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Abstract
Even with correct training, up to 25% of children never master handwriting like their
peers. While research shows a correlation between handwriting difficulties and school
failure, these difficulties can also impact children in their self esteem and behavioral
development. Since the mastery of handwriting requires a lot of different skills, it is
never easy to understand where a given child is facing difficulties, nor how exactly to
help him/her overcome them. For this reason, it is of prime importance to detect and
understand children’s handwriting difficulties the earliest possible in order to propose
the most effective remediation possible.

In this thesis, we first introduce a modernize version of the currently adopted handwriting
tests, that show clear limitations in the era of digitalization. Indeed, the nature itself
of these tests, conducted on paper, restricts them to the analysis of the final static
aspect of handwriting. Its dynamics, found to be very important, is therefore hidden
and cannot be taken into consideration. For this reason, we designed in collaboration
with therapists several features that describe different aspects of handwriting, which
are not limited to static but also capture kinematic, pressure and tilt. The designed
features have the main advantage to describe very low level aspects of handwriting,
which makes them quite independent of the writing content. We verified this hypothesis
by giving the proof of concept that our model for automatic detection of handwriting
difficulties can be translated from the latin to the the cyrillic alphabet. In the same way,
we demonstrated that our model can also, given retraining, be used on paper or directly
on digital tablets, like iPads. Finally, we introduced our iPad-based test allowing to
extract the multidimensional handwriting profile of the child. This test aims to answer
the first of the afore-discussed problems, by allowing to extract the specific strengths
and weaknesses of a child, in less than a minute, on different aspects and at different
granularities.

The second part of this thesis tackles the problem of designing remediation activities
for handwriting difficulties. We designed activities specifically targeting the handwriting
aspects identified by the model and obtained a preliminary proof of concept that serious
games targeting specific skills of handwriting (e.g. pressure, kinematic, tilt, ...) can have
a positive impact on the overall quality of handwriting. Finally the two last chapters
of this thesis tackle two corollary, but still crucial questions related to handwriting

vii



Acknowledgements

remediation. After the integration of these remediation activities in a Child-Robot
Interaction scenario, in which the child is the teacher of the robot, we gave the proof of
concept of the importance of the design of robot behaviors towards social acceptance
with children, something especially important knowing the importance of the child’s
perception of the robot and the interaction with it in such a scenario. Finally, in the
last Chapter, we investigated whether it is possible to "remediate some handwriting
difficulties by preventing them", i.e., by supporting pre-school children in the acquisition
of the fundamental visuo-motor coordination skills required by handwriting.

Keywords: Handwriting, Machine learning, Robots for Learning, Handwriting analysis,
Handwriting remediation.
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Résumé
Même avec une formation correcte, jusqu’à 25% des enfants ne maîtrisent pas l’écriture
comme ils le devraient. Alors que la recherche montre une corrélation entre les difficultés
d’écriture et le niveau scolaire général, ces difficultés peuvent également avoir un impact
sur l’estime de soi et le comportement des enfants hors de l’école. La maîtrise de l’écriture
requérant des compétences nombreuses et variées, il est donc complexe de comprendre la
nature même des difficultés d’écriture qu’un enfant peut présenter et de savoir comment
l’aider à les surmonter. Pour cette raison, il est primordial de détecter et comprendre les
difficultés d’écriture le plus tôt possible afin de proposer la remédiation la plus efficace
possible.

Nous présentons en premier lieu une version modernisée des tests d’écriture actuellement
utilisés, présentant des limites évidentes à l’ère de la numérisation. En effet, la nature
même de ces tests, réalisés sur papier, les restreint à une analyse statique de l’écriture.
Une part importante de l’information, notamment la dynamique de l’écriture, reste donc
inaccessible. Pour cette raison, nous avons conçu, en collaboration avec des thérapeutes,
plus d’une centaine de caractéristiques décrivant différents aspects de l’écriture, ne se
limitant pas au côté statique, mais décrivant également la cinématique, la pression ou
l’inclinaison de l’outil scripteur par exemple. Ces caractéristiques ont l’avantage de décrire
des aspects bas niveau de l’écriture, ce qui les rendent indépendantes de son contenu.
Nous vérifions cette hypothèse en montrant que notre modèle permet la détection des
difficultés d’écriture aussi bien avec l’alphabet Latin qu’avec le Cyrillique. De la même
manière, nous montrons que notre modèle peut également être utilisé sur papier ou
directement sur tablettes numériques (e.g. iPads). Finalement, toutes ces étapes nous
ont permis de développer une nouvelle génération de tests d’écriture, basés sur iPads,
permettant d’extraire le profil multidimensionnel d’écriture de l’enfant. Ce test permet
d’extraire les forces et faiblesses particulières d’un enfant, en moins d’une minute, sur
différents aspects et à différentes granularités.

Dans la deuxième partie de cette thèse, nous nous intéressons à la remédiation des
problèmes d’écriture. En premier lieu, nous avons conçu plusieurs jeux permettant aux
enfants d’entrainer les aspects spécifiques de l’écriture identifiés comme problèmatiques
par le modèle. Nous montrons que ces activités ciblant et mobilisant des compétences
spécifiques de l’écriture (que ce soit en lien avec la pression, le tremblement, la vitesse,
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...) peuvent avoir un impact positif sur la qualité globale de l’écriture. Enfin, les deux
derniers chapitres de cette thèse abordent deux questions corollaires, liées à la remé-
diation de l’écriture en exploitant les capacités que les robots éducatifs peuvent nous
offrir. Premièrement, après avoir intégré nos activités de remédiation dans un scénario
d’intéraction entre l’enfant et un robot (appellé CoWriter), nous montrons que modifier
le comportement de ce dernier permet d’augmenter son acceptation sociale, permettant
ainsi un engagement à plus long terme de l’enfant dans la tâche d’écriture. Enfin, nous
cherchons à savoir s’il est possible de remédier à certaines difficultés d’écriture en les an-
ticipant, en aidant les enfants d’âge préscolaire à acquérir les compétences fondamentales
de coordination visuo-motrice requises lors de l’écriture.

Mots clefs: Ecriture, Apprentissage automatique, Robots pour l’apprentissage, Analyse
de l’écriture, Remediation de l’écriture.
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0 Thesis Organization

This thesis is organized into four main parts, each of which consists of multiple chapters.

In Part One is written the Context and Introduction of this thesis.

In Part Two, we introduce the work conducted towards the analysis of handwriting
difficulties on digital tablets.

In Part Three, we present the tools designed to re-mediate handwriting difficulties. In
particular, we present how the capabilities of robots can be exploited in order to enhance
handwriting remediations under specific contexts.

In Part Four, we draw the synthesis of this thesis, giving insights on the main contribu-
tions, the limitations as well as insights on the future direction one wanting to continue
this work should take.
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Part IIntroduction
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1 Context

Up to now, educational robots were used in the learning of a an extensive variety of
disciplines. However, the most common of these areas are undoubtedly programming,
robotic engineering and other closely related subjects. An abundance of works including
robots for learning in this discipline have been conducted over the years in formal
education but also informal scenarios such as workshops, competitions and at-home
learning beginning from pre-kindergarden [7, 8], kindergarden [7, 9, 10, 11], elementary
school [9, 12, 13, 14, 15], high school to the university [16, 17, 18, 19].

Social robots can be used in education and take the role of tutors or peer learners. Within
the application they were used, they have been mainly used to enhance the interaction
between the child and the robot in order to achieve outcomes similar to those of human
tutoring on restricted tasks. For instance, we can cite examples where Nao or Pepper
were used as teaching agents to transmit high level concepts such as the ability to read
or speak another language [20, 21].

Within the Cowriter project, the vision is a bit different with a will to take advantage
of the physical capabilities of a humanoid robot to teach a physical skill. This project
focuses on the skill of handwriting, one of the most difficult physical skills one should
acquire during his/her life. Concretely, the rationale behind this project is to use a
humanoid robot (NAO) in the role of a learner: the robot will write on a tablet a word
with a bad handwriting and will seek the help of the child to progress (see Figure 1.1).
The approach used is based on the learning by teaching paradigm: children become the
teachers of an humanoid robot requiring help to better write. This approach results into
several benefits: it boosts the children’ self-esteem (which is especially important for
children with handwriting difficulties as we will see in Chapter 2). It also gets them to
practice handwriting without even noticing, and engage them into a particular interaction
with the robot called the Protégé effect. Because they unconsciously feel that they are
somehow responsible if the robot does not succeed in improving its writing skills, they
commit to the interaction, and make particular efforts to figure out what is difficult for
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Chapter 1. Context

Figure 1.1: The robot is used within the CoWriter project where the robot is learning
from a child the ability to write.

the robot, thus developing their meta-cognitive skills and reflecting on their own errors.
We can see in Figure 1.2 a summary of the different cognitive and affective processes
involved within the Cowriter setup.

However and as we will see in the next Chapter of this thesis, handwriting is a very
complex skill to be learned with very different sub-skills and cognitive processes involved.
The CoWriter project, if exploiting very interesting capabilities of the humanoid robot
to enhance the interaction between the child and the robot, clearly present potential for
improvement, especially in the understanding of the child’s handwriting problems as well
as in the diversity of the remediation activities proposed. For example, in the current
activity, the word that the robot will write and thus that the child will train is chosen
by a human. Under this context how can we be sure that this word is the best suited
for the child’s problems? How can we be sure that the best for a child, failing at school
and avoiding all handwriting activities, is to write? That no other activities wouldn’t be
more suited for his/her particular problems?

It is under this context that this thesis is born. One of the goals, being described in the
second Part of this thesis, is to have a wider understanding of the child’s handwriting, to
be able to extract his/her strengths and weaknesses in different aspects of handwriting.
The second objective, described in the third Part, is to build an adaptive system for
the remediation of handwriting difficulties, comprising different activities (including the
CoWriter one), each of them focusing on a specific aspect of handwriting and chosen in
function of the analysis done beforehand.
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Figure 1.2: Cognitive and affective processes involved in the Cowriter setup.
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2 Handwriting

Writing: the making of History

"Writing is the painting of the voice"

-Voltaire

Writing is such a central aspect in our History that its invention marks its beginning.
It started more than 6000 years ago, when, for the first time, simple pictographs were
drawn in a rock: it was the end of pre-history and the very beginning of our History.

Little is known about the civilizations that lived before the invention of handwriting for
the very reason that all the information from these ancestral times couldn’t be recorded.
More than a way of communication or expression, writing is a means of memorization and
transmission: an externalization of information from the humans’ brains to an external
support. The invention of writing brought consequences so deep and diverse to not be
fully understood yet, from the invention of money to the creation of commercial routes,
from the first written laws to new ways of transmission of information leading to a
profound reshape of the links and exchanges between individuals.

A profound mutation happened during a major event of Renaissance with the invention
of printing with Gutenberg and its famous first printed bible. The invention of printing
submerges modern countries with millions of books that will change deeply the society
and, in particular, education with the way information are transmitted. For the first
time in history, the totality of information was available in the nearest library, paving the
way to major changes and discoveries. This revolution also leads to an externalization
of human memory, from our head to the printed pages of books: the time printing first
spreads marks the first appearance of an artificial memory. Under this context, one of our
cognitive capacity, the faculty to memorize information, got considerably reduced, since
the necessity of this faculty was drastically reduced. It is precisely this intuition about
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the invention of printing that led the French philosopher Montaigne to say "Better have
the head well done than a head well filled". Paradoxically, it is the printing revolution
that strengthened the importance of the skill of handwriting, since transcribing the
information received on an external support became a necessity to avoid loosing it due
to our vanished memory.

Finally, a new revolution is happening some century later and is still occurring now
with the entry in the digital era. Our society is getting affected at least as much as
in the two first revolutions (invention of writing and printing). Education, with the
apparition of new powerful tools bringing a new externalization of our memory, this time
not in books and libraries, but inside our own pockets with smart-phones and tablets, is
and will be deeply affected: it is not only how things are taught but more importantly
what needs to be taught that will have to be re-thought. Under this context, how will
handwriting be affected ? On the one hand, appearing more useful than ever in order to
record the increasingly faster-vanishing information escaping our deficient memory, on
the other hand, risking to be replaced by other means of externalization (taking notes
on a computer or a tablet): what will be its fare in the era of digitalization? More and
more people are swapping their pen and paper to computer or tablets on their everyday
life. For example, a recent British survey related that one in three respondents had not
written anything by hand in the previous six months [22]. Some countries even started
to banish cursive handwriting from school, as in the case of Finland, one of the first
countries to replace cursive handwriting classes in favor of keyboard skills [23]. In the
United States the same trend can be noticed since cursive handwriting has also been
dropped from the Common Core Curriculum Standards. As a consequence, forty three
states no longer require the teaching of cursive handwriting in public schools.

If the importance of handwriting for adults in their everyday life is undeniably decreasing,
it would be too premature to make the same observation for school children. Indeed,
different researches show the importance of handwriting for the child’s development
in other skills including reading, memorization or understanding for instance. In [24],
James et al. compare the effect of handwriting and typing on a keyboard on the brain
of pre-school children. They noticed that brain activation during letter perception is
influenced in a different and important way by previous handwriting of letters or previous
typing or tracing of those same letters, suggesting that handwriting is important for the
early development of brain regions known to underlie successful reading. In [25], Mueller
et al. showed that students who took notes on laptop performed worse on conceptual
questions than students who took notes longhand (handwriting). The authors suggest
that when the notes are taken on a laptop, users tend to transcribe lectures verbatim
rather than processing information and re-framing it in their own words, for example
when the notes are taken longhand, which contributes to memorizing and understanding.

In any case, handwriting currently remains an essential skill to be acquired during
childhood education since it is the basis of core educational activities such as taking notes,
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2.2. Handwriting Acquisition

story composition or self expression for example [26, 27, 28]. Several studies show the link
between good handwriting skills and success in school education [29, 30]. Indeed, with
the increasing cognitive demand for school work throughout their curriculum, children
facing handwriting difficulties rapidly become unable to face simultaneous efforts such as
handwriting, grammar, orthography, and composition. These students may then rapidly
face more general learning difficulties and even experience situations of failure [29, 30].

Handwriting Acquisition

Learning the ability to write can be seen as one of the most important skills a young child
acquires in the early school years. Handwriting is a complex task involving cognitive,
perceptual, attentional, linguistic, and fine motor skills [31, 29, 32]. That is why, even
in the case of normally developing children, learning handwriting spans a long period,
between the ages of 5 (preschool) and 15 [33, 34, 35, 36, 37, 38].

Formal acquisition of handwriting initially begins at pre-school where children starts to
draw basic shapes on substrates. According to Kellogg et al. [39], common elements
can be found in the early scribblings of young children. These common elements which
she called Basic Scribbles consists of various lines with different orientations, circular
movements, zigzags and other similar movements and are found to be central elements
in handwriting. Therefore, it is likely that the ability learned at young age to form
these basic shapes can be transfered to the more precise and systematic way to form
letters at the time handwriting is initially taught [39]. Other researches have supported
the notion that children learn graphic elements through drawing [40, 41, 42] which
appears particularly intuitive given the similarities between these two systems in terms
of fine motor hand movements. Regardless of the differences that might exist between
handwriting and drawing [43], many studies support the fact that children will often mix
handwriting and drawing during their young age. As shown by Adi-Japha et al. [44], the
specificity of writing over drawing only emerges after six years of age, probably because
of the increase of writing practice. Children generally adopt the same motor rules as the
ones they use to produce the standard geometrical forms [45] that are taught in the very
early stage of school education while drawing. This is one of the reasons why several
research studies define handwriting readiness on the basis of the child’s ability to copy
several standard geometric forms [46, 47].

Another important aspect of handwriting that starts at preschool is the acquisition
of the visual perceptions of letters, called the grapheme. Children should acquire the
visual perception of letters that will allow them to discriminate between the grapheme
of different letters [48, 49]. In order to have a complete representation of the letter,
children should also acquire visual-motor coordination skills to produce the dynamics
of the letter, also called the ductus [50] which represents the "ability to integrate the
visual images of letters or shapes with the appropriate motor response" [51, 52, 53]. To
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teach these concepts, it is shown that using different sensory informations ranging from
audio, visual to kinesthetic feedback may be important [50, 54, 55, 56]. It is for this
reason that teachers commonly use various techniques where children can experience
these different sensory informations such as drawing letters in sand, feeling the grapheme
of letters craved in a piece of wood, describing verbally the letters or building the letter
with play-dough [57, 27] as illustrated in Figure 2.1.

Figure 2.1: Example of techniques used to teach visual perception and visual-motor
coordination of letters. Left: the letters are formed using play-dough. Right: the child
draws the letter in a sandbox.

Formal handwriting with pen and paper substrates starts around the age of 5.5 years
old. It then takes a number of years for children to acquire an automated handwriting
as it involves multiple skills such as the ones described above, but also fine motor skills
(important for a rapid and effective manipulation of the pen) as well as several high
level cognitive elements associated with language production [58]. During these years,
handwriting initially evolves on a qualitative level, especially during the first ages of
development (between first grade and fifth grade), and reaches its peak in grade 6
[59, 60, 61, 62]. Handwriting then mainly evolves on a quantitative level (handwriting
speed mainly evolve starting from grade 4) [36, 63]. It is interesting to notice a gender
effect in handwriting acquisition with girls presenting slightly higher handwriting quality
and speed compared to their male peers, although no effect of handedness has been
reported so far.

Handwriting Difficulties

Consequences of Poor Handwriting

As school children progress through their curriculum, the cognitive demand associated
with the work requested increases. In that context, children facing handwriting difficulties
quickly become unable to face simultaneous efforts such as handwriting, orthography,
grammar or composition. These students may then rapidly face more general learning
difficulties and sometimes face situations of failure [29, 30]. As an example of handwriting
difficulties leading to more general difficulties, we can cite the the process of composition:
while composing, the writer will concentrate his efforts on the process of handwriting
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2.3. Handwriting Difficulties

itself (such as how to form a particular letter) which will lead to less space in working
memory being available for the core task leading him to forget the ideas to express in
the composition [64, 65].

In addition, the proper development of handwriting is not only an essential criterion for
school success but may also has critical consequences on the behavioral development
of children. Poor handwriting skills may affect the way children are perceived by their
teachers and peers. A few studies show that handwriting can often be used to judge
children in schools: despite similar content, students with poor handwriting will be
assigned lower grades compared to those with legible handwriting [66, 67]. As illustrated
by Feder et al. [68], "handwriting performance has a widespread effect on the child’s
own image, academic achievement, attitude and behavior". Under these conditions,
handwriting difficulties usually generate avoidance of written tasks, and may eventually
result in increased anxiety and low self-esteem, which in turns leads children to avoid
training opportunities and ultimately bring school refusal. Children may thus often be
trapped in a vicious circle such as the one presented in Figure 2.2.

poor writing 
skills 

adult negative 
feedback 

anxiety 
self-esteem 

avoidance of 
handwriting 

lack of handwriting 
opportunities 

Figure 2.2: Psychopathological model of handwriting difficulties. A vicious circle can
appear due to anxiety and lack of practice that can worsen handwriting. Adapted from
[1].

