamp=2020-09-11
https://doi.org/10.1371/journal.pone.0237575
https://doi.org/10.1371/journal.pone.0237575
https://doi.org/10.1371/journal.pone.0237575
http://creativecommons.org/licenses/by/4.0/
http://osf.io/d845e


Introduction

Handwriting is an essential skill, since children spend up to 60% of their time at school writing

[1]. Appropriately legible and automated handwriting is necessary for the acquisition of other

higher-order skills such as spelling and story composition. Handwriting is a complex percep-

tual–motor task, as it involves attention, perceptual, linguistic and fine motor skills [2–7].

Formal handwriting acquisition begins at the age of five years (preschool) and requires

about ten years of practice to reach a level of almost complete automation [3, 8–14]. During

this time, handwriting initially evolves on a quality level (from first to fifth-Grade) [15–17] and

then on a speed level (handwriting speed mainly evolves starting from the fourth grade) [12,

18]. Interestingly, a gender effect has been observed in handwriting acquisition, with girls pre-

senting slightly higher quality and speed scores versus their male peers [17], although no effect

of handedness has been reported thus far.

Despite education exposure, 5% to 10% of children never reach a sufficient level of automa-

tion in handwriting [17, 19]. These handwriting difficulties, termed dysgraphia, affect legibility

and/or speed and can seriously impact both children’s behavioural and academical develop-

ment [6]. As they encounter trouble with automatizing their handwriting, children quickly

cannot adequately keep up with the rising cognitive demands of school work, leading to an

increase in fatigue and a decrease in cognitive performance. Hence, in children with dysgra-

phia, the low performance in writing induces negative comparisons with others and self-criti-

cizing. As a consequence, it increases school-performance anxiety and can lead to an increased

trait anxiety that can persist until adolescence particularly in boys. This usually generates

avoidance of scholarly written tasks, and may eventually result in increased anxiety and low

self-esteem, culminating in vicious circles of increasingly fewer writing training opportunities

and ultimately school refusal (see Fig 1).

Given the prerequisites of handwriting acquisition, dysgraphia can be related to language

problems, motor learning and/or motor execution, visual-motor problems, coordination prob-

lems, or cognitive impairments (e.g., attention deficit). In consequence, dysgraphia can be

observed in the context of various disorders such as dyslexia, developmental coordination dis-

orders, or attention deficit disorders with or without hyperactivity (ADHD) [20]. Dysgraphia

Fig 1. Psychopathological model of dysgraphia. Vicious circles can appear due to anxiety and lack of practice that

can worsen handwriting. Adapted from [20].

https://doi.org/10.1371/journal.pone.0237575.g001
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is not recognised by the Diagnostic and Statistical Manual of Mental Disorders, fifth edition

(DSM-5) [21] or the International Classification of Diseases 11th edition (ICD-11) [22] as a

disorder per se, but can be a specifier of neurodevelopmental disorders. Most classifications of

dysgraphia suggest three sub-groups and are usually based on comorbidities. For example,

Deuel [23] proposed to differentiate: (1) dyslexic dysgraphia that is often comorbid with atten-

tion-deficit or dyslexia; (2) spatial dysgraphia that is the consequence of a defect in the under-

standing of space; and (3) motor dysgraphia that is often comorbid with a DSM-5 motor

acquisition disorder.

The presence of dysgraphia can be assessed via different tests in different alphabets [24].

Concerning the Latin alphabet, we can use the Detailed Assessment of Speed of Handwriting

(DASH) [25]; the Ajuriaguerra scale (E scale) [8]; and the Concise Evaluation Scale for Chil-

dren’s Handwriting (BHK) which is the gold-standard test in France for diagnosing dysgra-

phia. Initially developed in the Netherlands [16], the BHK has since been adapted for use in

other languages including French (Charles et al [17]). Importantly, as all of these tests are con-

ducted using a pen/pencil and paper, their scoring is restricted to the analysis of the final, static

handwriting product and does not consider or include any information about the movement

dynamics.

However, the rising availability of digital tablets in the last few decades has allowed for the

analysis of new aspects of handwriting such as the dynamics of handwriting (e.g., velocity,

acceleration, etc.) and the pressure of the pen or the pen tilt aspects, for example [24, 26, 27].

Other studies have used digital tablets to better understand handwriting acquisition.

Pagliarini et al. [28] employed digital tablets to collect data on handwriting ability before hand-

writing is performed automatically. The use of quantitative methods enabled them to find pat-

terns indicating potential future writing impairments at a very early age. Separately, Mekyska

et al. [29] used a random forest model to classify children with dysgraphia in the Hebrew

alphabet. The study included 54 third-grade Israeli children who had to write one Hebrew let-

ter repeatedly. They used static, kinematic, pressure, and tilt aspects of their handwriting as an

input to identify poor writing with an excellent accuracy.

In a more recent work, we developed a new test based on the analysis of a large sample

(n = 298) of BHKs from typically developing (TD) children and children with dysgraphia [24]

written on a digital tablet. This new test allowed for the extraction of 53 digital handwriting

features describing several handwriting aspects in the context of four different categories (i.e.,

statics, kinematics, pressure, and tilt) which were used to train a random forest classifier to be

able to diagnose the presence or the absence of dysgraphia with a sensitivity of 96.6% and a

specificity of 99.2%.

Despite the inherent progressive learning of writing, so far no study using digital features

took into account age and had a developmental approach. We still do not know how the

selected features classifying children with dysgraphia evolved in TD children. In addition, we

don’t know whether their ability to detect children with dysgraphia changed with age.

In the current study, we aimed to extend our work [24] addressing the effect of age, and the

heterogeneity of dysgraphia. Our objectives were the following:

1. First, we aimed to present the learning and acquisition of handwriting from a developmen-

tal approach (according to child age). We explored TD children in order to better under-

stand typical development (TD dataset only) and children with dysgraphia (D dataset).

2. Second, we aimed to identify the best features, to diagnose children with dysgraphia

(according to age) both using the clinical gold standard method as well as relevant digital

features [24].
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3. Third, we performed unsupervised clustering of children with dysgraphia by applying a K

means clustering of discriminative digital features, to assess how many clusters of patients

had a similar profile and to identify their main characteristics.