Even with proper training, up to one-third of children never truly master the skill
of handwriting [61, 69]. When these difficulties are severe, we speak of dysgraphia.
According to the definition proposed by Hamstra-Bletz and Blöte [4], dysgraphia is a
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disturbance in the production of written language, related to the mechanics of writing.
The causes of dysgraphia are quite heterogeneous, depending on both biological factors
(e.g. motor development, type of motor deficits related to developmental coordination
disorder, potential comorbidities with dyslexia, attention-deficit hyperactivity disorder)
and social (e.g. writing habits, relationship with parents) factors. Dysgraphia is far from
being singular since nearly 8.6% of the population in France is considered dysgraphic
[61]. Early detection of handwriting difficulties and especially dysgraphia has been shown
to facilitate effective treatment [29]. For this reason, many tests allowing to detect
handwriting difficulties have been developed in different languages and alphabets [70, 3].

Current Tests to Detect Handwriting Difficulties

Assessing handwriting difficulties is not a new challenge. The first methods invented
to assess the legibility or readability of handwriting were born at the beginning of the
twentieth century. The very first scaling method was developed by Thorndike [71] in 1910.
His contribution was seen of great important ”not only to the experimental pedagogy
but to the entire movement for the scientific study of education” [2]. Thorndike himself
compared his invention to the thermometer: ”Just as it was impossible to measure
temperature beyond the very hot, hot, warm, cold, etc., of subjective opinion, so it had
been impossible to estimate the quality of handwriting except by such vague standards
as one’s personal opinion that given samples were very bad, bad, very good, etc.” [2].

Until now, we can find two approaches to evaluate handwriting. The first is a global
holistic method that evaluates the handwriting quality as a whole, while the second
measures it according to several predefined criteria [72].

The global holistic approach analyses the handwriting by comparing the sample with
other examples sorted depending on the quality. The scale developed by Ayres [2] is a
typical example of such an approach: his method gives the possibility to teachers to grade
handwriting by comparing the sample with eight handwriting references of increasing
quality as can be seen in Figure 2.3. If several updated scales tried to decrease the level of
subjectivity associated with this approach [73, 74, 75], the assessment of the handwriting
quality skill relies on subjective judgment by the teachers.

The second approach analyses handwriting according to several predefined criteria (e.g.,
size of letters, spacing between words, linestraightness). The evaluation is then made
by individually grading these criteria and summing the sub-scores. A large amount of
tests developed in the past 40 years are using this approach. Among the most used ones,
we can cite the Evaluation Tool of Children Handwriting (ETCH-C) [76] for the Latin
alphabet or the Hebrew Handwriting Evaluation (HHE) for the Hebrew alphabet [77].
The most commonly used test in French speaking countries is the concise Evaluation
Scale for Children Handwriting (BHK) test [61]. This test was initially developed in
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Figure 2.3: Handwriting samples of different quality in the scale developed by Ayres in
[2]

the Netherlands [60], and then adapted to other languages including French [61]. This
test consists of copying a text beginning with simple monosyllabic words and evolving
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 generate a quality score as can be seen in Figure 2.4. The final diagnosis of the child
handwriting depends on this quality score but also on the child’s gender and age. A
summary of different tests used to detect handwriting difficulties can be found in Table
2.1.

As shown in Table 2.1, these tests are heterogeneous as they were specifically designed to
analyse the handwriting quality for a specific alphabet or age range. In addition, these
tests are based on handwriting from different writing tasks (as illustrated in the core task
column in Table 2.1), which might imply high variability in the results. Finally, most of
the tests bases the analysis on the final handwriting product and do not take into account
the handwritten production. Only the final, static product of handwriting is used for
analysis, disregarding the handwriting dynamic, tilt, and, in most cases, pressure.

The rapid emergence of digital tablets in the last decade allowed to partially tackle some
of these problems. The handwriting analysis not only based on the final product of
handwriting (the static image), but also on its dynamics is now possible. Only a few
techniques, have then been proposed to classify the handwriting legibility, including the
dynamics of the process, opening new perspectives in the analysis of dysgraphia. For
instance, Pagliarini et al. [82] collected handwriting samples on digital tablets and used
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Figure 2.4: Psychopathological model of handwriting difficulties. Vicious circle can
appear due to anxiety and lack of practice that can worsen handwriting. Adapted from
[1]

quantitative methods to find patterns showing potential future writing impairments at a
very early age. In [70], Mekyska et al. collected data of 54 third-grade Israeli children
and used the 10-item questionnaire for Hebrew handwriting proficiency (HPSQ) as a
ground truth. They then trained a Random Forest model to classify dysgraphic from non
dysgraphic children. Despite the low number of subjects involved in their study, they
managed to reach a remarkable accuracy showing the potential of such an approach. In
[83], Rosenblum et al. performed a similar work by developing a method for automatic
identification and characterization of dysgraphia. They trained machine learning models
which are capable of discriminating dysgraphic products from proficient products with
approximately 90% accuracy. It has to be noticed that none of the described solutions
can be found as a commercialized product.

Handwriting Pedagogy

One of the main objectives for primary school teachers is to help children develop a
"good" handwriting characterized by legibility and style. In the same time, training in
handwriting must also aim at producing good writing with useful speed.

One of the first steps to ensure the development of good writing skills for children is to
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Ajuriaguerra [4] 6-12 2 5 Latin French 37 7 3* 7 3 3 WT1
BHK [78] 6-12 5 10 Latin Multi-language 13 7 7 7 3 7 WT2
BHK-teenager [79] 12-18 5 10 Latin Multi-language 9 7 7 7 3 7 WT2
DASH [80] 9-16 20 10 Latin English 5 7 7 7 3 7 WT3
HHE [81] 6-18 5 0 Hebrew Hebrew 10 7 7 7 7 7 WT4

Table 2.1: Summary of different tests used to diagnose dysgraphia. WT1: Copy a
sentence several times, request of quality and speed, WT2: Copy a long text for 5 min,
WT3: Copy a sentence several times, alphabet, geometric figures and composition, WT4:
Copy a text containing all letters. *some pressure aspects of handwriting are assessed
thanks to carbon paper.
Ajuriaguerra scale (E scale): is a well spread test evaluating the quality of the writing
depending on speed and precision. It has a special focus on the posture and style of pen
grasping of the child.
Concise Evaluation Scale for Children’s Handwriting (BHK): is the reference
test to diagnose dysgraphia for the Latin alphabet language [4, 5, 6].
BHK for teenagers: has also been created using the same principles.
Detailed Assessment of Speed of Handwriting (DASH test): evaluates the qual-
ity and the speed of the writing in different conditions (quality, speed, writing with a
free topic of the child choice).
Hebrew Handwriting Evaluation (HHE): that examines Hebrew handwriting prod-
ucts and assess the legibility through both global and analytic measures.

provide them formal instructions [84]. A common belief is that systematic instruction
is essential for proper handwriting development especially for children who do not
write instinctively [85]. Indeed, the authors showed that a lack of formal handwriting
instructions may be problematic, especially for children already having underdeveloped
foundation skills.

However and despite the well known importance of handwriting in children later achieve-
ments, little is known concerning the approaches used by teachers and therapists to teach
handwriting. A survey by Graham et al. in 2007 [86] reviewed the teaching practice
about handwriting in the United States of America. The results showed that 90% of
school teachers are teaching handwriting during their lessons. In average, school teachers
spend 70 minutes teaching handwriting during a typical week. However, the considerable
variability of handwriting practice (Std. = 55 minutes) across the different schools shows
that no conformity seems to exist in the way handwriting is taught. This variability
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Chapter 2. Handwriting

was found again in the frequency of the teaching sessions within a week, in the way
teachers are providing these lessons (in an individual, group or class level) as well as in
the teaching methods used.

When children demonstrate severe handwriting difficulties and when school remediation do
not result in enough advancement, teachers often refer children to occupational therapists
[87, 88]. The occupational therapist’s unique role is to analyze handwriting difficulties
in terms of underlying deficits in postural, motor, sensory integrative, sensorimotor,
perceptual or behavioural factors which may be interfering with legible handwriting
performance [89, 90]. A survey by Feder et al. [68] across Canada showed that once
again no consensus seems to exist since therapists tend to use their own methods for
the treatment. A variety of approaches ranging from motor learning, perceptual-motor,
sensory integrative and cognitive-behavioral techniques can be used for the remediation,
with no consensus on what is the most effective treatment strategy [91].

Under this context, it appears that teaching the skill of handwriting can be extremely
complicated due to the many sub-skills involved in the learning process and the number
of different remediation activities possible. The emergence of digital tablets appears
to be a credible solution in the analysis of handwriting difficulties, but also in the way
handwriting problems can be intermediated.
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As expressed in its title, this thesis aims at proposing a new method to detect and
remediate handwriting difficulties. Before being able to decipher on the adequate
remediation (as developed in Part Three) for any given child, it is important to develop
a solid understanding of what aspects children present handwriting problems on. The
Second Part of this thesis proposes a new approach to detect and analyze handwriting
problems based on features describing handwriting on different multidimensional aspects.
In particular, our analysis is conducted on a tablet based test allowing to extract
the dynamics of handwriting, making hidden but very relevant information emerge
as shown in Chapter 3 of this thesis. The method allowing handwriting analysis is
then described in Chapter 4. A key characteristic of the proposed method is that it
analyses handwriting based on low level features capturing almost physiological aspects
of handwriting, independent of the writing content. In Chapter 5, we show how our
method can be transfered to other alphabets (from Latin to Cyrillic), paving the way for
a cross-lingual model for the detection of handwriting difficulties.
The results shown in Chapter 4 rely on data collected using a Wacom tablet on top
of which a sheet of paper was attached. This setup is quite limiting since the device
is expensive and needs to be connected to a laptop. A test directly running on iPads
(considerably cheaper and more widespread than Wacom tablets) would have a potentially
much greater impact on the society. To this end, in Chapter 6, we demonstrate that our
method retains its accuracy, given proper retraining of the machine learning models, also
when applied on handwriting directly performed on a tablet.
Finally, the last chapter of this Part presents the iPad based test developed to extract
the multidimensional handwriting profile of the child. In particular, the developed test
allows to extract the specific weaknesses of children in a couple of seconds, on different
aspects and at different granularities, and serves as a basis for the recommendation
system aiming to propose a handwriting remediation tailored to the specific handwriting
profile of the child that is discussed in the Part three of this thesis.
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3 Handwriting is Dynamic

Introduction

As extensively shown in the Introduction of this thesis, the tests currently adopted
to detect handwriting problems are, for the majority of them, pen and paper based
tests. In that sense, the handwriting analysis is limited to the final static image of the
child’s handwriting. Some very informative handwriting aspects, such as the handwriting
dynamics is therefore not used in the analysis of handwriting problems.

In this Chapter, we investigate the importance of the handwriting dynamics towards
the detection of handwriting problems. To that end, we compared the efficiency of
two models. The first one: a Recurrent Neural Network (RNN), works with sequential
data and is therefore able to exploit the handwriting dynamic, while the second one, a
Convolutional Neural Network (CNN), takes static images as input, and is thus restricted
to a static analysis of handwriting.

This work corresponds to the following publication/patent:
K. Żołna, T. Asselborn, C. Jolly, L. Casteran, M. N’Guyen-Morel, W. Johal and
P Dillenboug, "The Dynamics of Handwriting Improves the Automated Diagnosis of
Dysgraphia", arXiv preprint, 2019 [92].

K. Żołna, T. Asselborn and W. Johal, "Method of Handwriting Character Recog-
nition Confirmation", International Patent App. WO2019/101338.
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Method

Participants

The present study was conducted in accordance with the Declaration of Helsinki and
was approved by the University ethics committee (agreement nb 2016-01-05-79). It was
conducted with the understanding and written consent of each child’s parents, the oral
consent of each child and in accordance with the ethics convention between the academic
organisation (LPNC-CNRS) and educational organisations. A total of 971 TD (Typically
Developing) children were recruited in 14 schools from various Grenoble suburbs to
ensure different socio-economic environments (TD dataset). 43 classes were included from
pre-school to fifth-grade. None of the TD children included in the study presented known
learning problems or neuromotor disorders. Twenty-four dysgraphic children recruited
at the Learning Disorders Center of Grenoble hospital (Centre Référent des Troubles
du Langage et des Apprentissages, CHU Grenoble) were also included in the study (D
dataset) and were all diagnosed as dysgraphic based on their BHK scores.

Data Collection

Children were asked to write cursively, without a time limit, the 26 letters of the alphabet,
as well as 10 digits, randomly dictated. Two procedures following different dictations
were performed, the first in the middle of the school year (January-February) and the
second at the end of the school year (May-June). We checked that the dictation order did
not affect children performances. Dictations were performed on a sheet of paper placed
on a Wacom Intuos 4 A5 USB graphic tablet (sampling frequency = 200 Hz; spatial
resolution = 0.25 mm). The sheet of paper was used to place the children in their usual
handwriting conditions as asking them to write directly on the tactile surface might be
different due to the different friction coefficient [93]. All tracks were monitored using the
Scribble software developed in the LPNC laboratory [94, 95].

Handwriting Analysis and Identification of Dysgraphia

Scarcity of annotated data

Children are taught handwriting in a standardised way from the beginning of their school
education. As a result, the vast majority of the recorded glyphs corresponds to the
standard of what was taught in school (resulting in an over-representation of "good"
examples). In other words, the class of glyphs that we are particularly interested in
("bad" examples) are underrepresented.

Since there are only a few ways to write a letter correctly and many ways to do it
incorrectly, we have a significant variety of instances that belong to the underrepresented
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class (illegible glyphs), as compared to the relatively small variance in the overrepresented
class.

For these reasons, the discrimination between children with and without dysgraphia
appears to be challenging. We argue that using a black box to solve this problem would
require a considerable amount of data, which, in practice, we find unfeasible to collect.
We are thus left to work in a regime of underrepresented positive cases (bad handwriting),
meaning that a more sophisticated solution needs to be developed. The solution we
propose is inspired by the principle of transfer learning.

Transfer learning

Transfer learning is an approach where a new task is solved through the transfer of
knowledge from a related proxy problem that is simpler to solve [96].

In the case of handwriting, a small number of shapes is defined to be letters or digits,
and people are trained to write and read these shapes. The glyphs written by dysgraphic
children tend to be harder to decode as they are not written conventionally. This is why
we believe that the problem of identifying dysgraphic children may be solved by using an
approach that mimics humans. Concretely, we decided to tackle the problem by first
training a recognising model to classify glyphs and then use its prediction to discriminate
dysgraphic children. The underlying rationale is that if the model fails to predict which
glyph is the given one, then the writer has a higher probability to be dysgraphic. In other
words, the recognizing model addresses the simpler problem of assessing the legibility
of any given glyph. It is important to notice that this approach is plausible only if the
recognising model performs well when presented with legible glyphs. In other words, the
diagnosing model based on a poorly performing recognising model would wrongly label
all children as dysgraphic. Hence, a crucial requirement of our approach is to make sure
that the recognising model performs well enough when glyphs written by non-dysgraphic
children are provided as the input.

In synthesis, since we are in the regime of scarcity of annotated data for dysgraphic
children, we decided to use a straightforward diagnosing model (taking an average of
given predictions) built on top of an advanced recognizing model (that may leverage the
massive data we have for non-dysgraphic children).

Assessing glyphs’ legibility

We divided our data into three disjoint sets:

• Training set: 80% of TD dataset.

• Validation set: 20% of TD dataset.

23



Chapter 3. Handwriting is Dynamic

• Dysgraphic set: all the glyphs written by dysgraphic children (D dataset).

Hence, the recognizing model is trained on examples which are believed to be more
legible, since they have been produced by children not diagnosed as dysgraphic.

The model’s input consists of a single glyph. There is a class for every glyph (36 classes).
Depending on the model used, the input may be the trajectory followed by the child’s pen
to produce the glyph (point-by-point for the RNN case) or the static image corresponding
to the glyph (final, visual results for the CNN). This means that the recognizing model
treats the problem as a multi-class classification balanced by the design of the data
collecting procedure (each child has to write down all 36 glyphs).

In real-life applications, a child would be asked to write down a given glyph (i.e., the
ground truth for the glyph is always known) and, even if the ground truth is known, we
let the recognizing model predicts the glyph’s label. Afterwards, the discrepancy between
the ground truth and the model’s prediction is measured.

Assuming that the model discriminates the glyphs properly with high accuracy, a high
discrepancy means that glyphs are not legible and the child is likely to be dysgraphic.
The glyph-level scores are averaged over all 36 glyphs written by the child, and this
value is understood as a statistic for evaluating writing proficiency, which we call the
D statistic (dysgraphic statistic). Concretely, the more similar the glyphs are to their
ground truth classes, the higher the D statistic of the child is, and therefore the higher
are the chances that he/she is not dysgraphic. Taking an unweighted average is a simple,
arbitrary choice and more sophisticated methods may be invented.

Final dysgraphic prediction

The lower the value of D statistic, the more likely the child is dysgraphic. However, to
solve our main problem, we still have to answer the following question:

Given a value of D statistic, is the writer dysgraphic or not?

In other words, we have to find the threshold (the critical value) of D statistic that
divides the children into two groups (dysgraphic and non-dysgraphic children). In the
original BHK test, children are considered dysgraphic if they obtain a score beyond two
standard deviations from the normative group. In practice and according to the statistics
in French speaking countries, it was found that 8.6% of the population is dysgraphic [97].
We therefore, decided to use the same approach to compute the threshold such that
the 8.6% of all children, i.e. those who obtained the lowest values of D statistic, would
be considered as dysgraphic by our diagnosing model. Of course, this threshold value
depends on the recognising model. The main property of this approach for fixing the
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threshold is that, on average, 8.6% of children are labelled dysgraphic by our test,
precisely like the original BHK test.

Discrimination procedure

To summarise, the discrimination procedure for a given child consists of the following
steps, as can be seen in Figure 3.1:

1. The child is asked to write down one by one the 36 glyphs on the given digital
tablet.

2. The recognising model, which is trained to recognize glyphs, is executed on all
glyphs and a single value (the probability that the drawn glyph is the one requested)
for each input glyph is obtained. A higher value represents a greater legibility of
the glyph.