1 Materials and methods

1.1 Participants

The present study was conducted in accordance with the Declaration of Helsinki and was

approved by the Grenoble University Ethics Committee (agreement no. 2016-01-05-79). It

was conducted with the understanding and informed written consent of each child’s parents

and the oral consent of each child. In total, we recruited 280 children. Two hundred thirty-one

children were recruited at different schools from Grenoble area. The exclusion criteria were:

having a known specific disability or characterized disorder like any neurodevelopmental dis-

order and being a non-French native. In this study no specific neurological and cognitive

assessments were conducted. The absence of disorders was assumed using the teachers’ judg-

ments of children’s academic achievement. Forty-nine children were recruited on the basis of

a clinical diagnosis of dysgraphia from the Reference Center for Language and Learning Disor-

ders at Grenoble University Hospital, a specialized clinic for learning impairments. Since the

diagnosis of dysgraphia is not recommended during the 1st grade the children with dysgraphia

from this specialized center were excluded. The diagnosis of children from the specialized clin-

ics are reported in Table 1.

Table 1. Diagnosis of children in the specialized clinic.

Isolated disorder: n = 26 (55,3%) n=

DCD 5

DL 9

ADHD 7

dyscalc 3

dysph 2

2 comorbiditiess: n = 15 (31,9%)

DCD/DL 1

DCD/ADHD 2

DCD/dysph 2

DL/ADHD 4

DL/dyscalc 1

DL/dysph 2

ADHD/dysph 2

dyscalc/dysph 1

3 comorbidities: n = 5 (10,7%)

DCD/DL/ADHD 2

DCD/ADHD/dyscalc 1

DL/ADHD/dysph 1

DCD/DL/executive disorder 1

4 comorbidities: n = 1 (2,1%)

DCD/DL/ADHD/dysph 1

DCD: developmental coordination disorder, DL: dyslexia, ADHD: Attention Deficit Hyperactivity Disorder, dyscalc:

dyscalculia, dysph: dysphasia

https://doi.org/10.1371/journal.pone.0237575.t001
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1.2 Procedure

The BHK test consists of copying a text beginning with simple monosyllabic words and evolv-

ing towards more complex words for five minutes onto a blank paper. Different features

reflecting handwriting quality (e.g., letter form, size, alignment, spacing. . .) are scored to gen-

erate a final handwriting quality score. The final handwriting quality score is a degradation

score. Higher scores correspond to more errors and a worse quality. A speed score is also pro-

vided (i.e., the number of characters written in five minutes) (see BHK scores Table 2).

The 280 children involved in this study performed the BHK test by writing on a sheet of

paper affixed to a Wacom graphic tablet (sampling frequency = 200Hz; spatial resolution =

0.25mm). A Wacom Intuos 4 tablet was used for the children recruited in schools, while a

Table 2. Clinical-Gold Standard (BHK scores) and digital features on handwriting.

BHK scores BHK handwriting quality score based on the sum of 13 quality

item scores (raw and normalized with age)

Writing is too large

Widening of left-hand margin

Bad letter or word alignment

Insufficient word spacing

Chaotic writing

Absence of joins

Collision of letters

Inconsistent letter size (of x-height

letters)

Incorrect relative height of the

various kinds of letters

Letter distortion

Ambiguous letter forms

Correction of letter forms

Unsteady writing trace

BHK speed (raw and normalized with age) The numbers of characters written

in 5 min

Digital

features

Static features Space between Words

Standard deviation of handwriting

density

Median of Power Spectral of

Tremor Frequencies

Kinematics features Median of Power Spectral of Speed

Frequencies

Distance to Mean of Speed

Frequencies

In-Air-Time ratio

Pressure features Mean Pressure

Mean speed of pressure change

Standard deviation of speed of

pressure change

Tilt features Distance to Mean of Tilt-x

Frequencies

bandwidth_tiltx

Median of Power Spectral of Tilt-y

Frequencies

BHK handwriting quality scores have each a score between 0 and 5 according to (1) their age for size of writing and

widening of left-hand margin and (2) a score of 0 or 1 for each line of the 1st paragraph for other quality items.

https://doi.org/10.1371/journal.pone.0237575.t002
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Wacom Intuos 3 tablet was used for the children recruited in the specialized clinic. Pressure

data were carefully calibrated between the two tablets. The weights X were carefully chosen

(from 0g (pen only) to 400g) in order to explore all range of tablet outputs until saturation.

The relation between the weight in input (X) and the value returned by the tablet (Y) could be

extracted and was found to be very similar for the two tablets (Spearman correlation > 0.99,

p< 0.001, mean square error = 0.6). A 4th degree polynomial fit was created to model the

function describing the X/Y relation of the first tablet and used on the second to correct the

output. After this correction, the spearman correlation was found to be 0.99998 (p� 0.001)

and the mean squared error was 5.1x10-3.

Two junior psychomotor therapists were trained by the same senior psychomotor therapist

to score BHK. Then, the 2 juniors therapists annotated independently all BHK both for hand-

writing quality and speed scores. For the 30 least consistent scores (BHK score >5), the senior

therapist scored the BHK.

These professionals were blinded to the demographics and clinical characteristics of the

children. Scoring included two dimensions: (1) handwriting velocity assessed through the

number of characters written in five minutes and (2) handwriting quality on the five first sen-

tences of the text according to 13 items using a semiquantitative method (BHK handwriting

quality scores: Table 2). We calculated the final inter rater-reliability using intra-class correla-

tion, ICC = 0.97 (95% CI: 0.96-0.98). Finally, according to the normal scores by age measured

during the previous validation of the scale [17], we computed a qualitative score (quality of the

writing) and a quantitative score (speed of the writing).

In a previous work [24], 53 digital handwriting features were defined and used to train a

random forest classifier to diagnose dysgraphia. In this work, we only used the features that

were found to be the most important in the aforementioned random forest model according

to the Gini importance metric [24]. This means that all the features were significantly different

between TD and D based on a binary diagnostic classification (BHK threshold). As expected,

all digital features were significantly associated with continuous BHK handwriting quality

score when the models were applied on TD children and children with dysgraphia. To main-

tain a good balance and to compare the different groups of features, we selected the three most

important features for each of the following four groups that we distinguished: static, pressure,

kinematic, and tilt. In the following paragraphs, we briefly provide their respective definitions

(Table 2).