3. All 36 scores are averaged giving the D statistic.

4. The value of the D statistic describes the child’s handwriting proficiency. It is
then compared with a threshold calculated in such a way that, on average, 8.6%
of children score are below. A child with a score below this threshold is labelled
dysgraphic.

Figure 3.1: Pipeline of our method to diagnose dysgraphia using models assessing legibility
of a given glyph. The Figure on top of the module Guess the class corresponds to Figure
3.5. Additional information are provided in its caption.
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Results

In this section we address the following question:

Do 8.6% of all children suspected by our prototype represent the group of children truly
diagnosed as dysgraphic by the original BHK test?

We show in this section that our model provides very promising results, especially when
it uses the dynamics of handwriting as input.

Convolutional Neural Network

In this section, we present the results obtained using a Convolutional Neural Network, a
category of neural network shown to be very effective in tasks, such as image recognition
and classification. Such a network works only with static 2D data, so, contrary to the
Recurrent Neural Network, the dynamics of handwriting (i.e., the timeframe) cannot be
taken into account. Only the final trace is used by the model to predict the label of the
data.

A k-fold cross-validation [98] (with k = 5) over the TD dataset produced the graph
presented in Figure 3.2.

In this Figure, the x-axis denotes quantiles and the y-axis includes k-averaged D statistic
values. By design, 8.6% of validation results are below the threshold, which separates
the children into dysgraphic and non-dysgraphic groups. This means that in the case of
perfect performance of the recognizing model, all dysgraphic children should score below
the threshold. It can be seen that even if the score of dysgraphic children is significantly
lower than the one of TD children (which does not guarantee all these children are
non-dysgraphic), we failed to obtain a clear separation of dysgraphic and non dysgraphic
children: only 25% of the dysgraphic are below the threshold line suggesting that the
model can successfully identify approximately a quarter of the dysgraphic children.

Recurrent Neural Network

We present the results obtained using a Recurrent Neural Networks which utilises as
input the sequence of points produced by the child to draw the glyph to take into account
the dynamics of writing. We argue that this temporal information provides valuable
insights so that this model is advantageous over other methods only using static images
(including the original BHK test).

The same analysis described above for the CNN is done over the RNN, and the results
are shown in Figure 3.3.
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Figure 3.2: Quantile function of D statistic on validation and dysgraphic sets for the
CNN recognizing model. The computed threshold is drawn as a blue line, and each point
represents the D statistic for one child (averaged over all folds, the error bar represents
the standard deviation). By design, 8.6% of the validation results are below the threshold,
which divides the children into dysgraphic (blue points) and non-dysgraphic (red points)
groups such that, in the perfect case, all dysgraphic children should score below the
threshold. As the Figure shows, the CNN model is not very efficient as less than 30% of
dysgraphic children are correctly diagnosed.

We can see that only two dysgraphic children obtain a D statistic score which is not
below the threshold, and hence more than 90% of dysgraphic children are correctly
diagnosed. This means that even in this simplistic form (that analyses only single glyphs),
the proposed diagnostic method achieves performances very close to the original BHK
test. This result is impressive as even without any further research, we can prepare
a model capable of identifying more than 90% of all dysgraphic children, without the
need for the laborious review of an human expert. Additionally, this digital approach
for labeling children is not burdened by possible subjectivity and biases introduced by
human examiners. Hence, this work is a milestone in achieving our long-term mission of
creating a digital test assessing handwriting difficulties.

This finding suggests the superiority of the RNN over the CNN for this task (25% of
children correctly labelled for the CNN, against more than 90% in the case of the RNN).
We believe that this difference in accuracy is due to the incorporation of the movement’s
dynamics in the RNN input. This hypothesis will be explored in the next section.
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Figure 3.3: Quantile function of averaged D statistic on validation and dysgraphic sets for
the RNN recognizing model. The blue horizontal line represents the computed threshold.
Each point represents the D statistic for one child (averaged over all folds, the error bar
represents the standard deviation). By design, 8.6% of the validation results are below the
threshold which separates the children into dysgraphic (blue points) and non-dysgraphic
(red points) groups. In the case of perfect accuracy, all dysgraphic children should score
below the threshold. As the Figure shows, the RNN model seems way more efficient than
the CNN since more than 90% of dysgraphic children are correctly diagnosed.

Handwriting Dynamics Reduce Confusion Between Visually Similar
Glyphs

Some glyphs might look very similar when we only have access to the final trace. This is,
for example, the case between the letters ’e’ and ’l’ or between the letter ’g’ and the digit
’9’. Thus, we hypothesize that the final trace is sometimes not enough to discriminate
between these classes, and, as a consequence, that the dynamic of handwriting gain even
bigger importance in such cases. For those glyphs whose final traces look similar, we
except the CNN to make inaccurate classifications, while the RNN would yield better
results due to its access to the movement dynamics. We believe that this is one of the
reasons explaining the superiority of the RNN model over CNN. Figure 3.4 plots the
confusion rates between items in the six most similar pairs of glyphs (representing the
pairs of glyphs with the greatest confusion) for the CNN and RNN models. If we can see
only six pairs of glyphs in Figure 3.4, it is because four are the same for both models.
The confusion for a pair of glyph A-B is the number of misclassification (B instead of
A or A instead of B) over the entire set of As and Bs. Please notice that the number
of misclassification of A in B over all As and the number of misclassification of B in A
over all Bs are different. However, as those values were similar in our case, we decided to
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use their average to obtain the final misclassification values plotted in Figure 3.4. For
example, the confusion of 16% for the CNN model seen between the letters ’e’ and ’l’
means that a misclassification of ’e’ as ’l’, or of ’l’ as ’e’ occurs in approximately 16% of
the cases.
This graph appears to support our hypothesis as we can see that the RNN generates
fewer confusions between the glyphs that looks visually similar, probably due to its access
to the handwriting dynamics. Concerning all other pairs of glyphs, that do not look
visually similar, the confusion rates of the two models are essentially the same and close
to 0%.

Figure 3.4: Confusion rates for the six most similar pairs of glyphs for the RNN and
CNN models.

Additional class

We noticed that it is beneficial to add an extra class to the training set, which we call
the star or, simply, the ’*’ class. This class consists of random hybrids of real glyphs
obtained by combining two or three drawings to create a non-existing glyph, such that
the beginning part of the first glyph trajectory is associated to the middle part of the
second one, for example.

This data augmentation makes our model suspicious about glyphs that look strange and
labels them as ’*’. In other words, our model cannot assume that the analysed object is
a glyph. We believe this strategy can help in situations when a dysgraphic child would
perform poorly on a glyph but still makes a good guess since the mistake is easy to figure
out. Examples include triple ’w’ or a letter ’i’ with additional dots.

As can be seen in Figure 3.5, employing the dynamics in the model not only improves
the predictive power but also makes the model more interpretable.

29



Chapter 3. Handwriting is Dynamic

Figure 3.5: An example of glyph ’w’ (top) and associated sequence of RNN label
predictions (bottom). In the beginning, the most probable label is the star class, since
existing glyphs are always longer than a couple of points. Afterward, the model switches
to ’r’ because the first curve of the glyph ’w’ looks similar to the beginning of the glyph
’r’. The model further evolves to ’v’, ’u’, and finally converge to the correct answer ’w’.

Conclusion and Discussion

the proposed tablet-based test is a first step towards a system to detect handwriting
difficulties. We saw that the use of digital tablets has several advantages. With the model
presented, the detection of handwriting problems can be done online (compared to 15
minutes of correction by an expert in the case of the BHK test). The model also removes
human subjectivity, as it cannot be biased by any of the external parameters that can
influence a human. More important, digital tablets allow to explore handwriting on a
totally new aspect: its dynamics. In this study, we showed that adding the dynamics
of handwriting considerably enhanced the performance of our recognition model, and
reduced the confusion between visually similar glyphs. This is the main reason suggesting
that developing a digital approach is valuable for this field as the dynamics of the
movement is difficult to interpret with the final trace alone, or by a human, even if an
expert is observing the child while writing.

At the same time, it is important to notice that this model presents several limitations.
First, it is based on the analysis of glyphs while handwriting does not only rely on how a
glyph is written but also how they are connected to form a word, a sentence or a text.
For instance, within the 13 criteria of the BHK test analyzing handwriting, only 5 are
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related to single letters. A model allowing to extract the handwriting profile of the child
should thus take care of the handwriting as a whole and not only focus on the analysis
of letters. Second, even if the proposed model presents interesting insights on explaining
handwriting, it is still suffering from a lack of interpretability since it works as a black
box.

The next chapter presents our efforts to address the aforementioned limitations.
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4 Multidimensional Analysis of
Handwriting Difficulties

Introduction

In this Chapter, we present a method allowing the multi-dimensional detection of
handwriting difficulties requiring only a commodity tablet. To this end, we modeled
data of 298 children including 56 with dysgraphia. Children performed the Concise
Evaluation Scale for Children (BHK) test on a digital tablet covered with a sheet of
paper. In an effort towards the interpretability of the model describing handwriting from
a clinical point of view, we extracted 63 handwriting features describing various aspects
of handwriting and used the Random Forest classifier to diagnose dysgraphia

Our method achieved 94% sensibility and 98.9% specificity. Given the statistics on
intra-rater and inter-rater levels of agreement in the classical BHK test, our technique
has comparable accuracy to experts with numerous advantages including deeper analysis
and considerably reduced analysis time.

This work correspond to the following publication:
T. Asselborn, T. Gargot, L. Kidziński, W. Johal, D. Cohen, C. Jolly and P. Dillenboug,
"Automated human-level diagnosis of dysgraphia using a consumer tablet", Nature Digital
Medicine, 2018 [3].

Method

Participants

A total of 242 Typically Developing (TD) children were recruited in 14 primary schools
from various suburbs of Grenoble (FRA) to ensure differing socio-economic environments
(TD dataset). Children from the first to fifth grade were recruited from 43 classes.
None of the TD children included in the study presented known learning disabilities or
neuro-motor disorders.
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Dataset Grade 1 Grade 2 Grade 3 Grade 4 Grade 5

Age SD in years TD 6.77 0.29 7.80 0.30 8.75 0.27 9.85 0.35 10.90 0.38
D 6.83 0.10 7.92 0.67 8.97 0.53 10.08 0.67 10.98 0.61

Males/Females TD 23/26 22/29 21/20 22/26 28/25
D 2/0 14/6 9/3 14/1 7/0

Right/Left handed TD 41/8 48/3 38/3 41/7 46/7
D 2/0 16/4 11/1 13/2 7/0

Table 4.1: Summary statistics of the participants involved in this study.

The study also includes 56 dysgraphic children (D dataset) recruited at the Learning
Disorders Clinic of Grenoble Hospital (Centre Referent des Troubles du Langage et des
Apprentissages, Centre-Hospitalier—Universitaire Grenoble). They were all diagnosed as
dysgraphic based on their BHK scores. The scores were assigned by a single rater.

In order to analyse the combined dataset (dysgraphic and non dysgraphic children
altogether), we first needed to make sure the age distribution in the two groups was
similar. The Kolmogorov-Smirnov test showed no statistical difference (p=0.32) in terms
of ages between the two distributions (D and TD datasets). Based on this result and the
qualitative assessment of the Q-Q plot (see Figure B.1 in Appendix), we concluded that
there was no evidence of a difference between these two distributions and they could be
treated jointly in the analysis.

Table 4.1 regroups statistics about the participants of the study.

Data Collection

The 298 children (TD dataset + D dataset) involved in this study performed the BHK
test by writing on a sheet of paper fixed on a Wacom graphic tablet (sampling frequency
= 200 Hz; spatial resolution = 0.25 mm). A Wacom Intuos 4 tablet was used for the
TD set, and a Wacom Intuos 3 for the D set. Pressure data were carefully calibrated
between the two tablets to ensure homogeneity. Details about the calibration can be
found in the appendix.

Collecting handwriting parameters include: the x and y coordinates of the pen, the
pressure and the pen tilt for every time frame at a maximum sampling frequency of
200Hz, in addition to the age, gender and laterality of the writer.

The BHK tests of the dysgraphic children (D dataset) were rated by one expert (always
the same) from the hospital of Grenoble. None of the children in the TD dataset were
evaluated for dysgraphia which means that some of them might be dysgraphic as well.
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Features Engineering

To gain a deeper understanding of the relevance of dynamics of handwriting towards
dysgraphia diagnosis, and increase interpretability of our model’s results, we tried to
extract the spectrum of features that could describe handwriting on different aspects
such as static, dynamic, tilt or pressure.

The 53 hand-crafted features can be distinguished in 4 categories.

• Static features – purely geometric characteristics of a written text.

• Kinematic features – dynamics of the path of handwriting.

• Pressure features – characteristics of the pressure recorded between the pen tip
and the tablet surface.

• Tilt features – characteristics of the pen tilt.

The complete description of these features can be found in Appendix C.

Results

Performance of the Model

As described previously, our database is not balanced in terms of positive and negative
examples (242 TD children versus 56 D children), which can skew the model towards a
larger subpopulation.

In order to avoid this problem, our data were divided into two disjoint sets.

• Training set – 70% of TD dataset and 70% of D dataset.

• Testing set – 30% of TD dataset and 30% of D dataset.

Due to the unbalance between positive (dysgraphic children) and negative examples
(non-dysgraphic children) in the database, the overall accuracy might be misleading (i.e.
a model that always predicts non-dysgraphia will be ∼ 75% accurate). Following machine
learning literature, we report the F1-Score. The F1-Score is the harmonic mean of
Precision and Recall. Therefore, the score takes both false positives and false negatives
into account, making it more comparable across studies with different proportions of
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classes. The F1-score is defined as:

F1− Score = 2 ·
Precision ·Recall
Precision+Recall

where:

Recall =
TruePositive

TruePositive+ FalseNegative
Precision =

TruePositive

TruePositive+ FalsePositive

In our case, the True Positive ratio corresponds to the proportion of dysgraphic children
correctly labeled dysgraphic, while the False Negative ratio refers to the proportion of
dysgraphic children incorrectly labeled non-dysgraphic. Finally the False Positive ratio
defines the proportion of non-dysgraphic children incorrectly labeled dysgraphic.

A k-fold cross validation [98] (with k = 25) on a Random Forest classifier [99] was
performed in order to test our model.

For our model, after the 25-fold cross-validation, we obtained a F1-score of 97.50% (Std.
of 3.32%). We found this result very satisfactory given the small number of dysgraphic
recordings used for training the model. We also conjecture that a larger sample will
improve generalizability and robustness of the model.

Robustness of the Model

To validate the robustness of the test, we measured how much data per user we need to
use in order to accurately predict dysgraphia. To that end, we trained the model, using
only the first seconds of each example, while keeping the same pipeline for training a
k-fold validation (k=25). In Figure 4.1, we present the F1-Score as a function of the
number of seconds used to train the model. For example, 15 seconds means that only
the data recorded during the first 15 seconds of the recordings were used to train the
model. We can see that with an analysis window of 15 seconds, the results are already
satisfactory (F1-Score of 77.21%) but the high standard deviation (10.34%) may indicate
that the model encounter problems of generalisation. With a window of 50 seconds, the
F1-Score reaches 93.93% while the standard deviation drops to 4.6%. Afterwards, the
results improves only slightly.

We believe that this result indicates the robustness of the proposed features. Indeed,
even with the noise generated by the restricted duration (for example 15 seconds) of the
test used (a lesser number of examples means less statistical significance), our model still
manages to obtain relevant information from the features extracted. This is an indirect
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benefit compared to the BHK test, in which features need the whole text to be computed.

Figure 4.1: Box plot representing the F1-score as a function of the temporal duration of
the portion of the examples used for training and testing. We used Random Forest for
classification and k-fold cross validation with k = 25 for training and testing.

Features Importance

In order to identify which are the most important features found towards discrimination
of dysgraphic and non-dysgraphic children, we use the Gini importance [99] since it is
known to be one of the most common choices in the literature. Table 4.2 presents the
8 most important features for the random forest model (averaged over the 25 folds).
Features related to frequencies (the ones computing medians and bandwidths) seem to
be very relevant as 6 out of 8 of the most important features are related to frequencies.
Features from all 4 of our categories are represented among the 8 most discriminative
features: 3 are kinematic features, 3 are tilt features, 1 is related to pen pressure and 1
is a static feature. In the next section we will further analyze these features.

We notice that only one of these features, the space between strokes, could be potentially
extracted if we only have access to the final output of handwriting (like with the BHK
test). This confirms the hypothesis raised in Chapter 3 were we showed that dynamic
brings very relevant information to the analysis of handwriting. This also reassures us
about the value of digital tablets to assess handwriting, as such devices give us access to
important information previously inaccessible to clinicians analyzing pen-and-paper tests
like the BHK.
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Rank Category Name Importance (SD.)[%]
1 Kinematic (#19) Median of Power Spectral of Speed Freq. 15.71 (9.06)
2 Kinematic (#18) Bandwidth of Power Spectral of Speed Freq. 12.08 (8.00)
3 Pressure (#27) Mean Speed of Pressure Change 9.81 (6.52)
4 Static (#3) Space Between Strokes 7.45 (6.73)
5 Tilt (#58) Dist. to Mean of Speed of Tilt-X Change Freq. 6.07 (4.30)
6 Kinematic (#22) Dist. to Mean of Speed Change Freq. 5.18 (4.73)
7 Tilt (#54) Bandwidth of Speed of Tilt-X Change Freq. 4.10 (4.64)
8 Tilt (#60) Median of Power Spectral of Tilt-Y Change Freq. 2.97 (3.33)

Table 4.2: We report the ranks, feature categories, and importance averaged for the 25
folds (with standard deviation over all folds) of the 8 most discriminative features.

Conclusion and Discussion

Clinical Features Analysis

Static features

The most discriminative static feature we found was the (#8) Bandwidth of tremors
frequencies (see left graph of Figure 4.2). This feature represents the range of tremors
frequencies found in the handwriting of the writer under investigation. A high value for
this feature means that many tremors were extracted from the handwriting of children
with dyshraphia. In Figure 4.3-a, we present an example of handwriting from a non-
dysgraphic child (on the top left) and from a dysgraphic child (on the top right). The
handwriting of the non-dysgraphic child appears to be visually smooth. Conversely, the
handwriting of the dysgraphic writer is not smooth, we can easily see some shaking
at a high frequency (like in the apostrophe or at the end of the "a"). We hypothesize
that this characteristic results in an important value of the (#8) Bandwidth of Tremors
Frequencies feature. The dysgraphic child hesitates more in the drawing of the letters
and it is harder for them to smoothly control the pen. Shakiness is thus indicative of
poor motor, control resulting in more noise or indicative of prior knowledge of the letter.
Interestingly, this feature is related to the BHK item hesitation and shaking. According
to the therapists, a score of 0/5 (highest score) was obtain by the non-dysgraphic child
(left sample presented in Figure 4.3-a) for this feature while a score of 3/5 (low score)
was obtained by the dysgraphic child (right sample presented in Figure 4.3-a).

Concerning the (#3) Space Between Strokes feature, we can see in the right graph of
Figure 4.2 that non-dysgraphic children tend to put more space between the letters they
write. This is related to the BHK item called narrow words. This BHK item indicates
pathology if it is not possible to put the letter "o" between each pair of words, meaning
that not enough space is left. Moreover, in case of dysgraphia, the writing is hardly
automatized, leading to irregular spaces between strokes.

38



4.4. Conclusion and Discussion

****

1064 1450

****

0.0013 0.0021

****

52 61

****

**** ****

S
ta

ti
c 

Fe
a
tu

re
s

K
in

e
m

a
ti

c 
Fe

a
tu

re
s

Ti
lt

 F
e
a
tu

re
s

TD dataset

D dataset

Figure 4.2: Distribution of the dysgraphic children (D dataset) and the non-dysgraphic
children (TD dataset). For static features: (#8) Bandwidth of Tremors Frequencies and
the Space Between Strokes features. For kinematic features: (#19) Median of Power
Spectral of Speed Frequencies and the (#23) In Air Time Ratio features. For tilt features:
(#60) Median of Power Spectral of Speed of Tilt-y change and the (#54) Bandwidth of
Power Spectral of Speed of Tilt-x change features. Significant differences between the
two distributions are found on all listed features (Wilcoxon test).

Kinematic features

The most discriminative kinematic feature we found was the (#19) Median of the Power
Spectral of Speed Frequencies. This feature indicates that the speed frequencies of the
dysgraphic children are shifted toward high frequencies (see center left graph of Figure
4.2). In Figure 4.3-b, we present an example of handwriting coming from a non-dysgraphic
child on the left and from a dysgraphic child on the right. The color corresponds to the
handwriting speed when the points were recorded. In the dysgraphic child’s handwriting
we observe very fast changes of speed (high acceleration and deceleration) contrary to
what can be found in the handwriting of the non-dysgraphic writer. It is interesting
to notice that the features linked with the acceleration were not found discriminative
as these sudden changes of speed are local (compensated by long period of constant
speed). These sudden changes of speed are translated in high frequency during the
Fourier transform. This feature relates to the fact that we can find more saccades during
the handwriting of the dysgraphic child due to lack of automation and control of his/her
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hand movement. In the case of the BHK test, the only feature related to the kinematics
of handwriting is the number of characters written after 5 minutes. The results of this
very basic feature show that the dysgraphic children are slower than the non-dysgraphic
ones.

Another interesting feature that was found discriminative was the (#23) In-Air-Time
Ratio (proportion of time spent with the pen not touching the surface of the tablet) as
can be seen in the right center graph of Figure 4.2. This result appears to be in line with
previous findings [100].

Tilt features

As can be seen in the bottom row of Figure 4.2, the frequencies extracted from the speed
of tilt change are very discriminative of dysgraphia. Concerning the Tilt-y, in contrast to
what was observed for other categories of features, we can see that the non-dysgraphic
children seem to exhibit higher frequencies during their handwriting. This finding is
highlighted in Figure 4.3-c. For every point recorded, the color of the trace is representing
the speed of the Tilt-y change. We can see that the dysgraphic child stays very constant
maintaining the Tilt-y of its pen (showing almost no variations in the Tilt-y change
speed, with small absolute value). The non-dysgraphic child, in contrast, presents very
fast variations in his/her tilt-y change speed (big acceleration and deceleration). These
very sudden variations are translated in high frequencies in the Fourier domain shifting
the median of the power spectral to high frequencies. Thus, we can infer that the TD
child is able to change very frequently and quickly the tilt of his/her pen in the y axis,
whereas the dysgraphic child displays less tilt-y variation abilities, probably due to a
more constraint and rigid pen grip.

Concerning the Tilt-x, although the distribution of dysgraphic children is very spread
(see the right graph of Figure 4.2), the dysgraphic children seem to present a larger
range of frequencies in their handwriting concerning the speed of Tilt-x change than
typically developing children. This means that they are not constant in the way they
move their pen in the ZX plane (see Figure C.4 in appendix). This finding is highlighted
in Figure 4.3 bottom. For every point recorded, the color of the trace is representing
the speed of the tilt-x change. We can see more variations in the speed of Tilt-x change
for the dysgraphic child compared to the one of the non-dysgraphic child who seems
to present more control in his/her movement. Contrary to the pen tilt in the direction
perpendicular to the handwriting global direction (perpendicular to the lines of the paper
sheet), proficient writers exhibit less variations (more control) in the speed of tilt change
(and also the tilt itself) in the direction of the lines of the paper sheet.
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Figure 4.3: A comparison of different metrics for a non-dysgraphic child (left) and a child
with dysgraphia (right).

Main Findings

Following the conclusions obtained in Chapter 3, this model assess handwriting not
only from a static perspective, but also takes advantage of the dynamic-, pressure- and
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tilt-related information to deliver a precise diagnosis of dysgraphia: on average, 95.6%
(standard deviation of 4.29%) of the writers with severe handwriting problems were
correctly diagnosed by our model, with 0.6% (standard deviation of 3.6%) of false positive
rate. The final model reached F1-Score of 97.72% (standard deviation of 2.85%). In
addition, our diagnosis system has the advantage to be very cheap (beside the cost of
the tablet) and fast requiring only a few milliseconds to deliver the diagnosis compared
to 15 minutes for the BHK test, allowing an online usage. Our method also reduces
subjectivity as the model is permeable to all the external parameters that can bias a
human. It should be noticed that the inter-rater correlation in the correction of the
BHK test is of 0.89. Since our algorithm outperforms this value, we conclude that the
algorithm learned to mimic the rater. These findings suggests that adding data from
other raters should not only reduce the bias but also allow us to surpass the accuracy of
each individual rater.

If the model presented in this chapter is efficient in detecting severe handwriting problems,
it still does not allow to extract the child handwriting profile which is needed to understand
the specific weaknesses of the child and propose proper remediation. Although the
proposed features are a step forward towards interpretability, they still cannot be
interpreted in their raw forms since they present complex interaction with the child’s age
or gender for example as will be discussed in later chapters. A more complex system,
involving several additional steps built in order to give more interpretability to the
features is discussed in Chapter 7.

It is interesting to see that among the 53 features used by our model, most of them are
very technical and "low level", i.e. measuring micro-skills in terms of writing mechanics.
In that way, our test is more robust to differences in handwriting style, language, or
understanding of the text by the subject. Indeed, these features (for example the 3 most
discriminative features: the (#18) Bandwidth of Power Spectral of Speed Frequencies,
the (#19) Median of Power Spectral of Speed Frequencies and the (#27) Mean Speed of
Pressure Change) can be interpreted the same way independently of the language or the
handwriting direction. For example, languages written from right to left, like Hebrew, or
from left to write, like French, still share the same low-level characteristics. This idea
will be further developed in the next Chapter of this thesis, where we are interested in
transferring the model from the Latin alphabet to the Cyrillic one.
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Alphabets

Introduction

In this Chapter, we aim to investigate how a model assessing handwriting difficulties
based on the features described in the previous Chapter can be transfered from one
alphabet to another. The hypothesis raised in the previous Chapter is that the features
on which the model is based are describing very low level, almost physiological, aspect of
handwriting and thus independent of the writing content. Under this assumption, they
should be able to capture writing problems not only regardless of the written sentence,
but also regardless of the language and alphabet in which it is written.

Kazakhstan recently adopted a state program for the development and functioning of
languages for 2011-2020. This new tri-lingual education policy aims for the Kazakhs
to develop fluency in three languages: Kazakh, Russian and English. Additionally, a
recent motion to transfer the Kazakh language from Cyrillic to the Latin alphabet was
approved by the Kazakh authorities in October 2017 [101]. While there are clear reasons
for these reforms, there are numerous risks surrounding the transfer, including increasing
inequalities in educational services (e.g., preferences for Russian-speaking schools), causing
illiteracy in adults in their native language and bringing about disinterest and lack of
motivation in reading and writing in Kazakh among Kazakh and non-Kazakh children and
adults. Additionally, the change in alphabet may have a deep impact on the handwriting
of Kazakh children since Cyrillic and Latin letters are very different (e.g., only four Cyrillic
letters also appear in the Latin alphabet, i.e., a, e, i and o). Since handwriting is a central
aspect of school education in the majority of countries, including Kazakhstan, it is very
important to understand what impacts the change in alphabet may have on children’s
school education in order to prevent or anticipate possible problems. In line with this
societal concern, we aim to investigate to what extent a person can transfer his/her
handwriting from one alphabet to another, i.e. whether the specificity of handwriting is
kept (whether the children’s particularities are preserved regardless whether they are
writing with the Cyrillic or Latin alphabet). This is a required condition to create a
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cross-lingual model for the detection of handwriting difficulties.

In this Chapter, we conducted a study with 190 children aged 6-11 years old who are
native in the Kazakh language. The children were asked to copy a short text in both the
Cyrillic and Latin alphabets onto a tablet. In the next sections, we present the analysis
used to compare the children’s handwriting in the two scripts in terms of the various
aspects of handwriting (the static, kinematic, pressure and tilt features introduced in
the previous Chapter) as a function of age. One of the objectives of the analysis is to
understand the different types of learning transfer appearing between the two alphabets
in function of the grades along the different aspects of handwriting. We also explored how
the handwriting specificity found in one alphabet can be translated in the other alphabet.
Our results show that our features are able to coherently describe the handwriting quality
in the two alphabets, thus confirming our hypothesis of features independence from
the writing content, and opening the possibility to create a cross-lingual model for the
detection of handwriting difficulties.

This work correspond to following publication (submitted):

T. Asselborn, W. Johal, B. Tleubayev, Z. Zhexenova, P. Dillenboug and A. Sandygulova,
"The transferability of handwriting skills: from the Cyrillic to the Latin alphabet", Nature
Science of Learning, 2019

Method

Participants

A sample of 200 children was recruited from local primary schools in Astana, the capital
of Kazakhstan. The children came from diverse socio-economic backgrounds and were all
native Kazakh speakers and writers. The children were 6-11 years old (M = 8.48, SD =
1.2). Out of the 200 children who volunteered, data for 10 children were not complete
and thus could not be included in the analysis, yielding a total of 190 (90 boys and 100
girls) valid and complete observations. The remaining children were enrolled in four
grades: 29 children were first graders, 71 students were in grade 2, 41 children were
in third grade and 49 students were in grade 4. Table 5.1 presents an overview of the
sample of participating children.

Ethics Statement

This research was approved by Nazarbayev University’s ethics committee. Informed
consent was obtained in writing from all children and their parents. Supporting infor-
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mation included an assent form for children and an informed consent form for parents
or guardians. Children received a brief explanation of the purpose of the study and the
procedures involved in data collection. Assent and consent forms were distributed to
children in their classrooms in the presence of their teachers. Children were asked to
show the forms to their parents at home and submit them to their teachers, who then
collected the forms for us during the days that followed.

Data collection

Each child was individually taken outside of classroom for approximately fifteen minutes
and led to an empty classroom. It was explained that they had to write on a Wacom
Cintiq Pro 13 tablet using its stylus and that the task was to copy the text shown on a
piece of paper that was positioned in front of them. There were two versions of the same
five sentences, i.e., one in each script. The text was designed to include diverse letters,
in particular many specific Kazakh characters that are not present in English.

A data collection tool was used to save the children’s demographic information (age,
gender, grade, laterality) and the two handwritten texts, separately. As children finished
writing the first five sentences in one script, they were told to press the save icon and
then write the next five sentences in another alphabet.

The design of our experiment replicated the conditions which will be present in 2020: at
the moment of data collection, children had spent different amounts of time practicing
handwriting according to their grade. Children in grade 1 had spent approximately 6
months learning to write in Cyrillic script. For each subsequent grade level, we add
an additional year of experience (12 months). Thus, children in grade 2 had spent
approximately 18 months writing in Cyrillic, third graders had spent around 30 months
writing in Cyrillic and fourth-graders had spent around 42 months (3 years and 6 months)
writing in Cyrillic. The children practiced handwriting for 6 hours per week, starting
from simple shapes and moving to Cyrillic letters after approximately 6 weeks. Children
of all grades had 2 hours of English per week where they also started writing English
letters after approximately 6 weeks, and the learning time changed with grade level in a
manner similar to the learning time for the Cyrillic script (i.e., 6 months of handwriting
in English for the first graders). However, none of the children had been introduced to a
Latin-based Kazakh alphabet (extended Latin alphabet with six additional letters) and
its associated handwriting. Thus, in contrast to the Cyrillic script, the learning time for
the new script was the same across all grade levels, i.e. it was equal to 0 (see Table 5.1).

Features extraction

In the work presented in Chapter 4, 63 handwriting features were defined and used to
train a random forest classifier to diagnose severe handwriting problems (dysgraphia). In
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Grade 1 Grade 2 Grade 3 Grade 4
Male/Female 13/16 33/38 21/20 23/26

Age (std.) [years] 6.94 (0.4) 7.94 (0.4) 8.88 (0.4) 10.16 (0.6)
Left handed/Right handed 27/2 68/3 37/4 46/3

Cyrillic average learning time [months] 6 18 30 42
Latin average learning time [months] 0 0 0 0

Table 5.1: Summary statistics for the participants involved in this study. Learning pace
was 6 hours per week for Kazakh handwriting classes in Cyrillic alphabet and 2 hours
per week for English classes (with Latin alphabet). No time was devoted to Kazakh
handwriting classes in Latin alphabet.

this work, we only used the features that were found to be the most important in the
aforementioned model, according to the Gini importance metric (averaged with a k-fold
cross validation, k = 25). To maintain a good balance and compare the different groups of
features, we selected the most important features from each of the following four groups
that we distinguished: static, pressure, kinematic, and tilt. The complete description of
these features can be found in Appendix C. Please notice that every possible mismatch
between the features importance presented in Chapter 4 and this one are due to the
retraining of the model with new data that happened in the meantime.

Results

Absolute Features difference

The descriptions of the features used in this study as well as their clinical interpretations
with regards to handwriting can be found in Appendix C as well as in Chapter 4.

For every feature and for all grades (from 1st to 4th), a Wilcoxon test was conducted
to detect if the distribution of a given feature in the Cyrillic alphabet is similar to the
distribution of this same feature in the Latin alphabet. This statistical test was used
since not all the distributions were found to follow a normal distribution. The results
can be found in Table 5.2. Additionally, the means and standard deviations for all the
distributions (by grade and alphabet) can be found in Appendix D.

Before discussing the results, it is important to notice that the children involved in
this experiment were bilingual from birth (Kazakh and Russian languages), attended a
Kazakh-speaking school and studied English as a foreign language for a few hours per
week starting from grade 1. The study was conducted in Spring 2019 after the change
in script had already been announced by the Kazakh authorities (February 2018) but
before it was applied. Thus, none of the participating children had received any formal
training in the new Latin-based Kazakh script since pilot studies were planned for the
2019-2020 academic year. Within this context, we were able to replicate the conditions
that will be present at the moment of transition (see Table 5.1).
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Different types of features are noticeably different in their co-evolution across the grades
within the two alphabets.

Transferable Features Affected by Alphabet Differences

Significant differences possibly stemming from intrinsic differences between the two
alphabets were observed. Since the learning time difference between the two alphabets
grows by grade (see Table 5.1), features that are different for all the grades (across
four developmental ages) might be labelled as related to intrinsic alphabet differences
(a typical example of such a feature can be found in Figure 5.2-C). Three of the four
pressure and kinematic features, as well as one static feature, belong to this category.

The Mean Speed of Pressure Change (#27) and Max Speed of Pressure Change (#28)
were found to be significantly higher when children were writing in the Latin alphabet
compared to when they were writing in the Cyrillic alphabet across all grades (see
Figure 5.2-B and Table D.1). These results are surprising since these features were found
to be strongly inversely correlated with handwriting difficulties as shown in Chapter
4 (high values for these features can be translated into higher degrees of handwriting
automation). The results found here appear to be abnormal since the mean scores for
these features were higher when the children were writing in Latin, leading us to believe
that the differences in these features were the result of intrinsic differences between the
two alphabets. The same effect was found for the two most discriminative features used
to diagnose handwriting difficulties in the Latin alphabet in Chapter 4: the distributions
of the Median of the Power Spectral of Speed Frequencies (#19) and the Bandwidth of
the Power Spectral of Speed Frequencies (#18) were found to be significantly different in
Latin and Cyrillic for most of the grades.

It is also very interesting to note the evolution of these features with grade. As illustrated
in Figure 5.2-B, for both alphabets, a shift appears in the direction of handwriting
proficiency with grade (the max speed of pressure change increases as children move from
lower to higher grades). Even when there is an absolute significant difference between
the two alphabets for this feature, its evolution follows the same path for both alphabets.
In other words, this feature is likely to still be an indicator of handwriting automation
for both alphabets, provided that the alphabet-intrinsic shift is taken into account. This
phenomena is observed in all the features described in this Section.

The Nb of Peaks of Pressure Change Per Sec (#31) was found to be consistently higher
when children were writing with the Cyrillic alphabet compared to when they were writing
with the Latin alphabet, regardless of grade (see Table in Appendix D). The Median of
the Power Spectral of Pressure Frequencies (#33), a proxy for handwriting automation,
was also found to be significantly different between the two alphabets whatever the grade.
The difference, however, does not appear abnormal: if we interpret these features with
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the Latin model developed in Chapter 4, the handwriting using the Cyrillic alphabet
is found to be of higher quality. The Maximum Velocity (#14), always higher when
children were writing in Cyrillic, can also be interpreted in the same manner (see Table
in Appendix D).

Two tilt features can also be sorted into this category. The Std. of Tilt-X (#40) and the
Std. of Speed of Tilt-X change (#46) were always different between the two alphabets.
Once again, children writing with the Cyrillic alphabet exhibited a higher standard
deviation, which appears to be abnormal. In this sense, we believe that the difference
comes from the alphabets requiring different pen manipulation styles (and thus pen tilts)
during writing.