1.2.1 Static features. They are purely geometric characteristics of the written text. Among

static features, we selected: (1) Space Between Words, which refers to the distance between

words averaged for the entire text; (2) SD of handwriting density, where a grid with 300-pixel

cells covering the entire range of the handwriting trace is created. The number of points

recorded by the Wacom tablet in each cell, if present, was stored in an array. The SD of this

array is represented by this feature. Also, (3) Median of Power Spectral of Tremor Frequencies

was included. Here, the tremors present in the handwriting of children can be calculated for a

given packet of points and can thus be described as a series. By doing so, we can apply the

usual time series analysis and, in particular, the Fourier transform and take the median of the

spectral distribution resulting from it. What we can observe from this is that children having

handwriting difficulties show abnormal movements that translate in high frequencies in the

Fourier transform, resulting in a shift of the median towards higher frequencies.

1.2.2 Kinematic features. They regroup features describing the dynamic of the handwrit-

ing process. Among these features, we selected: (1) Median of Power Spectral of Speed Fre-

quencies. We can interpret handwriting as a two-dimensional time series. In the same way as

for the Median of Power Spectral of Tremors Frequencies, a Fourier transform can be calcu-

lated as well as the median of the spectral distribution resulting from it. We can observe very
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fast changes of speed in the handwriting of children with dysgraphia. These abnormal changes

of speed are translated in high frequencies in the Fourier transform resulting in a shift of the

median towards higher frequencies. (2) Distance to Mean of Speed Frequencies: This feature

refers to the distance between the spectral distribution of the writing of the child under investi-

gation and the writing of the typical child of the same age. The higher this distance is, the more

eclectic the handwriting of this particular writer is. (3) In-Air-Time ratio: represents the pro-

portion of time spent by the writer without touching the surface of the tablet.

1.2.3 Pressure features. They regroup features using the notion of pressure measured

between the pen tip and the tablet surface. Among these features, we selected: (1) Mean Pres-

sure, which is simply the average of all record points of pressure during the test’s duration and

(2) Mean Speed of Pressure Change, which was extracted by working with averaged buckets of

10 record points of pressure and dividing the time spent by the difference between these two

averaged bins of points. This feature is then computed by taking the mean of all measurements.

Also, (3) SD of Speed of Pressure Change was selected. This feature is computed in the same

way as the feature above: although, instead of applying the mean function, we applied the SD

to compute it.

1.2.4 Tilt features. They regroup features using the notion of tilt between the pen and the

surface of the tablet. Among these tilt features, we selected: (1) Distance to Mean of Tilt-x Fre-

quencies: This feature refers to the distance between the spectral distribution of the writing of

the child under investigation and the one from a typical child of the same age. The higher this

distance is, the more eclectic the handwriting of this particular writer. Also, we selected (2)

The Bandwidth of Speed of Tilt-x Frequencies: In the same way as described above, the Fourier

transform of the two-dimensional time series can be calculated with the tilt-x logs as well as

the bandwidth of the spectral distribution resulting from it. For the tilt-x, we can observe that

children having handwriting difficulties present spreader tilt-x frequencies and thus a larger

bandwidth. Lastly, we included (3) Median of Power Spectral of Tilt-y Frequencies. Here, the

Fourier transform of the two-dimensional time series can be calculated with the tilt-y logs as

well as the median of the spectral distribution resulting from it. For the tilt-y, we can observe

that children having handwriting difficulties present lower tilt-y frequencies and thus a lower

median.

1.2.5 Statistical models. Since we selected the 12 digital features through machine learn-

ing classifying BHK scores as threshold (binary classification), we considered inappropriate to

use direct group comparisons (TD vs. D). To take into account the effect of age, and possible

interactions between a given digital feature and age, we applied linear regressions considering

each feature as a continuous variable to explain the BHK as a continuous variable without con-

sideration of the diagnosis threshold. To do so, each of the 12 digital features was normalized

in order to assess their effect in linear regression models.

To understand how a given digital feature is explaining or not BHK handwriting quality

taking into account grade and gender, a linear regression model per feature was created to pre-

dict the continuous BHK handwriting quality score. This model was adjusted for grade and

gender. In the same way, a model was created to predict the BHK speed score. The formulas

can be described as follows:

BHK Score�NormalizedðfeatureÞ þ gradeþ gender þ ε

To understand how a given digital feature explaining continuous BHK changes according

to a child’s grade, a similar model with interaction [grade�Normalized(feature)] was also cre-

ated. In other words, the model can show the relative importance of a given digital feature to

diagnose dysgraphia according to age. As recommended in the BHK manual, we selected the
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grade rather than the age to assess the effect on education, since the writing process is learned

at school and not spontaneously. The formulas can be described as follows:

BHK Score�NormalizedðfeatureÞ þ gradeþ genderþ

þgrade � NormalizedðfeatureÞ þ ε
ð1Þ

Since the distribution of the residuals was not normally distributed, a bootstrap analysis

(with 10,000 replications) was performed to assess the 95% confidence intervals (95%CI) and p

values. These were respectively obtained by BCA (bias-corrected and accelerated) bootstrap

and percentile bootstrap with the R boot package. As said previously, we performed these anal-

yses on the TD dataset only to explore how digital features predict handwriting (BHK) quality

and speed in TD children, then on the TD + D dataset to explore how digital features predict

handwriting (BHK) quality and speed in a mixed population that resembles a more realistic

situation in the context of school detection of D children.

1.2.6 Clustering. Finally, we tested the theoretical classification of Deuel [23] by a K-

means clustering of our digital features, to assess how many clusters of patients had a similar

profile and to identify their main characteristics. We used the elbow method to explore the

best numbers of clusters.

2 Results

2.1 Participant’s demographics

Our first aim was to better characterize the children recruited from schools and to assess

whether or not few had dysgraphia. After clinical assessment of BHK tests of the 280 children

from our dataset, we confirmed dysgraphia in all children recruited in the special clinics and

detected 13 (5.63%) children with dysgraphia among those recruited from regular schools.