Finally, the Space Between Strokes (#3) feature was found to be consistently higher
when children wrote in Cyrillic compared to Latin (see Table in Appendix D). This
feature computes the mean distance between strokes, which, in general, is the distance
between words. In the case in which a word is composed of letters requiring writers
to raise their pen in the middle, the distance traveled between the moment the pen
rises and the moment the pen touches the surface again is taken into account in the
computation of this feature. We believe that the differences observed here signify more
than an intrinsic difference between the two alphabets and that they are related to the
difference in the learning time spent on each alphabet. Indeed, since our study provided
their first opportunity to write in Latin, some children tended to write the letters one
after the other with less continuity than they used when writing in Cyrillic (as can be
seen in Figure 5.1). Hence, there tended to be small distances between letters in words
when writing with the Latin alphabet, which, when averaged, we believe, were responsible
for the noticed difference.

Features with Slow Transfer Between Alphabets

Other features, such as the Mean Velocity (#13), presented interesting trends. Figure
5.2-A displays the distributions for the Mean Velocity (#13) for the two alphabets for
grades 1 to 4. Note that the mean of the distribution for the Cyrillic alphabet is always
higher than the mean for the Latin alphabet. This difference appears to be a result of
the difference in learning time between the two alphabets. We also see that the two
distributions are shifting to the right (in the direction of handwriting proficiency) with
grade, meaning that, in both alphabets, the children wrote faster and faster with grade,
which is both an indicator and a direct consequence of the level of automation in their
handwriting. We believe that this trend is related to the learning transfer between the
two alphabets. Note also that the mean velocity is increasing more rapidly for the Cyrillic
alphabet. We presume that the increasing difference between the two distributions is
due to a "leak" in the learning transfer from one alphabet to the other.
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The handwriting density (#4) follows the same trend: in both alphabets, children’s
writing became smaller and smaller with grade (an indicator of handwriting quality), but
the difference between alphabets grew (children wrote significantly smaller in Cyrillic
than in Latin in grade 3 and marginally smaller in Cyrillic in grade 4).

Features Which are Transferable When the Level of Automation is Higher

Unlike those described in the previous section, some of the features exhibited decreasing
differences between the two alphabets as grade progresses. For instance, this trend can
be seen in the two features describing shakiness: the Bandwidth of the Power Spectral of
Tremor Frequencies (#8) and the Median of the Power Spectral of Tremor Frequencies
(#9). As illustrated in Figure 5.2-D, the general trend show a decrease in the Median
of the Power Spectral of Tremor Frequencies (#9) with grade, meaning that, for both
alphabets, the average level of shakiness decreased with age, which is a direct consequence
of the increasing level of automation children acquire. Interestingly, the difference between
the two alphabets seems to decrease: children writing in Latin presented a significantly
higher level of shakiness compared to when writing in Cyrillic in the lower grades (1st
and second grade), while the difference is nearly non-existent by grade 4. Hence, the
transfer between the two alphabets is in line with the level of automation. In other words,
as automation increases, better control of the pen in one alphabet is beneficial also for
the other alphabet.

Other features seem to follow the same trend. Such is the case for the so-called In-Air-
Time ratio (#23), a feature that was found to be highly correlated with handwriting
problems in various studies conducted using the Latin alphabet [3] as well as the Hebrew
alphabet [100, 83]. We can see that the In-Air-Time Ratio (#23) is always smaller for
the Cyrillic alphabet (see Table in Appendix D), which is a sign of a better knowledge
of the Cyrillic alphabet by heart and of better motor program (memory) of the letters.
Although the difference between the two alphabets was statistically significant for the
lowest grade, no differences were found for subsequent grades.

The Median of the Power Spectral of Tilt-y Frequencies (#60) also follows the same trend.
The median was always higher when the children were writing in Cyrillic (which is in
line with the results reported in Chapter 4). Moreover, we can see that the difference
between the two alphabets decreased with grade.

Finally, the Handwriting Moment (#1) also falls into this category. Children were writing
in "straight lines" to a greater degree when writing in the Cyrillic alphabet, which appears
to be a normal result (writing in a straight line is an indicator of handwriting quality).
The difference in "straightness" between the two scripts was found to decrease with grade.
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Figure 5.1: Two handwriting samples produced by the same child. The text written in
the Cyrillic alphabet is in black, while the text written in the Latin alphabet appears in
blue.

Relative Feature Difference

In this Section, we want to assess whether the change of alphabet brought about
handwriting differences relative to other children. Concretely, we will no longer focus
on raw data differences but rather on the relative differences between individuals. In
other words, we are interested in investigating if children who presented a low value for
one feature in one of the alphabets relative to the other children (of the study) still
presented a low value for this same feature in the other alphabet relative to the other
children (of the study).

In Table 5.3, the Spearman rank correlation is reported for all features and grades. The
Spearman Rank correlation coefficient is based on the ranked values for each variable
rather than the raw data. The correlation between two variables (e.g., feature X in
Cyrillic and feature X in Latin) will be high when the observations have similar ranks
(i.e., the relative position labels of the observations within the feature X: 1st, 2nd, 3rd
and so forth) in the two alphabets. In other words, if a child has a low (high) value for
one feature compared to other children in Latin and still has a low (high) value of this
same feature in Cyrillic, the Spearman rank correlation will be high.

In general, most features seem to be highly correlated between the two alphabets. Indeed,
90% of the correlations we computed were significant. This is a very interesting result
since it shows that children are able to preserve their handwriting specificity from one
alphabet to another. The implication of such a result will be developed in the Discussion.
Note that the correlation levels increase with grade for the majority of the features. We
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believe that this result is a consequence of the increased level of automation shown by
children as they age. Indeed, as they reach higher grades, their movements are more
controlled, resulting in less variability in the way they write. In other words, a child
in first grade has a tendency to write the same letter differently each time (i.e. with
different pressure pattern, different speed, different acceleration and so on), while a child
in fourth grade will always write it in the same manner. In this sense, children are able
to transfer their motor skills from one alphabet to the other, e.g., a specific pattern of
pressure used to write one shape in an alphabet will be used to write a similar shape in
another alphabet.

Conclusion and Discussion

Two types of features were used in this study to describe handwriting: static features,
which refer to the graphical traces of handwriting, and dynamic features, which describe
the kinematics, pressure and tilt aspects of handwriting. The 18 features used in this
study were all found to explain the quality of handwriting for the Latin alphabet in
the study conducted by Asselborn et al. [3] and presented in Chapter 4. We can see a
significant absolute difference between the Latin and Cyrillic alphabets for the majority
of the features across four grades. However, it is more interesting to follow the evolution
of these features over the years, knowing that children in grades 1 to 4, respectively have
0.5 to 3.5 years of Cyrillic practice, a similarly evolving but much smaller experience
with using the Latin alphabet to writing in English, and no experience at all with writing
Kazakh with the Latin alphabet (replicating conditions to be found at the moment
of introduction of the new alphabet). Figure 5.2 shows three different modalities of
co-evolution of the handwriting in the two alphabets over grades, indicating different
forms of learning transfer.

In quarter A of Figure 5.2 the differences between features increase between grades
1 and 4: both improve, but Cyrillic improves faster. This evolution reveals that some
features, such as average handwriting velocity, improve in Latin, but not as fast as
they do in Cyrillic, which we interpret as a slow transfer of these skills rather than a
nonexistent transfer.

In quarters B and C of Figure 5.2 The differences in features are approximately
constant across grades, i.e., the features improve in both the Cyrillic and Latin alphabets
and in a similar fashion. This type of evolution is evidenced by most of the pressure and
tilt features. The stability of the differences across grades probably originates from the
intrinsic differences between the two alphabets. We tentatively infer three conclusions
from these data: (1) Once again, we observe that the dynamic features of handwriting
are of prime importance for analyzing handwriting quality since they reveal aspects of
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the writing process that the final graph fails to disclose. (2) As these features evolve
in a similar way across grades in both alphabets, we conclude that the metrics we
developed for Latin handwriting remain valid for Cyrillic handwriting. (3) Since these
features indicate an improvement in writing in Latin with age, despite the fact that all
children had the same experience in Latin in all grades, we may also conclude that a
positive transfer of fine motor skills occurs between the two alphabets: any handwriting
amelioration (captured by a positive evolution of a feature) in the Cyrillic alphabet seems
to bring a positive amelioration in the Latin alphabet too.

In quarter D of Figure 5.2 The differences in features decrease between grades 1
and 4: both improve, but Latin seems to catch up with Cyrillic in terms of quality. This
type of evolution is seen, for example, in two features that capture the shakiness of
handwriting. Such results may indicate that the transfer is to some extent dependent
on the level of handwriting automation: better control of the pen in one alphabet is
beneficial in the other alphabet as well. These results can also be interpreted as indicators
of the transfer of fine motor control skills from Cyrillic to Latin.

The results also show that the majority of the features are correlated in term of rank
across the two alphabets, meaning that a child presenting a low value for a feature
(compared to other children) in one alphabet will also present a low value for this same
feature in the other alphabet. In this sense, we can also see that children are able to
transfer their motor skills from one alphabet to the other: a specific pattern of pressure
used to write one shape in an alphabet will be used to write a similar shape in another
alphabet.

To translate these scientific findings into societal conclusions, our data do not seem to
reveal a major risk of increasing handwriting difficulties due to the change in alphabet.
Instead of a potential negative transfer of skills in which the automation acquired in
one alphabet would interfere with the skills required for a second, it seems that the
skills acquired in one are beneficial in the other. In other words, children seem to be
able to transfer their handwriting abilities from one script to another. In that sense,
even though adaptation will still be needed, learning won’t be restarted from scratch
when the change of alphabet will occur. Thus, the impact of simultaneous digraphia on
the quality of handwriting seems to be less of an issue in comparison to simultaneous
bigraphism as in the case of Lebanon for French and Arabic languages. However, it might
be due to having Latin as the direct transliteration of the Cyrillic script in contrast to
multidimensional differences between Arabic and Latin scripts [102]. It is important to
note that these results were extracted from a copying task. It would be dangerous to
generalize the results found in this study to other writing tasks such as spontaneous
writing or dictation where other skills are involved. In addition, the transfer is slower for
some features than for others, indicating the need for a progressive transition. Moreover,
our study focused only on writing skills without taking into consideration the possible
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other risks raised by such a radical change in the culture of a country.

As our results suggest, the features used to analyze handwriting seem to be transferable
from one alphabet to another, i.e., they can be used to diagnose handwriting difficulties
in the Cyrillic alphabet in the same way they are used to diagnose handwriting problems
in the Latin alphabet. Therefore, a qualitatively different model does not appear to be
necessary to analyze handwriting in the two different alphabets since the features seem to
be independent of the written content, paving the way for the creation of a cross-lingual
model for the detection of handwriting difficulties.

Future work will need to be conducted in this direction: it will be necessary to collect a
new database in which traces in the two alphabets are produced by children with equal
handwriting exposure to Cyrillic and Latin. Under such conditions, we would hope to find
that the majority of the features are similar between the two alphabets. For the remaining
features, for which significant differences still appear between the two alphabets, we
could learn the function mapping the differences between the two distributions. With
this function, the model we use to diagnose handwriting difficulties could be transferred
from Latin to Cyrillic, i.e., it could then be used to detect handwriting problems in the
Cyrillic alphabet, with the same rationale outlined in Chapter 4.
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6 Transferring Handwriting Analy-
sis From Paper to Tablets

Introduction

In the three previous chapters, the handwriting samples were acquired using a Wacom
tablet on top of which a sheet of paper was attached. As a consequence, a test designed
to assess handwriting difficulties trained with handwriting samples of this type will be
restricted to a small category of high-end, expensive and computer dependent digital
tablets that only few institutions and private users can afford. In this Chapter, we aim to
assess the feasibility of conducting a handwriting test directly on the surface of a digital
tablet (and no longer on paper), since a test available on a regular digital tablet (e.g. on
an iPad) would have a considerably broader use and higher impact on the society.

Only a few studies studies have been so far conducted to access the impact that the
change of handwriting support can have on children handwriting. The study conducted
by Alamargot et al. [93] is among the few studies interested in this subject. The authors
asked 14 second grade and 14 ninth grade students to write the alphabet as well as their
own name on tablet and on paper. Results show that students (no matter their grades)
tend to produce a less legible handwriting while writing on a tablet support. In addition,
the written characters were found significantly larger and the handwriting speed was
found significantly lower when the students were using the tablet support. Concerning
the pressure applied on the tablet, the results were found different depending on the
student’s grade. The ninth graders exhibited a higher pressure while using the tablet
compared to the paper support while the opposite was found true for the second graders.
Another interesting study comes from Gerth et al [103] who compared the handwriting
performance of 25 adults on a tablet and on paper support. Their results reveal differences
between the two medias that were partially task dependent. In addition, the authors
also showed that adults were able to adapt their handwriting execution quickly to the
smoother surface of the tablet, by modulating their pen pressure and increasing their
writing size. In [104], the authors recruited 25 preschoolers, 27 second graders and 25
adults and compared their handwriting on the two surfaces with multiple tasks. The
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tasks were designed to assess different aspects of handwriting, namely grapho-motor
abilities, visuo-motor abilities and handwriting performance. Once again, their results
show significant differences between writing on a tablet compared to the paper. As shown
by Gerth et al. [104], these differences were also found partially task dependent.

In this chapter, we propose to analyze the impact of the change of support from a
multidimensional point of view (in term of pressure, speed, static and tilt aspects) thanks
to our low level features describing handwriting on several aspects (static, kinematic,
pressure and tilt), as described in Chapter 4. In particular, beside the absolute difference
coming with the change of support, we are interested in seeing how the specificity of
handwriting is affected by the change of support, and whether the model for the clas-
sification of handwriting difficulties remains valid with the change of handwriting support.

This work correspond to the following submitted publication:
T. Asselborn, and P. Dillenboug, "Do tablets provide a reliable measure of writing
skills ?", Computer Standards and Interfaces, 2020.

Method

Data Collection

In order to compare the quality of handwriting on tablet and on paper, we conducted a
within subject study with two groups of children. Twenty-seven 5th grade children (10
males, 17 females, age: M = 11.29, SD = 0.53, 1 left-handed) and ten 1st grade children
(6 males, 4 females, age: M = 7.48, SD = 0.68, 2 left-handed) from a primary school in
France participated to this experiment. Each of them was asked to copy the 36 glyphs
(the 26 letters of the alphabet and the 10 digits) displayed (in a random order) on the
screen of a tablet computer (as can be seen in Figure 6.1). Each child was asked to write
cursively (as taught in France) all these glyphs both on the tactile surface of a tablet
computer and on paper (fixed on the digital tablet as explained in Section 6.2). The fact
that they started to write in the tablet condition or in the paper condition was assigned
randomly.

A software application has been developed specifically for this experiment1 and was used
on a Wacom Cintiq Pro graphic tablet. The application allows to save the child’s profile
(age, gender, laterality and grade) and to record various handwriting information. At a
frequency of 200Hz, the time stamp, pen’s coordinate (x and y), pressure and pen tilt
were recorded. The Wacom system logged the data measuring the pen tilt with two
different angles, which are referred in this paper as the Tilt-x and Tilt-y angles (see
Figure C.4). Both angles are measured in the range between -40 to 40 degrees. The

1https://github.com/asselbor/alphabet.git
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6.2. Method

Figure 6.1: Left: Application running on the Wacom Cintiq Pro tablet computer used to
acquired data (tablet condition). Right: same device with a pre-cut A4 paper placed on
top of the tablet (paper condition). In this example, the child needs to write cursively
the digit 3.

Tilt-X reflects the inclination of the pen in the direction of the written line, and the
Tilt-Y reflects the inclination of the pen below the writing line. Concerning the pressure,
the Wacom system logged the data measuring the pressure between the tablet and the
pen nib. The pressure is recorded on 8192 levels of pressure converted in this paper in
the range between 0 (no pressure) and 1 (maximum pressure that can be recorded by
the system).

As illustrated in Figure 6.1, when a child was asked to write on the paper support, a
pre-cut piece of paper was fixed in the touch pad. The top part of the screen was left
uncovered by the paper in order to display the glyph to be written and the save button.
By doing so, data could be recorded in the same way of the tablet condition. To allow
the use of the same Wacom pen on paper, we designed a new nib allowing ink deposit on
the paper, while also acting as a digital pen in the same way as before.

In the work presented in Chapter 4, 63 handwriting features were defined and used to
train a random forest classifier to detect handwriting difficulties. In this work, as done
in the work presented in the previous Chapter, 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 (averaged with a k-fold cross validation, k = 25). To
maintain a good balance and compare the different groups of features, we selected the
most important features from each of the following four groups that we distinguished:
static, pressure, kinematic, and tilt. In the following paragraphs, we briefly provide their
respective definitions. A detailed description of these features can be found in Appendix
C. Please notice that every possible mismatch between the features importance presented
in Chapter 4 and this one are due to the retraining of the model with new data that
happened in the meantime.
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Results

Absolute Feature Difference

For each feature under consideration, a Wilcoxon test was conducted to detect if its
distribution in the paper condition is similar to its distribution in the tablet condition.
This statistical test was used since not all the distributions where found to follow a
normal distribution. The results can be found in Table 6.1, column Absolute. The means
and standard deviations for all the distributions can also be found in this Table.

Static Features

The change of handwriting support does not seem to bring any difference concerning
the level of shakiness. Indeed, no statistically significant difference was found for the
two features describing shakiness in handwriting (namely the Bandwidth and Median
of Power Spectral of Tremor Frequencies (#8, #9)) in function of the support used.
However, the handwriting density (#4) was found to be higher when children where
writing on paper compared to when writing on tablet. This result appears to be in line
with the work conducted by Alamargot et al. [93] who also noticed an amplification in
the handwriting’s movements, translating in an increase of the letter size (and thus lower
density) when children were writing on tablet. We can see an illustration of such finding
in Figure 6.2 where the difference in size of the letter "h" written on paper and on tablet
appears evident.

Kinematic Features

All the features describing handwriting on a kinematic level were found to be statistically
different when children were writing on paper or tablet. This is most probably a direct
consequence of the difference in terms of friction between the two handwriting supports.
The tablet being more slippery than the paper, it appears normal that the Mean Velocity
(#13) and Max Velocity (#14) were found higher when children were writing directly
on the tablet surface (as can be seen in Figure 6.2). Other studies found similar results
[104, 93]. The Nb of Peaks of Speed Change per secs (#17) and the Median of Power
Spectral of Speed Change Frequencies (#19) are both measuring the level of automation
and were found to be very strongly positively correlated with handwriting proficiency in
our previous study reported in Chapter 4. Results concerning these two features show
that children were more comfortable when writing on paper. For example, we can see
in Figure 6.2 that children writing on paper are able to easily and quickly change their
handwriting speed (from low to high speed) while the low friction coefficient of the tablet
makes this change more difficult in the tablet condition.
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Tilt Features

The features describing the tilt aspects of handwriting were also found to be affected
by the change of handwriting support. The Std. of Tilt-X (#40), Std. of Speed of
Tilt-X Change (#46) and the Median of Power Spectral of Speed of Tilt-Y Frequencies
(#60) are three features found to be describing the level of handwriting automation (see
Chapter 4 for additional information). Results once again show that children appear
more comfortable when writing on paper compared to when writing directly on the more
slippery surface of the tablet.

Pressure Features

The last category of features describes handwriting on pressure aspect. Two features, the
Mean Speed of Pressure Change (#27) and the Max Speed of Pressure Change (#28),
were found to be statistically different when children were changing their handwriting
support (with higher pressure when writing on tablet as illustrated in Figure 6.2). These
two features, correlated with the handwriting automation show again a more difficult
control of the pen for children writing on the tablet. The last two features, the Median
of Power Spectral of Speed of Pressure Frequencies (#33) and the Nb of Peaks of Speed
of Pressure Change per secs (#31) were not found to be statistically different depending
on the type of handwriting support used.

Relative Feature Difference

In this Section, we want to assess whether the change of handwriting support brought
handwriting difference relative to other children. Following the same rationale adopted
in the last Chapter to compare different alphabets, we no longer focus on raw data
differences but rather on the relative differences between individuals. In other words,
we are interested in investigating if children who present a low value for one feature
when writing on paper relative to the other children (of the study) still present a
low value for this same feature when writing directly on the tablet relative to the
other children (of the study). If this condition was found to be valid, it would mean
that children handwriting specificity is kept with the change of handwriting support and
therefore also the validity of the model proposed to diagnose handwriting difficulties.

In Table 6.1, column Relative, the Spearman rank correlation is reported for all features.
The Spearman Rank correlation coefficient is based on the ranked values for each variable
rather than the raw data. The correlation between two variables (e.g., feature X in the
paper condition and feature X in the tablet condition) will be high when the observations
have similar ranks (i.e., the similar ordering of the labels of the observations within the
feature X: 1st, 2nd, 3rd and so forth) for the two handwriting support. In other words,
if a child presents a low (high) value for one feature compared to other children when
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pressure Speed Tilt-y Tilt-x
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Figure 6.2: Examples of a glyph written on paper and on tablet.
For the pressure column, the color denotes to the amount of pressure applied on the
support when the point was recorded: blue means low pressure while red means high
pressure.
For the speed column, the color denotes to the handwriting speed when the point was
recorded: blue means low speed while red means high speed.
For the Tilt-y column, the color denotes to the value of the Tilt-y angle (see Figure C.4):
blue means a small Tilt-y angle while red means big angle.
For the Tilt-x column, the color denotes to the value of the Tilt-x angle (see Figure C.4):
blue means a small Tilt-x angle while red means big angle.
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writing on paper and still presents a low (high) value of this same feature when writing
on tablet, the Spearman rank correlation will be high.

In general, features seem to be highly correlated between the two handwriting supports.
Indeed, only one feature (namely the Median of Power Spectral of Speed of Pressure
Frequencies (#33)) wasn’t found to be strongly correlated. This is a very interesting
result since it shows that children are able to transfer their handwriting specificity from
one handwriting support to another. The implication of such a result will be further
discussed in the following Section.

Conclusion and Discussion

In the present chapter, we investigated whether the writing surface (paper condition
versus tablet condition) affects the handwriting characteristics. A comparison between
the two types of surface for the specific features of handwriting found to be relevant
in Chapter 4 was done to investigate the effect of the surface on different handwriting
aspects.

Our results demonstrate important absolute differences between the two conditions.
Significant differences were in fact found for several of the features considered in this
study and describing handwriting on the static, kinematic, pressure and tilt aspects. In
line with other studies [93, 104], we showed that the different friction coefficient of the
two supports has a clear impact on the handwriting production. For instance, the lower
friction coefficient of the tablet results in less force being applied in the opposite direction
of the handwriting movement altering the handwriting kinematics (kinematic aspect
altered). We also hypothesized that the difference in friction coefficient leads children
to compensate for their proprio-kinesthetic feedback by putting more pressure (as can
be seen in the column pressure of Figure 6.2) on their tablet in order to stabilize the
movement (pressure aspect altered). This decrease of proprio-kinesthetc feedback can also
be compensated by an amplification of handwriting movement (as can be seen in Figure
6.2) (static aspect altered) or by an adjustment of the pen grasp (leading to change the
pen’s angle in order to reduce the effect of the lesser tablet friction coefficient of the
tablet, as illustrated in the columns Tilt-x, Tilt-y of Figure 6.2) (tilt aspects altered).

Beside the absolute differences between features, results also show that almost all the
features are strongly correlated in ranking across the two conditions (tablet and paper).
A child with a low value for a feature (compared to the other children) when writing on
paper will also have a low value compared to the other children for this same feature
when writing on a tablet. In this sense, we can see that children are able to preserve their
handwriting specificity when changing the handwriting support: a child having a shaky
handwriting on paper compared to other children, will also have a shaky handwriting on
tablet. This result confirms the fact that children are indeed affected by the handwriting

63



Chapter 6. Transferring Handwriting Analysis From Paper to Tablets

P
aper

T
ablet

A
bsolute

R
elative

m
ean

(std)
m
ean

(std)
W

p
value

corr
p
value

B
andw

idth
Trem

olo
#
8
*1e-1

6.44
(0.08)

6.43
(0.10)

54
0.26

0.57
<
0.001

M
edian

Trem
olo

#
9
*1e2

1.18
(0.06)

1.18
(0.07)

301
0.44

0.28
0.09

H
andw

riting
D
ensity

#
4
*1e-2

8.10
(3.99)

5.53
(4.28)

65
<
0.001

0.65
<
0.001

M
ean

Velocity
#
13

*1e1
0.88

(0.37)
1.26

(0.61)
18

<
0.001

0.73
<
0.001

M
ax

Velocity
#
14

*1e1
3.67

(1.57)
4.91

(2.32)
36

<
0.001

0.75
<
0.001

N
b
Peaks

Speed
C
hange

per
secs

#
17

*1e1
3.29

(0.25)
3.14

(0.29)
100

<
0.001

0.74
<
0.001

M
edian

Speed
#
19

*1e2
1.16

(0.12)
1.10

(0.14)
121

<
0.001

0.71
<
0.001

M
ean

Speed
ofPressure

C
hange

#
27

*1e4
1.52

(0.59)
2.64

(1.08)
26

<
0.001

0.48
<
0.01

M
ax

Speed
ofPressure

C
hange

#
28

*1e3
2.71

(0.54)
3.20

(0.83)
126

<
0.001

0.26
0.12

N
b
Peaks

Speed
Pressure

C
hange

per
secs

#
31

*1e1
2.38

(1.72)
3.00

(4.35)
339

0.85
0.41

<
0.05

M
edian

Pressure
#
33

*1e2
1.27

(0.05)
1.28

(0.07)
266

0.20
0.17

0.31
Std.

ofT
ilt-X

#
40

*1e-1
3.47

(1.07)
3.09

(1.11)
233

0.07
0.34

<
0.05

Std.
ofSpeed

ofT
ilt-X

C
hange

#
46

*1e3
8.01

(2.75
)

8.50
(2.87)

248
0.12

0.57
<
0.001

M
edian

T
ilt-Y

#
60

*1e2
1.24

(0.08)
1.12

(0.07)
174

<
0.01

0.40
<
0.05

Table
6.1:

Feature
difference

betw
een

the
tw

o
handw

riting
condition

(Paper
and

Tablet).
C
olum

n
A
bsolute:

For
each

feature,a
W

ilcoxon
test

w
as

conducted
to

see
ifthere

w
as

a
statisticaldifference

in
the

m
eans

ofthe
tw

o
distributions.

T
he

red
color

denotes
the

levelofstatisticalsignificance
ofeach

test.
C
olum

n
R
elative:

For
each

feature,a
Spearm

an’s
rank

correlation
was

calculated
in

order
to

exam
ine

the
sim

ilarities
betw

een
the

tw
o
distributions

(colum
ns

R
elative).

T
he

green
color

denotes
the

levelofstatistical
significance

betw
een

the
tw

o
handw

riting
support.

T
he

features
m
eans

and
standard

deviations
for

the
tw

o
conditions

are
also

reported.
For

visibility
purposes,som

e
features

values
have

been
m
ultiplied

by
the

factor
next

to
the

feature
nam

e.

64



6.4. Conclusion and Discussion

support, but that all children are affected in the same way (i.e. there is a consistent
shift in the distribution of features). In that sense, although a retraining of the model
proposed in Chapter 4 is needed (since an absolute difference between the two conditions
exists), it appears possible to detect handwriting problems on a tablet support in the
same way for the paper support. The aspects of handwriting allowing us to assess its
quality in fact stay the same regardless whether children are writing on paper or tablet.

A model assessing handwriting difficulties directly running on a tablet would have a
considerably greater impact on the society, since it could be easily deployed in consumer
tablets like iPads available everywhere in the world. Based on the proof of concept
obtained in this chapter, such a model is presented in the next Chapter of this thesis.
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7 Extracting the Handwriting
Profile of the Child

Introduction

Based on the work introduced in the previous chapters of this Part, we present, in this
Chapter, a modernized method allowing to break away from the BHK legacy.

Our method leans on the features assessing handwriting on multidimensional data intro-
duced in Chapter 4. Far from the current rule-based tests, our method uses data-driven
strategies to model the complexity of our features with statistical findings coming from
factual data. In addition, our method allows to assess handwriting on different granularity
levels from an individual feature level, a categorical level (static, pressure, kinematic and
tilt), to a global level.
Given its integration in consumer tablets, our method could be of great use for therapists
but also school teachers and even parents since it would allow a cheap, frequent, deep,
multidimensional, fast and free of human bias analysis of handwriting difficulties bringing
new possibilities to adapt the remediation based on the specific handwriting problems
detected and the monitoring of the child’s progresses.

This chapter corresponds to the following publication:
T. Asselborn, M. Chapatte, and P. Dillenboug, "Extending the Spectrum of Dys-
graphia: A Data Driven Strategy to Estimate Handwriting Quality", Scientific Reports,
2020.
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Method

Participants

The present study was conducted in accordance with the Helsinki Declaration. It was
approved by the EPFL Ethics Committee (Agreement 043-2019) and conducted with
the understanding and written consent of each child’s parents and the oral consent of
each child. A consent to publish was obtained from each child’s parent/guardian (legally
authorised representative of each participant).
A total of 390 typically developing (TD) children were recruited from five primary schools
in Haute-Savoie, France. Children ranging in age from five to twelve years of age were
recruited from 30 classes. None of these children presented known learning disabilities or
neuro-motor disorders.
A total of 58 children presenting severe handwriting difficulties (dysgraphia) were also
recruited from therapy centers. Patients of seven grapho-therapists (from the Graphydis
Association) located in France were also involved in this study. All of these children were
diagnosed dysgraphic (severe handwriting difficulties) according to their BHK scores,
previously conducted on paper by therapists.

It is important to note that, unlike to the children recruited from the therapy centers,
none of the children recruited in the schools were assessed for dysgraphia with the
BHK test, which means that some of these children might present severe handwriting
difficulties, as well.

Data collection

The 448 children (school children and children with dysgraphia) involved in this study
were asked to write the first five sentences used in the BHK test on an iPad-based
application specifically designed for this purpose (Dynamico application v1.0). This
application used the Apple pencil.

The data were collected using the Dynamico software (CHILI laboratory EPFL), which
recorded the x and y coordinates as well as the pressure, azimuth and altitude angle
of the pen at a frequency of 240 Hz. In addition, the gender, age and laterality of the
writer were saved.

Based on previous work [3], we extracted, for each child involved in this study, a set
of features describing handwriting based on different aspects and sorted into four main
categories (static, kinematic, pressure and tilt). These features were found to successfully
predict severe handwriting difficulties in the study published by Asselborn et al. [3]. All
these features are described in Appendix C.
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Results

Every child involved in this study was asked to write the five first sentences used in the
BHK test on a digital tablet (iPad). With the data extracted (x and y coordinates and
well as the pressure, tilt and azimuth angle of the pen), we then computed, for each child,
a set of 63 features describing their handwriting.

From the Feature Value to the Feature Score

The features describing handwriting and the interactions of these features with grade
and age are very complex.

When computing the features from a handwriting sample, we obtain a range of values
that cannot be interpreted directly since they measure handwriting characteristics that
vary as functions of a child’s age and gender. The handwriting of a five year-old child
will be obviously very different than the handwriting of a 12 year-old one. Handwriting
also differs by sex [105, 106]. Although current handwriting tests do assess handwriting
by grade, we propose to extend this concept by treating age as a continuous variable
since it is evident that handwriting evolves at a more rapid pace than annually. To
do so, we used a third-degree polynomial function to interpolate each feature for both
genders separately. The means (fmean) and standard deviations (fstd) of the features
as a function of age are provided in Figure 7.1 (for a given feature). Hence, a score
between 0 and 1 can be computed for each feature according to the deviation from the
average (Z-score) via the following equations. This score takes into account the age and
gender of the child.

Z − score = |feature− fmean(age)|
fstd(age)

score = e−α∗Z−scoreβ

Where α and β are two positive parameters.

In other words, the score indicates how a feature value differs from the mean for children
of the same age and gender, making it easily interpretable for therapists. It should be
noted that all the children who participated in this study were recruited from French
schools, meaning that they all started to learn handwriting in the same grade. In some
European countries, children may start to learn handwriting at a different age (e.g., at
the age of 7 instead of 6). Hence, at the same age, it is possible for children to have
been exposed to different amounts of training (i.e., a 6 year-old child can have a better
handwriting than a 7 year-old child). For this reason, we believe that, in addition to
gender, different regressions should be used for different countries or regions.
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Figure 7.1: The value of the feature: Number of Peaks in Velocity per second (#17)
as a function of age is plotted for all individuals in our database. The red points
represent children recruited in schools, while the green points represent children with
dysgraphia. The interpolated function representing the mean (fmean) is plotted as well
as the interpolated function representing the standard deviation (fstd). Notice that
the points for the children with dysgraphia seem to be located further from the mean
compared to the points for their peers.

Projecting Features’ scores with the PCA

As shown in Chapter 4, the features used in this study have advanced discriminatory
power when predicting severe handwriting difficulties (dysgraphia). For example, the
kinematic and pressure features were found to be far more important than static or tilt
features when predicting severe handwriting difficulties. Hence, a numerical scale for
estimating handwriting quality based on these features should take into account this
difference in terms of predictive importance. However, the feature importance calculations
used by Asselborn et al. [3] are linked implicitly with the design of the BHK test since a
feature’s importance is based on its power to detect the severe handwriting difficulties
(dysgraphia) diagnosed with the BHK test.

In order to design a scale totally independent of the BHK test (and more generally
independent of any existing tests), we used the PCA algorithm to determine the im-
portance of the features to predict handwriting quality in a data-driven way. Indeed,
as the PCA algorithm projects features into a lower-dimensional space by maximiz-
ing the variance within the database, the transformation associated with it will result
in the discovery of the combination of features explaining most of the differences in
handwriting in our database from those independently of any current handwriting tests.

Figure 7.2 shows the amount of variance explained by the three first axes of the PCA
algorithm as well as the composition in terms of absolute feature importance sorted into
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the four categories for the three first axes. For reasons of clarity, we kept only the six
most important features for each category (24 in total) to plot the figure.
We can see that kinematic features seems to be the most important in terms of explaining
the variability in our database. For instance, the first axis, explaining 39.4% of the
variability in our database, is composed of 52.5% kinematic features. The second axis,
representing 25.9% of the variability in our database, is composed of a majority (60.2%)
of features belonging to the pressure category. Finally, the third axis, representing 22.6%
of the variability in our database seems to be mainly composed of kinematic and pressure
features. Therefore, the tilt and static features do not appear to be meaningful in
explaining handwriting differences between children, at least as opposed to the kinematic
and pressure features. The implications of this finding will be explored further in the
Discussion section.
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Figure 7.2: The amount of variability explained by the three first axes of the PCA. The
absolute feature importance for each of the three first axes is also represented (in the
radar chart) and was sorted according to the four categories. For reasons of clarity,
the graphs were plotted with only the six most important features for each category
(static, kinematic, tilt and pressure). The features are represented by numbers. The
correspondence between the numbers and the feature names and descriptions can be
found in the Method section.

Unsupervised Clustering

We used a K-means algorithm to cluster the individuals from our database (represented
by their features projected with the PCA algorithm) into different groups. For reason of
interpretability, we limited the number of cluster to two while hypothesizing that the
algorithm would find clusters based on handwriting quality. In Figure 7.3, we can see
the two clusters (represented by different colors) of individuals projected into the three
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first axes of the PCA under different projection angles. In order to assess the quality
of our clustering, we then checked to see if the dysgraphic children from our database
were put into the same cluster. The results showed that around 92% of the children
with dysgraphia were clustered together (in the red cluster), while only five children with
dysgraphia wound up in the wrong group (blue group). With regards to children without
known handwriting difficulties, 86% of them were clustered together (in the blue cluster),
while handwriting difficulties were detected in 14% of them (the ones in the red cluster).
It is interesting to note that this percentage appears to be comparable to the statistics
for French-speaking countries, where approximately 10% of the children in the general
population have severe handwriting difficulties (dysgraphia) [60].

First axis pca
Second axis pca

T
h
ir

d
 a

x
is

 p
ca

First axis pca

Second axis pca

T
h
ir

d
 a

x
is

 p
ca

Fi
rs

t 
ax

is
 p

ca

Second axis pca

Th
ird

 a
xi

s 
pc

a

Figure 7.3: K-Means Algorithm applied to our three-dimensional dataset (defined by the
features projected on the three first axes of the PCA), with two clusters under three
different projections. The crosses represent children with severe handwriting difficulties
(as determined by their BHK scores), whereas the points represent children recruited in
schools. The colors represent the two different clusters.

The same process can also be repeated (PCA + K-Means) while taking into account only
features from one single category. In such a manner, we obtained a model clustering
children according to specific handwriting skills related to a category (static, tilt, pressure
and kinematic skills only). We then related these clustering models to the two groups of
children present in our database (children with dysgraphia and school children) to see
how the models managed to link difficulties related to a specific skill (e.g., kinematic skill)
with overall handwriting quality. The results are found in Table 7.1. When analyzing
the results in this table, it is important to realize that the handwriting skills assessed
by our categories can be independent. For example, it is possible for children with
kinematic deficiencies to have no difficulties with pressure. Hence, it is possible to observe
a lower sensitivity value for the "categories" than the "total" skills. However, it is still
interesting to analyze the sensitivity of the categories since doing so provides insight
into the percentage of children with dysgraphia presenting issues in a specific skill. For
instance, 78% of children with dysgraphia present kinematic difficulties, while 58% of
them display issues with pressure skills. The implications of this finding will be explored
in the Discussion section.
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Category Sensitivity Specificity
Total 0.91 0.90

Kinematic 0.78 0.82
Pressure 0.58 0.72

Tilt 0.45 0.68
Static 0.36 0.76

Table 7.1: Results of different K-Means clustering models when sub-features belonging
to a given category are used (Total, Kinematic, Pressure, Tilt and Static) compared to
the labeling in our database (children with dysgraphia vs school children).