Speed dysgraphia (slow writing) was observed in 12 children, with all of them showing also

qualitative dysgraphia (poor handwriting quality, legibility). Thus, we defined the diagnostic

category of dysgraphia based on the BHK handwriting quality score only. Therefore, after re-

annotation of all BHKs, our dataset was composed of 218 children in the control group, with-

out dysgraphia called the TD group, and 62 children in the experimental group, with dysgra-

phia called the D group. (see Fig 2).

Table 3 summarizes the main characteristics of the two groups. The TD and D children had

similar ages of around nine years on average despite a tendency of older age in the group with

dysgraphia. Most children were right-handed. There was a gender bias (girls were underrepre-

sented in the D group).

2.2 Handwriting acquisition

Our second aim was to identify the best features to diagnose children with dysgraphia both

using BHK scores (the clinical gold standard method) and relevant digital features, and to

explore how the relevant digital features had statistical interaction with age.

2.2.1 Handwriting explained from the BHK features. Fig 3 summarizes the handwriting

quality and speed BHK scores for both the TD and D datasets. As expected, we could see an

improvement of the handwriting quality (decrease of the BHK quality score) together with an

increase of the writing speed with the age of children. By definition, children with dysgraphia

had a lower quality versus TD children. Normalized score allow comparisons between grades.

The cut-off for a diagnostic of qualitative and quantitative dysgraphia is -2.

2.2.2 Handwriting explained from the digital features. 12 digital features expressing

handwriting on different aspects (static, kinematics, pressure, and tilt) were selected from the
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Fig 2. Annotation of the database with the BHK test defining children with dysgraphia (writing quality too bad,

BHK handwriting quality score too high) and children without dysgraphia.

https://doi.org/10.1371/journal.pone.0237575.g002

Table 3. Descriptive statistics of the participants (TD and D).

TD group (No dysgraphia)

(n = 218)

D group (Dysgraphia)

(n = 62)

p-value

Age: mean (SD) 8.7 (1.53) 9.13 (1.2) 0.056

Males/Females 108/110 44/18 0.003

Right-handed / Left-handed 190/28 57/5 0.30

BHK quality score: mean (SD) 14.41 (5.16) 27.09 (6.83) 0.001

Grade 1: mean (SD) n = 48; 20.07 (5.39) n = 1; 35.5 0.10

Grade 2: mean (SD) n = 42; 13.17 (4.56) n = 16;33.35 (6.22) <0.001

Grade 3: mean (SD) n = 36; 13.6 (3.66) n = 15; 26.99 (5.76) <0.001

Grade 4: mean (SD) n = 44; 12.68 (3.4) n = 20; 24.1 (4.75) <0.001

Grade 5: mean (SD) n = 48; 12.02 (3.45) n = 10; 22.37 (5.51) <0.001

BHK speed scores: mean (SD) 195.9 (94.6) 139.5 (86.6) <0.001

Grade 1: mean (SD) n = 48; 74.83 (18.32) n = 1; 61,5 0.52

Grade 2: mean (SD) n = 42; 152.29 (43.27) n = 16; 70.4 (23.53) <0.001

Grade 3: mean (SD) n = 36; 184.97 (42.43) n = 15; 123.67 (47.36) <0.001

Grade 4: mean (SD) n = 44; 262.27 (56.99) n = 20; 160.78 (81.62) <0.001

Grade 5: mean (SD) n = 48; 302.54 (50.42) n = 10; 239.28 (103.53) 0.03

Non parametric (Wicoxon rank sum) tests were performed to compare BHK quality score for the 2 whole datasets and for each grade, (SD for standard deviation, TD

for Typically Developing, D for dysgraphia)

https://doi.org/10.1371/journal.pone.0237575.t003
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work of Asselborn et al. [24]. In Fig 4, the link between the digital features and the BHK raw

handwriting quality score in terms of function of the grade is presented (children without dys-

graphia, TD dataset).

Since we selected these features on the basis of their importance on the simple binary classi-

fication between children with or without dysgraphia, we wanted to assess whether they were

also able to explain the continuous BHK handwriting quality score (inverse of the handwriting

writing quality) of both the D dataset and TD datasets. For this purpose, multivariate linear

regression models were used to compute the correlation between the 12 digital features and

the BHK scores (handwriting quality or speed).

Handwriting quality score association. Table 4 shows the association between the digital

features and the raw BHK handwriting quality score (opposite of handwriting quality) for the

children without dysgraphia only (TD dataset) as well as for all children taken altogether (D

and TD datasets). As expected, since all these features already classified in a proper manner

dysgraphia on a simple binary classification in Asselborn et al. [24], all digital features were

also significantly associated with continuous BHK handwriting quality score when the models

were applied on TD children and children with dysgraphia. However, only three digital fea-

tures (out of 12) were significantly associated with the BHK handwriting quality score of TD

children.

This finding is interesting, as it shows that the digital features seem to belong to two groups:

all of them are useful to explain the difference of handwriting quality between TD children

Fig 3. BHK handwriting quality and speed scores according to grade in children with typical development and in

children with dysgraphia. Raw score (left) and normalized score (right). Notice that the BHK handwriting quality

score is a degradation score. The higher the score is, the more the handwriting is impaired. The speed raw score is the

number of letters written during 5 minutes.

https://doi.org/10.1371/journal.pone.0237575.g003
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and children with dysgraphia, but only a few features are useful for predicting the handwriting

quality of TD children without dysgraphia. In other words, it means that some features become

interesting to predict the handwriting quality score only when the score is above a certain

threshold (i.e., the score only reached by children with dysgraphia as can be seen in Fig 3).

These features are the ones able to explain the handwriting quality difference between children

with dysgraphia and TD children.

As there are several potential causes of dysgraphia with different severities, the variability of

handwriting is larger in the D dataset versus the TD dataset. In view of the limited size of our

Fig 4. The impact of the 12 digital features on the BHK raw handwriting quality score (opposite of handwriting

quality) for children without dysgraphia (TD dataset) and for all grades.

https://doi.org/10.1371/journal.pone.0237575.g004
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D dataset, the interpretation of the digital feature acquisition of the children with dysgraphia

may be difficult. For this reason, we decided to focus our feature interpretation on the children

without dysgraphia.

Among the three features able to explain the BHK handwriting quality score of children

without dysgraphia only, we found two kinematic features (Median Power Spectral Speed Fre-

quencies and In Air Time, respectively) and one static feature (Standard Deviation (SD) of

Handwriting Density). As can be seen in Table 4 and in Fig 4, the In Air Time Ratio as well as

the SD of Handwriting Density are positively correlated with the BHK handwriting quality

score. This means that a reduction of the In Air Time Ratio or the SD of Handwriting density

is with an increase in the quality of handwriting (i.e., the lower the score is, the better the qual-

ity is). Separately, the Median Power Spectral of Speed Frequency was negatively correlated

with the BHK handwriting quality score-in other words, the higher the value of this feature is,

the better the handwriting quality is.

Handwriting speed association. Concerning the BHK speed score, the same three fea-

tures were significantly correlated with the BHK speed score of TD children.

A fourth one namely, the SD of Speed of Pressure Change, was also found to be significantly

associated (see Table 5). The Median of Power Spectral of Speed Frequencies was found to be

negatively correlated with the BHK speed score, meaning that, the lower this feature is (indi-

cating a less brutal change in handwriting speed), the higher the speed of handwriting will be.

Table 4. Multivariate models to predict the BHK handwriting quality raw score.

Category Feature Dataset Feature estimate Cl95% low Cl95% up p value

Static Space Between Words TD 0.45 -0.11 1.05 0.116

TD + D -1.16 -2.15 0.008 0.033

SD of Handwriting Density TD 0.98 0.34 1.67 0.004

TD + D 2.09 1.03 3.04 <0.001

Median of Power Spectral of Tremor Freq. TD -0.25 -0.8 0.31 0.374

TD + D 1.39 0.68 2.19 0.001

Kinematic Median of Power Spectral of Speed Freq. TD -0.48 -1.13 -0.03 0.038

TD + D 3.65 2.68 4.49 <0.001

Distance to mean of Speed Freq. TD 0.17 -0.29 0.9 0.479

TD + D 2.42 1.43 3.45 <0.001

In Air Time Ratio TD 0.85 0.23 1.52 0.006

TD + D 2.44 1.36 3.41 <0.001

Pressure Mean Pressure TD -0.03 -0.65 0.57 0.935

TD + D -1.25 -2.07 -0.3 0.008

Mean Speed of Pressure Change TD 0.09 -0.58 0.84 0.793

TD + D -2.56 -3.51 -1.61 <0.001

SD of speed of Pressure Change TD -0.12 -0.9 0.61 0.769

TD + D -2.32 -3.3 -1.4 <0.001

Tilt Distance to Mean of Tilt-x Freq. TD 0.42 -0.21 1.03 0.178

TD + D 3.35 2.54 4.1 <0.001

Bandwidth of Power Spectral of Tilt-x Freq. TD -0.22 -0.78 0.31 0.435

TD + D 2.2 1.17 3.06 <0.001

Median of Power Spectral of Tilt-y Freq. TD 0.16 -0.45 0.76 0.597

TD + D -2.46 -3.27 -1.65 <0.001

The higher the score, the lower the handwriting quality, for typically developing children only (TD dataset), and all children together (TD + D dataset).

https://doi.org/10.1371/journal.pone.0237575.t004
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In the same way, the In Air Time Ratio was found to be negatively correlated with the hand-

writing speed (a reduction in the time the child has the pen not touching the paper will result

in more time spent writing and thus a higher handwriting speed) as well as the SD of Hand-

writing density (which can be interpreted as the fluctuation in the handwriting size). Finally,

the SD of Speed of Pressure Change was found to be positively correlated with the handwriting

speed. Clinically, this feature can be linked with the automation of the pen movement (i.e., the

child has a better control of the pen if he/she is able to change the pressure of the pen in differ-

ent ways).

Interaction of the digital features with grade. Considering a developmental analysis of

handwriting, we used multivariate models to predict children’s BHK scores (quality and

speed), taking into account the digital feature, the grade, the gender, but also the interaction

between the feature and the grade. Results of the interaction are reported in Table 6 for the

BHK handwriting quality score and in Table 7 for the BHK speed score, respectively.

Quality interaction: Once again, we can see that the interaction between handwriting digital

features and grade seems to be different between children with dysgraphia and TD children. If

we consider the features of the TD children alone, eight of the 12 features present a statistically

significant interaction with grade to predict BHK handwriting quality, while only one (Space

Between Words) is significant if we add the children with dysgraphia to the dataset on which

the model is applied (Table 6). We believe that this can be explained by the fact that children

with dysgraphia show a very different handwriting manner (and thus very different digital fea-

tures) and present a significantly higher heterogeneity in their writing (and thus more spread-

Table 5. Multivariate models to predict the BHK speed raw score for typically developing children (TD dataset), and all children together (TD + D dataset).

Category Feature Dataset Feature estimate Cl95% low Cl95% up p value

Static Space Between Words TD 5.55 0.01 11.46 0.057

TD + D 16.6 5.64 25.1 <0.001

SD of Handwriting Density TD -16.89 -23.5 -9.53 <0.001

TD + D -21.18 -29.19 -12.56 <0.001

Median of Power Spectral of Tremor Freq. TD 0.62 -4.76 6.05 0.831

TD + D -12.14 -18.47 -6.28 <0.001

Kinematic Median of Power Spectral of Speed Freq. TD -6.24 -12.94 -1.32 0.013

TD + D -31.37 -38.65 -24.26 <0.001

Distance to mean of Speed Freq. TD 4.15 -1.39 12.1 0.09

TD + D -19.82 -27.34 -13.34 <0.001

In Air Time Ratio TD -21.37 -27.6 -14.85 <0.001

TD + D -27.71 -35.66 -19.62 <0.001

Pressure Mean Pressure TD 4.91 -0.66 10.54 0.093

TD + D 9.13 1.67 16.33 0.012

Mean Speed of Pressure Change TD 5.43 -1.03 11.92 0.09

TD + D 23.45 15.66 31.55 <0.001

SD of speed of Pressure Change TD 17.81 11.35 24.28 <0.001

TD + D 29.96 22.09 37.89 <0.001

Tilt Distance to Mean of Tilt-x Freq. TD -1.84 -6.21 2.87 0.424

TD + D -18.76 -24.55 -13.49 <0.001

Bandwidth of Power Spectral of Tilt-x Freq. TD 0.31 -5.89 6.87 0.929

TD + D -12.96 -19.65 -6.26 <0.001

Median of Power Spectral of Tilt-y Freq. TD 4.41 -1.23 10.52 0.118

TD + D 19.59 13.96 25.94 <0.001

https://doi.org/10.1371/journal.pone.0237575.t005
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out) as compared with TD children, which brings additional noise to the model and avoids us

from finding significant interactions.