From a Binary to a Numerical Scale

One of the way to escape a binary determination (with or without severe handwriting
difficulties) with the K-Means clustering algorithm is to exploit the parameters found by
the algorithm in order to cluster the data points. The K-means algorithm identifies k
cluster centroids (k = 2 in our case) and then allocates each data point to its nearest
centroid. In such a manner, the centroid of the cluster grouping typically developing
children should represent the handwriting of a typical child without handwriting diffi-
culties. The distance between one individual and this centroid location would then be
a good indicator of their handwriting quality. In Figure 7.4, we can see the scores for
both school children and children with dysgraphia. We can see that the scores of school
children (0.69± 0.13) are statistically higher than the scores of children with dysgraphia
(0.41± 0.13). A Wilcoxon-Mann-Whitney statistical test (U = 1917.0, p = 9.67e− 25)
was used to test statistical significance since the data were not found to be normally
distributed. On the basis of the distribution of scores for the school children, we were
then able to create threshold values dividing handwriting difficulties into five categories
in such a way that: 2% of school children were below the very severe threshold (to find
the vs threshold), 8.6% of school children were below the severe threshold (to find the s
threshold) (which is the current dysgraphia threshold), 15% of children were below the
moderate threshold (to find the m threshold) and 25% of children were below the light
difficulty threshold (to find the l threshold). It should be noted that these thresholds
were set as an example, meaning that the number of categories as well as the values of
the thresholds defining them can be defined freely.

Conclusion and Discussion

In this chapter, we propose various scales to evaluate handwriting difficulties in a mod-
ernized way. These scales exploit the multi-modal data obtained with digital tablets and
appear to be disruptive for several reasons.
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Figure 7.4: Scores computed for all the children in our database. The red points
represent children recruited from schools, while the green points represent children with
dysgraphia. Four threshold values (very severe, severe, moderate, light) were used to
divide handwriting difficulties into five categories with 2% of school children below the
very severe threshold (this allowed us to compute the vs value), 8.6% of school children
below the severe threshold (this allowed us to compute the s value, which is the current
dysgraphia threshold), 15% of children below the moderate threshold (this allowed us
to compute the m value) and 25% of children below the light threshold (this allowed us
to compute the l value). It is important to note that these thresholds have been set as
examples, meaning that any other values can be used. The score is proportional to the
handwriting quality

The current methods used in assessing handwriting difficulties, such as the gold standard
test in French-speaking countries (BHK) [60], are all rule-based systems built on rules
designed by a group of experts in handwriting difficulties. Unlike data-driven systems,
the consequences of rule-based systems are determined by humans and their subjective
knowledge of such complex problems. In addition, a rule-based system will not change
or update on its own, which is a limitation, as the educational system and handwriting,
in particular, are evolving constantly. In addition, data-driven models are built from
the data, meaning that they do not reduce a given problem to a set of "limited" rules
extracted from human subjectivity but rather try to model the problem’s complexity
with statistical findings coming from factual data.

That being said, it would certainly be a great mistake to neglect years of research
and the experience of hundreds of researchers and clinicians interested in this field and
build an entirely new handwriting scale. Combining both the advantages of rule-based
and data-driven models, our method leans on the crucial expertise of therapists and
researchers and exploits machine learning techniques to glean complex and objective
knowledge about handwriting difficulties. Indeed, the features used by our model were
designed with the help of therapists and therefore aim to capture the current knowledge
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and rules adept to explain handwriting difficulties. We then combine these rules with a
data-driven approach (unsupervised machine learning) to find the handwriting aspects
(and their interactions) best explaining the differences in handwriting between children.
In such a manner, our data-driven strategy based on multi-modal features provides an
objective way to evaluate handwriting difficulties but still captures the current knowledge
of experts in this field.
The results provided by our method were then compared with the results of the BHK test
conducted on paper. A clear correlation was found since more than 91% of children with
dysgraphia (according to the BHK test [60]) were identified with our method, while 87%
of the children recruited from schools were assessed as having no handwriting problems.
It is interesting to note that 13% of the children recruited in schools were assessed as
presenting handwriting difficulties according to our method, corresponding to the 10% of
the population in French-speaking countries considered with dysgraphia [60].
Secondly, our method allows handwriting quality to be measured on a numeric scale,
allowing a new categorization of handwriting difficulties. Thanks to our numerical scale,
we were able to define new categories according to the level of handwriting difficulties,
namely very severe, severe (corresponding to the current dysgraphia level in French-
speaking countries), moderate and light.

Thirdly, by repeating the process achieved to obtain global handwriting scores but with
just the features from a single category (static, pressure, kinematic and tilt), we were
able to design new scales evaluating handwriting for these categories. As can be seen in
Table 7.1, if the kinematic (78% of sensitivity) and, to some extent, the pressure (58% of
sensitivity) scales appears to be correlated with the overall handwriting difficulties, then
neither the static or tilt scale will provide a clear distinction between children with and
without handwriting difficulties. This finding shows that the current handwriting tests,
which only take the static aspect of handwriting in consideration, are clearly limited
since the other aspects of handwriting (kinematic and pressure), which appear to be
more important (as can be seen in Figure 7.2 and Table 7.1), are not used. This result
also shows that when the handwriting skills (e.g., the pressure or kinematic skills) are
considered separately, the results are not as good as when they are considered altogether.
For this reason, we believe that a scale assessing handwriting as a combination of skills,
such as the one presented in this study, presents added value to therapists and school
teachers.
Furthermore, the combination of feature, category and global scores that can be extracted
thanks to our method could also be of great use for therapists since handwriting can
be assessed according to different aspects and at different granularities (as can be seen
in Figure 7.5). This flexibility is particularly interesting since the handwriting skills
measured by our categories (e.g., kinematic skills, pressure skills, and so on) appear to be
quite independent. Hence, measuring any of these skills separately fails to provide a solid
measure of a child’s handwriting proficiency (as shown in Table 7.1). In other words,
a child with severe handwriting difficulties does not necessarily have difficulties with
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all the skills assessed by our categories (as illustrated in Figure 7.5). Likewise, a child
without handwriting difficulties is not necessarily proficient in all the skills assessed by our
categories. Thus, our method allows, thanks to the extraction of a child’s handwriting
profile, a deeper analysis of handwriting, making it useful for therapists and school
teachers in terms of, for example, making informed decisions concerning the type of
remediation that should be applied in the case of their patient/student with regards to
their specific handwriting problems.
Another great advantage of the scales described in this paper is that there are based on
features describing handwriting on a very low level, measuring almost physiological aspect
of handwriting. These features are thus independent of the writing content meaning
that, contrary to the majority of currently existing tests, the text (and to some extent
the alphabet as shown in Chapter 5) used does not matter. In that sense, we can
avoid situation of over-training biasing tests results (children learn the text and not
handwriting). As we can reach a good measure of our features in only 30 seconds of data
(as can be seen in Figure 4.1), compared to 15 minutes for the BHK test for example
[60], it is now possible to assess handwriting online and at a very high frequency (several
times a week for instance) and to therefore be able to monitor the progress of the child in
a totally new way. In some extend, it would be possible to design an application running
on a consumer tablet (e.g. Ipad) allowing a cheap, frequent, deep, multidimensional and
fast analysis of handwriting, suggesting remediation activities according to the specific
handwriting problems detected and allowing to monitor the child’s progress on a weekly
basis.
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Figure 7.5: Different handwriting profile of children with severe handwriting difficulties.
We can see that a same condition (dysgraphia) can be expressed in very different ways with
children presenting difficulties in different and independent skills (kinematic, Pressure,
Tilt and Static).

Finally, it is important to understand that the scale presented in this paper assess
handwriting only on the motor skills. However, many over factors should be considered
when it comes to understand a human being. In particular, the emotional aspect of the
child is not assessed in our method. Our method therefore does not ambition to provide
a global comprehensive measure of the patient/student handwriting but rather aims to
provide a complementary analysis tool for therapist or school teacher to help them better
understand their patient/student on factors previously unexplored.
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This chapter closes Part II dedicated to the analysis of handwriting difficulties. Based
on the model presented in this chapter, we now move to the third Part of this thesis
focusing on the remediation to handwriting difficulties.
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Part Three of this thesis focuses on the remediation of handwriting difficulties. In
particular, we show how robotics can be a great addition to enhance handwriting
remediation in some specific context. We present in this part some examples of activities
designed to exploit the capabilities that robots can offer.

Some children present handwriting difficulties so severe to generate in them anxiety
and avoidance at the idea of writing, which negatively reinforces their difficulties and
hinders any chance of improvement. This avoidance also affects the writing opportunities
that are compulsory in a training process. For these children, the usual school exercises
can therefore become to big of a challenge. For these specific cases, the use of robotics
can be an interesting solution. Chapters 8 show the work conducted in the context
of the Cowriter project, to design a 30-weeks long interaction between a robot and
a child with severe handwriting difficulties, in a clinical environment. Novel, ad-hoc
activities targeting specific important handwriting problems identified in the previous
Part were used. In Chapter 9, we investigate the importance of the design of robot
behaviors towards social acceptance with children, something especially critical knowing
the importance of the Child-Robot Interaction within the CoWriter project.

Finally, Chapter 10 shows an example of how the multi-sensory information (e.g. au-
dio, visual and kinesthetic) provided by a robot can help children to learn important
handwriting aspects (namely, visual perception and visual-motor coordination) usually
learned during pre-school, to hopefully prevent handwriting difficulties to arise later in
their school curriculum.
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8 Clinical study

Introduction

In this Chapter, we present the study in which we tested for the first time our remediation
system and activities in the context of a long term interaction (30 weeks) with one child
called R. We first introduce our different remediation activities, each of them designed to
remediate a specific handwriting skill, as identified in Part 2 of this thesis (e.g. targeting
the pressure, speed or tilt aspect of handwriting).

In addition to testing the overall acceptability of the system in a clinical setting and within
a long term interaction, one of the underlying questions that we try to answer in this
chapter is whether working on handwriting skills separately can have a positive impact
on handwriting as a whole. In other words, does working on the pressure, kinematic, tilt
aspect separately have a positive impact on the quality of handwriting?

In order answer this question, data were collected thanks to a digital tablet that allowed
us to see the child’s progression though the activities. BHK tests were conducted at
regular intervals during the 30 weeks that allowed us to observe a remarkable clinical
progression both in terms of quality and speed. Specifically, while at the beginning of the
therapy the BHKs conducted by R. couldn’t be recorded due to a too low handwriting
quality, R. obtained scores at the end of the 30 weeks that were not pathological anymore
(above the dysgraphia threshold).

This work corresponds to the following submitted publication:

T. Gargot, T. Asselborn, I. Zammouri, J. Brunelle, P. Dillenbourg, J. Nasir, W. Johal,
D. Archambault, M Chetouani, D. Cohen and S. Anzalone, "It’s not the robot who learns,
it’s me: Treating severe dysgraphia using Child-Robot Interaction and gaming", Science
Robotics, 2020.
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Method

Participant

R. was a 8-year-old boy when he was assessed for very severe handwriting difficulties
(severe dysgraphia). At that time, R. was facing a situation of failure since he was refusing
any handwriting activity at school (he was trying to break his pen during handwriting
due to frustration and anger). He had to repeat his first grade due to extreme difficulties
concerning handwriting acquisition. Family history shows that R’s father and mother
also presented dyslexia.

R’s early development was marked by psychomotor agitation. He received physiotherapy
at the age of 1 year. Oral language was normal. At 5 years old, he started attending a
classroom with special education during mornings and received the support of an adult
in a classic classroom environment during the afternoons. At 6 years old, a diagnosis of
ADHD was confirmed in a specialized clinic and R. started to receive a treatment.

When R. was admitted in the department of pedo-psychiatry of la pitié salpetrière hospital,
we conducted an in depth assessment. In particular, he got diagnosed with an Attention
Deficit with Hyperactivity disorder (ADHD) and a Developmental Coordination Disorder
(DCD) with severe dysgraphia and dyslexia that was impairing for schooling. At 8 years
old, he was refusing any kind of handwriting activities.

Experimental Design and Metrics

One of our goal during this study was to assess longitudinally how R. would behave
during successive therapeutic sessions using the system. To do so, we monitored each
sessions and registered several metrics, either clinical or digital. In particular, we aimed
to assess: (i) the acceptability and feasibility of the system, software and set up in
a clinical setting. (ii) how handwriting can be improved (if any improvement) when
training handwriting sub-skills independently during remediation activities and through
multiple sessions according to the proficiency in the remediation activities and the clinical
BHK quality and speed score. To assess handwriting quality, we conducted a BHK test
at the beginning of every 5 sessions. Each clinical BHK was randomly and blindly scored
by an expert rater.

Design of Activities

Different activities were developed for handwriting skills remediation purposes in close
collaboration with therapists. Each activity was designed as a game, targeting a specific
aspect of handwriting, and is meant to be adaptive, meaning that the design of the game
can be changed in order to adapt its difficulty. All the activities are described below.
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The Co-Writer Activity

The Co-writer activity has been described in the first chapter of this thesis (Chapter
1). During this activity, a robot writes a word (as can be seen in Figure 8.1) with a
bad handwriting. The goal of the child is to help the robot improve its handwriting by
showing a "good example". The robot then learns from the child’s handwriting and adapt
its handwriting accordingly.

The difficulty of the activity can be adapted by changing the following parameters:

• The chosen word (longer or shorter, with more or less difficult words).

• The speed at which the robot learns.

The following metrics tracking the proficiency of the child can be recorded:

• The length of the word, being a proxy of the word difficulty.

• The letters composing the words, being a proxy of the word difficulty.

The Kinematic Activity

This activity targets the mastery of the kinematic aspect of handwriting. In it, the child
needs to reach the end of a path in which hidden letters are placed, as can be seen in
Figure 8.1 in the case of the letter "a". By doing so, the child will learn, without noticing,
to trace the letters that are hidden in the path. To motivate the child to the task, a
robot head starts moving along the path as soon as the child starts: whoever arrives first
at the end of the path wins. A visual feedback indicating if the child is inside or outside
the path, represented as a colored halo around the position of the pen (as can be seen in
Figure 8.1) was also added.

The difficulty of the activity can be adapted by changing the following parameters:

• The letter hidden in the path.

• The width of the path.

• The speed of the chasing robot.

The following metrics tracking the proficiency of the child can be recorded:

• If the child arrives before or after the robot, being a proxy of speed.
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• The time required by the child to reach the end of the path, being a proxy of speed.

• The ratio between the number of points recorded outside the path and inside the
path, being a proxy of precision.

The Pressure Activity

This activity targets the mastery of the pressure aspect of handwriting. In it, the child
is controlling a robot’s head along a maze (as can be seen in Figure 8.1) by moving
the pen from left to right (between the start sign and the finish line) to control the x
position of the robot while the y position is controlled by the amount of pressure the
child applies with the pencil onto the tablet (increasing the pressure makes the robot
head move downwards, decreasing it makes it move upwards). In order to avoid the
obstacles within the game, the child therefore needs to learn to control the amount of
pressure he is applying on the tablet.

The difficulty of the activity can be adapted by changing the following parameters:

• The width of the passages (the gap between two peaks).

• The number of peaks.

The following metrics tracking the proficiency of the child can be recorded:

• The number of collision that occurred before success.

• The time required by the child to reach the end of the maze.

The Tilt Activity

This activity targets the mastery of the tilt aspect of handwriting. The child is using the
pen like a joystick to control the robot head (as can be seen in Figure 8.1) along the x
and y axis. The goal of the activity is to capture the battery in order to recharge the
robot while avoiding the bombs.

The difficulty of the activity can be adapted by changing the following parameters:

• The number of bombs.

• The position of the bombs

The following parameters tracking the proficiency of the child can be recorded:
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• The number of collision with the bombs.

• The time spent before success.

The Rainbow Activity

The rainbow activity is designed to be used with therapists. In a first phase, the therapist
writes a word, or a small text in the upper part of the screen (as can be seen in Figure
8.1). Each time the pen is lifted from the tablet, the color of the link is changed. The
child then is asked to write the same word with the goal of reproducing the same rainbow
of colors. If the colors match between the two words (the one written by the child and
the one written by the therapist), it means that the child could write properly using
pauses and liaisons.

The difficulty of the activity can be adapted by changing the following parameters:

• The chosen word of sentence.

The following metrics tracking the proficiency of the child can be required:

• The difference between the number of strokes reccorded by the therapist and the
child.
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Results

Activities assessment

One way to follow the progress of the child is through the remediation activities, by
following the evolutions of the corresponding, afore-listed metrics along the 30 weeks R.
was involved in the therapy.

In Figure 8.2, we can see the evolution of the length of the words that the child writes
during the Co-Writer activity. The word length is a good indicator of handwriting
difficulties since R. could initially only handle simple monosyllabic words. We can see
that at the beginning of the therapy, R. was writing simple short words composed of
simple letters like "maman", and progressively moved on to writing longer and harder
words like "jamais" at week 10 or "football" or "serpent" at week 30.
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Figure 8.2: Average number of letters in the words written by the child on each session
(one session per week). The blue line represents the evolution of the average word length
computed with a linear regression. To also illustrate the evolution in letter difficulty, the
letter used in some of the sessions are also reported.

In Figure 8.3, we can see the evolution of the progress metrics related to the Kinematic
activity during the 30 weeks of R.’s therapy. Despite some fluctuations (some due to an
increase of the robot’s speed during week 10 and 20), we can see an overall increase both
in the success ratio (ratio between the number of points recorded outside and inside the
path) which we value to be a proxy of precision, as well as in the child’s handwriting
speed.

In Figure 8.4, we can see the evolution of the progress metrics related to the Pressure
activity along the 30 weeks R. was involved in the experiment. We can see that the time
to reach the end of the maze (a proxy of R.’s proficiency in the exercise) stays relatively
constant in average (around 15 seconds) despite a clear increase in the exercise difficulty.
This shows an improvement in the performance of R. along the 30 weeks of therapy.
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Figure 8.4: Evolution of the metrics related to the Pressure activity. In red, the time
to reach the end of the maze is presented along the 30 weeks, while in blue we can see
the width between the peaks which is a proxy of the maze difficulty. The dashed lines
represent the linear interpolation of both the maze’s difficulty and the time to reach the
end of the maze.