For the same reasons as before, we decided to focus our interpretation on TD children only.

As can be seen in Fig 4 and Table 6 an interaction between most of the digital features with the

grade was found to predict the BHK raw handwriting quality score. Only two tilt features (Dis-

tance to Mean of Tilt-x Frequencies, Median of Power Spectral of Tilt-y Frequencies), one

static feature (Median of Power Spectral of Tremor Frequencies) as well as one pressure feature

(Mean Pressure) did not present a statistically significant interaction with the grade. This result

shows that the predictive value of most features changes with the grade. In other words, most

of them are either useful for detecting the quality of the writing for the younger or for the older

children. A typical example of this can be found with the Space Between Words: this feature is

positively associated with BHK score in first grade and becomes negatively associated by fifth

grade (see Fig 4). In other words, as the child is progressing in his/her school curriculum, the

Space Between Words feature becomes more and more so a negative predictor of the BHK

quality score (and thus a positive predictor of handwriting quality).

Handwriting speed interaction: Models with interaction between features and grade to pre-

dict BHK speed are presented in Table 7. In the TD dataset, two kinematic features (Median of

Power Spectral of Speed Frequencies and Distance to Mean of Speed Frequencies) and one

pressure feature (mean pressure) showed a significant interaction. When models were applied

in TD+D dataset, two kinematic features (Distance to Mean of Speed Frequencies and In Air

Table 6. Multivariate models with interaction to predict the BHK quality raw score.

Category Feature Dataset Feature � grade estimate Cl95% low Cl95% up p value

Static Space Between Words TD -0.72 -1.18 -0.31 0.001

TD + D -1 -1.62 -0.38 0.001

SD of Handwriting Density TD -0.77 -1.2 -0.35 0.001

TD + D -0.44 -1.06 0.26 0.197

Median of Power Spectral of Tremor Freq. TD 0.22 -0.17 0.6 0.237

TD + D 0.16 -0.35 0.63 0.527

Kinematic Median of Power Spectral of Speed Freq. TD 0.52 0.08 0.92 0.003

TD + D -0.42 -1.27 0.34 0.357

Distance to mean of Speed Freq. TD -0.5 -0.89 -0.07 0.04

TD + D -0.8 -1.48 0.09 0.073

In Air Time Ratio TD -0.48 -0.92 -0.03 0.04

TD + D -0.15 -0.78 0.53 0.637

Pressure Mean Pressure TD -0.18 -0.57 0.2 0.333

TD + D 0.26 -0.23 0.75 0.313

Mean Speed of Pressure Change TD 0.54 0.04 0.94 0.023

TD + D 0.45 -0.29 1.14 0.216

SD of speed of Pressure Change TD 0.82 0.38 1.24 0.001

TD + D 0.46 -0.15 1.05 0.12

Tilt Distance to Mean of Tilt-x Freq. TD 0.02 -0.36 0.42 0.891

TD + D -0.52 -1.2 0.3 0.218

Bandwidth of Power Spectral of Tilt-x Freq. TD 0.43 0.03 0.84 0.028

TD + D -0.11 -0.81 0.59 0.774

Median of Power Spectral of Tilt-y Freq. TD -0.05 -0.53 0.44 0.852

TD + D -0.09 -0.76 0.58 0.755

The higher the score, the lower the handwriting quality) for typically developing children (TD dataset) and all children together (TD + D dataset).

https://doi.org/10.1371/journal.pone.0237575.t006
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Ratio), one static feature (Space Between Words) and one Pressure feature (SD of Speed of

Pressure Change) showed a significant interaction with grade to predict speed.

Interestingly, Space Between Words is the only feature that interacts with grade to predict

both BHK quality and speed in the TD+D dataset. It becomes increasingly positively correlated

with the BHK speed score with the increase in the child’s grade, which means that, at the

beginning of the school curriculum, the space that children put between words is not a signifi-

cant predictor of handwriting speed, but becomes a stronger one as the child continues in his/

her school education.

2.3 A new clustering of dysgraphia

Our third aim was to explore whether we could define a new classification of dysgraphia based

on our automated features. Hence, most of the classifications of dysgraphia are based on

comorbidities (e.g., dyslexia, attention problems, motor acquisition problems). A more precise

description of dysgraphia should take into account the peculiar objective characteristics of

handwriting. To do this, we used a K-means clustering algorithm with our 12 digital features

as input. Using the elbow method to explore the best number of clusters, we found that three

clusters was an optimal number according to the majority rule (see Fig 5).

Regarding the final model, the Hopkins statistic was 0.35 and the clusters’ stability were sat-

isfactory (cluster 1: 0.87, cluster 2: 0.89 and cluster 3: 0.84). As can be seen in Table 8, individu-

als from each cluster had the following attributes:

Table 7. Multivariate models with interaction to predict the BHK speed raw score for typically developing children (TD dataset) and all children together (TD + D

dataset).

Category Feature Dataset Feature � grade estimate Cl95% low Cl95% up p value

Static Space Between Words TD 1.24 -2.81 5.33 0.52

TD + D 8.64 3.25 13.96 0.003

SD of Handwriting Density TD -0.1 -4.37 4.69 0.948

TD + D -3.14 -8.97 3.58 0.318

Median of Power Spectral of Tremor Freq. TD 1.22 -2.21 4.87 0.514

TD + D -2.47 -6.66 1.65 0.203

Kinematic Median of Power Spectral of Speed Freq. TD 3.27 -0.02 7.39 0.039

TD + D -4.4 -10.83 3.09 0.223

Distance to mean of Speed Freq. TD -4.32 -7.62 -0.5 0.038

TD + D -7.85 -15.72 -0.53 0.005

In Air Time Ratio TD -2.29 -6.46 2.12 0.279

TD + D -9.29 -14.64 -3.69 0.001

Pressure Mean Pressure TD 3.89 0.55 7.61 0.028

TD + D 2 -2.19 6.26 0.337

Mean Speed of Pressure Change TD -2.11 -6.14 1.96 0.306

TD + D 2.84 -2.28 8.47 0.299

SD of speed of Pressure Change TD 1.56 -2.03 5.32 0.391

TD + D 5.7 1.28 10.28 0.009

Tilt Distance to Mean of Tilt-x Freq. TD -2.52 -6.27 1.83 0.206

TD + D -3.64 -10.46 1.68 0.209

Bandwidth of Power Spectral of Tilt-x Freq. TD -1.93 -6.54 2.78 0.407

TD + D -0.64 -6.59 4.93 0.832

Median of Power Spectral of Tilt-y Freq. TD -1.94 -6.09 2.19 0.346

TD + D 4.43 -1.15 9.8 0.111

https://doi.org/10.1371/journal.pone.0237575.t007
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Fig 5. Elbow method to characterize the optimal number of clusters.

https://doi.org/10.1371/journal.pone.0237575.g005

Table 8. Mean digital features value of each features according to their clustering. Demographic characteristics and BHK scores of children with dysgraphia corre-

sponding to the 3 clusters.

Category Feature Cluster 1 (n = 13) Cluster 2 (n = 25) Cluster 3 (n = 24) p-value

Statics Space Between Words 1.3�103(3�102) 7.2�102(2.9�102) 1.4�103(6�102) <0.001

Median of Power Spectral of Tremor Freq. 3.2�10−3(1.5�10−4) 3.3�10−3(9.7�10−5) 3.3�10−3(1.2�10−4) 0.055

SD of Handwriting Density 1.7�102(73) 2.3�102(1.3�102) 2.5�102(1.2�102) 0.161

Kinematics Median of Power Spectral of Speed Freq. 1.4�10−3(1.6�10−4) 2.2�10−3(2.8�10−4) 1.9�10−3(2.8�10−4) <0.001

Distance to mean of Speed Freq 2.1�10−4(9.6�10−5) 7.7�10−4(3.5�10−4) 4.1�10−4(2.7�10−4) <0.001

In Air Time Ratio 5.3�10−1(7.8�10−2) 5.9�10−1(1.1�10−1) 6�10−1(1.4�10−1) 0.104

Pressure Mean Pressure 4.6�102(1.4�102) 3.2�102(1.1�102) 4.6�102(1.4�102) 0.001

Mean Speed of Pressure Change 3.1�10−1(1.3�10−1) 3.8�10−2(3.5�10−2) 6.5�10−2(5.6�10−2) <0.001

SD of speed of Pressure Change 28(7.5�10−1) 13(4�10−1) 20(5.1�10−1) <0.001

Tilt Median of Power Spectral of Tilt-y Freq 3.3�10−3(1.5�10−5) 3.3�10−3(3.1�10−5) 3.3�10−3(5.5�10−5) 0.001

Distance to Mean of Tilt-x Freq 2.3�10−4(3.3�10−5) 2.8�10−4(9.6�10−5) 6.3�10−4(1.9�10−4) <0.001

Bandwidth_tilt x Freq. 3.4�10−3(2.8�10−4) 3.5�10−3(3.8�10−4) 4.4�10−3(2.9�10−4) <0.001

Clinical description Grade 4.08 (0.86) 3.32 (1.18) 3.00 (0.93) 0.016

Gender (F/M) 8/5 4/21 6/18 0.016

Laterality (L/R) 0/13 1/24 4/20 0.212

Recruited in Specialized Clinic 0 25 24 <0.001

BHK handwriting quality Score -2.73 (0.65) -3.49 (1.25) -3.44 (1.41) 0.109

BHK handwriting speed Score 0.46 (1.16) -1.24 (1.00) -1.10 (0.91) <0.001

The clustering was done on the digital features only

https://doi.org/10.1371/journal.pone.0237575.t008
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Children from cluster 1 (n = 13) presented the less severe type of dysgraphia, with girls and

older children being over-represented. Their BHK speed score was significantly higher. Also,

they tended to have better BHK handwriting quality normalized score (meaning better hand-

writing quality) (Table 8). Concerning the digital features, it was interesting to see a signifi-

cantly lower value (as compared with the other two clusters) of the Median of Power Spectral

of Speed Frequencies, meaning that the variation of the handwriting speed is slower for these

children (i.e., the transition between low and high speeds is smoother). In addition, the SD of

Speed of Pressure Change was found to be significantly higher, also suggesting a better auto-

mation of the pen movement. An example of this feature can be found in Fig 6, where we can

see that the Speed of pressure Change of a child with dysgraphia (from cluster 2) stays rela-

tively constant as opposite to that in the handwriting example of the TD child.

Children from clusters 2 and 3 were all recruited from a specialized clinic, meaning that

they presented more severe cases of dysgraphia. As can be seen in Table 8, a statistically signifi-

cant majority of these children were boys, which appears to be in line with the findings of pre-

vious studies [15, 17]. Concerning the digital features, children from cluster 2 (n = 25) were

characterized as having a lower Space Between Words versus the two other clusters and

Fig 6. Comparisons of the SD of speed of pressure change and Bandwidth of Speed of Tilt-x Change Frequencies for the

children without dysgraphia from the 3 different clusters. Examples of writing from a child with the most severe difficulties from

cluster 2 and cluster 3 are shown.

https://doi.org/10.1371/journal.pone.0237575.g006

PLOS ONE Acquisition of handwriting in children: A computational approach

PLOS ONE | https://doi.org/10.1371/journal.pone.0237575 September 11, 2020 17 / 22

https://doi.org/10.1371/journal.pone.0237575.g006
https://doi.org/10.1371/journal.pone.0237575


particular abnormalities in the speed frequencies as well as the pressure features (see Table 8).

The Distance to Mean of Speed Frequencies was found to be statistically higher here than in

the two other clusters, meaning that these children were the most eclectic, regarding the way

their handwriting speed was changing. The accelerations (and decelerations) of the handwrit-

ing speed were more abrupt, suggesting a lack of automation in the control of the speed (i.e.,

more jerk recorded). The other features for which children from cluster 2 were noted to be

particularly different were the pressure features. As can be seen in the example of Fig 6, chil-

dren from cluster 2 were using a much smaller gaps of pressure while writing (i.e., the pressure

stays relatively more constant during the handwriting) in comparison with TD children.

Children from cluster 3 (n = 24) were characterized by abnormalities in terms of tilt fea-

tures. As can be seen in Fig 6, children from this cluster had troubles with smoothly changing

the inclination of their pen (i.e., the transition between low and high speeds of tilt change was

found to be less constant versus in TD children).

3 Discussion

The clinical annotation of our dataset found 13 (5.63%) children with dysgraphia in schools.

This appears consistent with the 5%-10% prevalence rates reported in the literature as well in

the most recent French study [17]. Among these 13 cases of dysgraphia, one child was cur-

rently in the first grade. This aligns with the fact that children who are referred to specialized

clinics for dysgraphia are usually older. This could be explained by the delay existing between

the handwriting training and the early signs of alerts that lead to referrals (in France, the diag-

nostic of dysgraphia is not recommended prior to the second grade).

On the basis of the clinical annotation of the database defining two datasets (TD children

vs. children with dysgraphia), a study was performed to investigate children’s handwriting

acquisition based on BHK clinical assessment [17] and a set of digital features [24].

From the 12 digital features we selected in this work, it was interesting to notice that only

three of them were significantly correlated with the BHK handwriting quality score of TD chil-

dren (without dysgraphia), while all of them were significantly correlated when considering

the whole sample (TD and D dataset). In other words, it seems that some of the digital features

are not useful in explaining the handwriting quality of TD children. From the three features

associated with the handwriting quality of TD children, two of them describe handwriting on

a kinematic aspect and one describes such on a static aspect. None of them were features asso-

ciated with the pressure or tilt aspect of handwriting, while these are strongly associated in

children with dysgraphia [24, 29]. These results suggest that the pressure and tilt aspects of

handwriting may be particularly central aspects of dysgraphia [24, 26, 27].

In terms of clinical relevance, our findings show the limitation of the current clinical tests

used to assess handwriting quality, as the digital features are for the moment neglected due to

the technology used (pen and paper tests). They also prove the benefit digital tablets can bring

in the assessment of handwriting. In terms of remediation, it may also be particularly interest-

ing to place more emphasis on these aspects of handwriting, for example by using gaming

activities designed on digital tablets in which pressure or tilt can be integrated and manipu-

lated. Indeed, in other fields of learning (e.g., emotion recognition; attention), serious games

have shown great attraction and clinical interests for children with neurodevelopmental disor-

ders [30, 31]

In contrast with traditional classifications of dysgraphia that are based on children’s comor-

bid problems such as dyslexia, attention deficit or motor-coordination impairment like in the

Deuel classification, [23], we established a new clustering of children with dysgraphia based on

low-level motor aspects of handwriting including static, kinematic, pressure and tilt features.
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The K-means clustering based on our 12 digital features yielded three different subgroups.

Cluster 1 gathered children with the less severe cases of dysgraphia, including more girls and

those with normal speeds. Clusters 2 and 3 included children with the most severe cases of dys-

graphia with a preponderance of boys. Children in cluster 2 presented abnormalities in terms

of kinematics and pressure, while children in cluster 3 displayed abnormalities in terms of tilt.

We do not know whether the clustering introduced in this paper overlaps with existing classifi-

cations and in particular the one proposed by Deuel [23], since the sample size each cluster too

small to compare the disorders of the children. We hope to perform such a study in the near

future. As expected [15, 17], we found that a majority of children with dysgraphia were boys

(71%) [17, 19, 23]. The most severe clusters were also the clusters including more boys.

Although being left-handed is believed to be associated with handwriting difficulties in folk

psychology [32], we did not find that handedness mediated either BHK scores or clustering of

the children with dysgraphia.

The current study needs to be interpreted with consideration of both its strengths and limi-

tations. Digital tablets can measure several features that are relevant to better understand and

classify children with dysgraphia. On the basis of the results of this study, we plan to move for-

ward with the development of new handwriting tests capable of running on digital tablets (e.g.

an Ipad) for the purpose of helping the diagnosis of handwriting-acquisition deficit. However,

the handwriting data used in this study were acquired in an ecological setting since the chil-

dren wrote on a paper attached on the tablet.

Several studies have shown that the writing sensation (often called friction of the pen) of

individuals who write with a pen on a sheet of paper might be very different from the one of

individuals who write with a stylus on the surface of a digital tablet [33]. To generalize our

results with a stylus/tablet setting, we need first to check whether the same set of features

remains relevant. A new database of handwriting traces should be acquired directly on digital

tablet with a stylus to investigate whether generalization of our results is possible in this setting.

Secondly, the digital tablets used for the handwriting acquisitions in school and in the special-

ized clinic were different (Wacom Intuos 3 in specialized clinic vs. Wacom Intuos 4 in school).

Despite a careful calibration, the difference in material may have affected some technical aspects

of the feature recording. However, to assess whether pressure registration differed between the

two tablets, we performed the following experiment: with the pen vertically positioned on the

surface of the tablets, 15 different weights were used as an input while the values returned by

each tablets were logged. We modelled inputs and outputs in each tablet and between tablets.

The correlation found were above 0.99 (p<.001), meaning that the impact was likely limited.

For further technical discussion we invite readers to look at the following paper [34].

Finally, it is possible that the transversal design of this study cannot allow for the longitudi-

nal assessment of the development of a typical child or a child with dysgraphia from one grade

to another. We believe it will be important to assess the evolution of these digital features lon-

gitudinally within the same child during learning or rehabilitation.

4 Conclusion

The current results open new opportunities for the automatic detection of children with dys-

graphia in classroom. We also believe that the training of pressure and tilt may open new ther-

apeutic opportunities through serious games able to manipulate these features.
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