In Figure 8.5, we can see the evolution of the time R. was taking to collect the five
batteries composing one gameplay in the Tilt activity (see Section 8.2 for additional
information). Contrary to the other activities, no significant progress seems to be made
by R. along the 30 weeks.
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Figure 8.5: Evolution of the time required by R. to finish the Tilt activity along the 30
weeks he was involved in the therapy. The dashed lines represent the linear interpolation
of the time to finish the activity.

Clinical Assessment

Figure 8.6 shows the evolution of the BHK scores (both quality and speed) during the
30 weeks R. has been using the system. While it was impossible to score the BHK test
conducted during the first week of the therapy due to a too low quality (see Figure 8.7),
the following weeks register a remarkable progression for both the quality and speed
score. As expected, we can see that whenever R. tried to go faster, quality decreased for
a brief period of time. Moreover, we can see that, even if the z-score indicates that R.
still presents negative Z-scores (meaning lower quality and speed than an average kid of
the same age and gender), both the quality and speed score, by the end of the therapy
sessions, have exceeded the dysgraphia threshold (defined as a Z-score of -2) meaning
that in view of this result, R. would not be considered dysgraphic anymore according to
the BHK test. At the end of the 30 weeks of the therapy, R. was ready to go back to a
regular school where he received special education. We can see in Figure 8.7 different
examples of BHKs conducted by R. during his therapy sessions. As can be seen, the
quality of the first BHK conducted 9 months before the first session is of too low quality
and thus non scorable. Starting from the beginning of the therapy, we can see both an
improvement in the handwriting quality and in the speed since the number of words
copied by R. constantly increases.

Conclusion and Discussion

In this chapter, we introduce a system aiming at remediating handwriting difficulties,
that was tested in a 30-weeks long study with one child name R.. One of our focus was
concerning the acceptability and usability of the system in a long term interaction. The
progressive and significant re-engagement of R. with handwriting, leading him to move
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Figure 8.6: Evolution of the Clinical BHK scores (speed and quality scores) during
occupation therapy sessions. The z-score shows how many standard deviation the
handwriting quality is compared to other children of the same gender and age. By
definition of the BHK test, a child is diagnosed dysgraphic if his score is below -2.

from a situation of total refusal to write to being able to rejoin a regular school with
special education, is a preliminary proof that our system can be successfully used in
a long term interaction to remediate handwriting difficulties. A video has been made,
following R. along the sessions and can be found at this link1.

One way to control the progression of the child is though the metrics that were extracted
during the different remediation activities. Following this idea, we tracked the progresses
in three of the four remediation activities namely the Co-Writer, Pressure and Kinematic
activities. Our hypothesis is that an improvement along one activity should be associated
with a similar improvement along the corresponding aspect of handwriting. In other
words, if R. is presenting improvements in the control of the pressure in the activity
Pressure, we hypothesize that this translates in an improvement in the control of pressure
during handwriting and thus leads to an improvement of the global quality of handwriting.

At a global level, this hypothesis seems to be confirmed: the steady improvements
observed in three of the activities (shown in Figures 8.2, 8.3 and 8.4) and aligned with
the remarkable improvement in the BHK quality and speed scores (shown in Figure
8.6 and 8.7). The improvements were such that, by the end of the therapy, R. was
not considered dysgraphic anymore according to the BHK test and could reintegrate
regular school (where he was still receiving special education). In addition, the therapists
reported a clear motivational improvement since R. was very strict with the scheduled
(asking to leave as soon as the session was over) at the beginning of the therapy, and

1https://vimeo.com/359343838/0c72433f2b
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didn’t complain anymore after a few sessions. He was even quite proud to be part of the
experiment and showed the system to another child in handwriting reeducation. That
being said, it is important to remark that the progress made by R. during the sessions is
hardly exclusively caused by the proposed system A likely concurrent, and possibly even
greater cause, could have been the quality of the human interaction between R. and the
therapists

As anticipated in the introduction, the model developed in Chapter 7 couldn’t be used
in this study since it was trained on data acquired on iPads tablets, while this study
relied on a Wacom system such as the one described in Chapter 4. The adaptation of the
activities’ difficulty through the different metrics as well as the suggestion of remediation
activities was done by the therapists rather than automatically. The IReCHeCk project,
funded by the Swiss NSF and the French ANR, started on February 2020, exactly aims
at extending the preliminary study reported here, by (i) integrating the remediation
activities here presented with the assessment model proposed in Chapter 7, (ii) expanding
the interaction analysis, by monitoring behavioral cues on the child and accordingly
adapting the robot’s own behavior, and (iii) assessing the usability of the whole system,
by testing it both in clinical and school environment. In the same way, the Dynamico
project, introduced in the next Part of this thesis, is also currently conducted with the
goal of creating a lighter version of the remediation system here proposed, fully integrated
with the model for automated assessment of handwriting difficulties, running on iPads,
and not requiring a robot, in order to have a broader use and higher impact on the
society.

This Chapter suggests that robots can be a useful and beneficial element in handwriting
activities, specifically considering the use of a social robot in the context of remediation of
handwriting difficulties. Considering the importance of the social aspect of the interaction
between the child and the robot, especially the importance of the child’s perception of
the robot, the next Chapter of this thesis explores the importance of the design of robot
behaviors for a better acceptance by children.
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9 Enhancing learner’s engagement

Introduction

As already seen in the first Chapter of this thesis, the Co-Writer research project aims to
help children with handwriting difficulties with an original approach: the child plays the
role of the teacher and a robot is a student requiring help to improve its handwriting.
This approach is called learning by teaching and presents several advantages. First, it
brings a positive reinforcement of the child’s self esteem (which is often particularly
low for these children) as he/she becomes the one who "knows and teaches" and is no
longer the worst student in the classroom [107]. Secondly, we can observe a huge gain of
motivation as the child, feeling responsible of the robot, is committed to the task with
a higher intensity compared to when practicing in a normal situation. This particular
interaction where children feel responsible of the robot is called the Protégé effect [108].
For this psychological aspect to work, the child however needs to believe he/she can
teach the robot, that its effort are useful. In other words, for the protégé effect to be fully
functional, the robot needs to be credible in its role of peer learner, exhibiting human-like
characteristics and behaviors and should not be cold and static as a robot. One of the
limitations concerning the Child-Robot Interaction within the Co-Writer project comes
from the unnatural-looking idle behaviour of the robot (i.e., when the robot does not
have anything to do, which actually accounts for the majority of the experiment time).
In an effort towards improving the credibility of the robot as a peer learner, and thus
increase the efficacy of the Co-Writer scenario as a handwriting remediation activity, in
this chapter we address the following questions: What can be done during these idle
moments, to make the robot act in a natural way.

This chapter present the work conducted in order to make the robot "look more human"
with the introduction of subtle movements during idle moments and corresponds to the
following publication:
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T. Asselborn, W. Johal and P. Dillenboug, "Keep on moving! Exploring anthropomor-
phic effects of motion during idle moments", 26th IEEE International Symposium on
Robot and Human Interactive Communication (RO-MAN), 2017 [109].

Context

Over the years, research has used humanoid robots in various contexts pertaining to child-
robot interactions, such as autism therapy [110, 111] or educational scenarios [112, 21].
Research findings suggest that the exhibition of social intelligence is a key factor for
the acceptance of assistive robots in daily usage [113, 114, 115, 116]. In order to endow
human-robot communication, research aims to improve robots with human-like abilities in
their social expression and intelligence. Noticeable progress has been made for functional
tasks, such as holding conversations [117], catching objects [118] or expressing emotions
[119, 120]. While a large corpus of literature aims at improving the robot’s performance
during a task, a much smaller attention has been given to the robot’s behavior off a task,
i.e. during what we call idle moments.

Non-verbal movements can be categorized into five classes [121]: (1) emblems, (2)
illustrators, (3) affect displays, (4) regulators and (5) adaptors. The first four are
communicative movements, used with a semantic goal such as the "OK" sign (1), pointing
towards an object (2), nodding to show comprehension (3), or smiling (4) for example.
Movements belonging to the last category are postural or other non-verbal movements
that are often performed during idle moments (we are still constantly moving even when
we are not engaged in a particular task). Adaptors often occur at a low level awareness.
They include self touching behaviors (such as twisting of the hair, scratching or swinging
of the legs) and object-adaptor (such as tapping of a pen or pushing one’s glasses up one’s
nose) [122]. Adaptor movements can be performed at different frequency, depending on
personality and context, and are considered to be social signals of communication. In
robotics, it is commonly admitted that these micro-movements can help in making the
interaction more natural and the robot more credible [123, 124]. Indeed, the absence of
movements during idle moments may make them look like statues - frozen while waiting.
However, their impact on anthropomorphism and on task performances hasn’t been
studied yet.

In this chapter, we explore children’s perception of robots (with or without adaptor
movements) in terms of anthropomorphism and performance. We hypothesize that a
robot displaying adaptor movements will be perceived to be more human and friendly
than another one displaying a static posture during idle periods. Conversely, we also
make the hypothesis that a high intensity of idle motion can be disruptive and thus
reduce children’s performances in an attention demanding task such as a memory game.

We designed a within subject experiment in which children were playing a memory game
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against two Nao humanoid robots. The two robots performed functional motions in the
exact same way, but only one of them displayed adaptor movements. We compared atten-
tional behaviour of the children by recording their gaze, and evaluated their subjective
perception with a questionnaire.

Related work

Anthropomorphism plays an important role in the attribution of social skills to robots
and gestures are a part of the anthropomorphic cues making robots more social [125].
In [126], authors compared two robots during an interaction with a human: one using
gestures when speaking, while the other stayed motionless. The robot using gestures
"was more anthropomorphized, participants perceived it as more likable, reported greater
shared reality with it and showed increased future contact intentions" compared to
the motionless robot. The impact of the non-verbal expressions of emotions and their
anthropomorphic incidence was also investigated as in [127], where authors showed that
"the robot’s socially intelligent behaviour (i.e., the expression of emotional states) affected
subsequent user evaluations" of robot’s anthropomorphism and "clearly influence both
perceptions of the interaction partner as well as the interaction itself" during HRI.

While there exist studies exploring the effect of movements during interactions, the effect
of gestures during idle moments (i.e. moments when the robot doesn’t perform a task) has
not been largely studied, especially in robotics. Some research in this domain concerns
avatars. In [128], the authors proposed to "generate subtle head and face movements
while a virtual character is in idle mode" and showed that this leads the character to
be perceived as more friendly. [129] reports an implementation of adaptor movements
for the whole body of virtual agents. The authors designed a module that allowed the
generation of subtle movements such as "changing balance because of fatigue, variations
in body posture caused by small muscle contractions or eye blinking" to avoid "the lack
of movements between different animation clips responsible of the unnatural-looking
frozen posture between motions". This research shows that avatars performing adaptor
movements were perceived as more human by users [130]. A few instances of recent
research present implementations of adaptor movements for humanoid robots. In [117],
the authors implemented one hundred interactive behaviours on a Robovie humanoid
robot where twenty of them were "idle behaviors such as scratching the head or folding
the arms". However, the goal of this research was totally different than ours since the
behaviours were implemented to increase the number of interactions between children and
the robot. In [131], the authors showed the importance of bodily motion in speechless
situations by exploring five distinguished roles of motion used during moments where one
does not speak: mood-setting, observing, listening, expecting and idling (corresponding to
our adaptor movements). The study does not explore the anthropomorphical incidence
of one particular category taken separately as the aim of the research was to provide a
guideline to "help create preferable motion designs of a humanoid robot" in speechless
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situations.

Method

Design of adaptor modes

In order to evaluate the degree of motion the robot should adopt during idle moments,
we designed three different levels of adaptor mode. We created a database containing a
set of 60 animations that mimic adaptor movements. These animations were labeled with
a mode according to their intensity (namely: low, medium and high). Several factors
may influence the intensity of an animation. For instance, the angle swept by joints
during motions, the duration of animations, the velocity of joints, or the joints concerned
(a movement of hand will have a lower impact compared to a movement of the shoulder
for example). The motion intensity can thus be computed in several ways, possibly only
loosely related to the intensity perceived by the observed. Since the focus of this study
is the impact of robot idle motions, and their intensity, on the human interacting with it
we decided to manually sort all the animations according to the perceived intensity.

In order to check the consistency of our manual sorting, we computed the intensity of
the animations composing the three groups to verify the manual annotation. the product
of three variables was used: the angle swept by joints during the animation, the angular
speed of these joints, as well as the duration of the animation. In addition, as some joints
have a smaller impact on the motion (hands, fingers) than others (knees, shoulders), a
weighting factor was also introduced (see Table 9.1) to take that into account in the
intensity calculation. This is based on a method commonly done to compute the quantity
of motion [132]. Concretely, the following equation was used to compute the intensity I
of a given animation:

I = tmotion ∗
n∑
i=1

ci ∗ αi ∗ vi (9.1)

with:

• c = weighting factor depending on the type of joint concerned (see table 9.1)

• α = Angle swept during motion

• v = Mean joint velocity while moving

• tmotion = Total duration of motion

• i = The joint id starting from the first one to the last one (the n-th)
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Ankle Elbow Hand Head Hip Knee Wrist
6 2 1 3 4 5 1

Table 9.1: Weighting factor assigned to the different joints of Nao to compute the quantity
of motion of the different animations.
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Figure 9.1: The measured intensity for the different groups of animations. Asterisks
denote statistically significant differences between the mean of different groups found
with a t-test. *p < 0.05 and **p < 0.01.

Figure 9.1 shows the intensity of motion for each of the three levels sorted manually
(calculated with equation 9.1). Even though we observe high variability, a t-test between
the means of the groups of animation showed statistically significant differences between
each of them. We decided therefore that the manually sorted groups were truly represen-
tative of different levels of intensity, both from a human observer perspective and from
an intrinsic motion perspective.

In addition, animations were launched with a frequency depending on the level of intensity
of adaptor movements: animations were triggered every 25 seconds on the first level
of intensity (low), every 18 seconds for the second level (medium) and finally every 12
seconds for the third one (high). For sake of clarity, this scale will be called the adaptor
scale from now on.

Experimental evaluation of adaptor modes

The memory game

The memory game features a set of matching card pairs that are randomly disposed
face-hidden. Players alternatively flip two cards (now face-showing) in an attempt to
find and collect matching pairs. The player that wins is one who collected the maximum
number of pairs. Since we targeted children younger than 6, we decided to limit the
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number of cards to 16 (disposed in a 4 by 4 grid). The choice of the memory game
was done due to the simplicity of its rules, the short duration of the game and the fact
that it is a competitive game (which pushes task engagement). It requires children to
pay attention and to memorize previously returned cards in order to defeat the robot
players. A very simple artificial intelligence was implemented for the robots’ strategy.
The robots were forgetting the cards flipped during a given round Ri according to a
certain probability depending on the difference between the current round R and Ri.
The probability to forget a card on Ri is given by the formula: P (i) = 1− 1/(Ri −R)
(with i being the index of the round). The game was implemented on an Android tablet.

Experimental Setup

The experiment was conducted in a school in France and involved 20 children (12 girls,
and 8 boys) aged 5 years old. Children played the memory game against two identical
NAO robots placed in front of them (see Figure 9.2, A and B). In addition to being
physically identical (to remove any bias, the two robots were of same color and gender
(i.e. called Mimi and Clem)), the robots behaved identically whenever actively involved
in the game. This means that they acted the same way when returning a card, exhibited
similar behaviors when winning and losing and employed the same artificial intelligence
based decision-making process throughout the game. The head movements were also
implemented on both robots as a lot of studies showed their importance on human
perception [128, 133, 134, 135].

The only difference was that while one robot (called static robot) was completely static
during idle moments, the other (called adaptor robot) would display specific movements,
called adaptor movements, during this period.

During the experiment, each child played three games, each time at a different level of
adaptor mode (in a random order).

Measures

Task Performance The number of matching pairs collected during rounds of the
memory game by the child has been used as a measure of performance.

Child’s Visual Attention Two cameras facing the children were used (see Figure 9.2,
C). The first one was simply used to record the experiment (audio and video) while the
second one was used to track the child’s gaze and head pose.
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Figure 9.2: A and B: The two Nao robots playing memory. One of them stays static
whereas the other performs adaptor movements during idle moments. C: Two cameras
are facing the child. One is used to record a video of the experiment, the other is used to
detect if the child is either looking at the left robot, right robot or the tablet computer.
D: The tablet implementing the memory game.

Perceived Anthropomorphism and Proficiency We adapted some items from the
GodSpeed questionnaire [136] to measure the anthropomorphical difference between the
two robots1. Children evaluated the robots on four different metrics, namely humanity,
friendliness, attention and proficiency. Specifically, the questionnaire included 6 items
with a 5-levels scale, assessing each robot individually and 4 open questions.

Hypotheses

H1: The robot with adaptor movements will be perceived more human and friendly by
the children compared to the other one. We think that this impact will depend on
the level of the adaptor mode. We also don’t expect to see any correlation of the
adaptor movements with the perceived attentiveness of the robot and its perceived
proficiency in the task.

H2: The best robot (the one that collects the highest number of pairs during a game)
will be perceived as more proficient and attentive by children independently from
the idle mode.

H3: The child will be more prone to look at the robot displaying adaptor movements.
Once again, we expect to see an increase of this tendency with the level of adaptor
mode.

1https://github.com/asselbor/Questionnaire
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Figure 9.3: Anthropomorphic differences between the robot with adaptor movements
(called "Adaptor Robot") and the other one (called "Static Robot") as a function of
adaptor mode in terms of friendliness, humanity, proficiency and attention (*p < 0.05
and **p < 0.01).

Results and Discussion

H1: Perceived Anthropomorphism

Figure 9.3 shows an increase in terms of perceived humanity and friendliness with the level
of adaptor mode. As the data were not found to follow a normal distribution, a one-sided
Wilcoxon test was used and showed that the robot with adaptor movements was perceived
more friendly (M = 1.38, SD = 0.92, t(19) = 2.5, p < 0.01) and human-like (M = 1.1,
SD = 1.3, t(19) = 9.0, p < 0.05) compared to the static one for adaptor mode on level 3.
It was also found to be more friendly at adaptor mode on level 2 (M = 0.8, SD = 1.16,
t(19) = 13.0, p < 0.05). For adaptor mode on level 1, no statistical significance was found.
As expected, we didn’t find any difference concerning the perceived attentiveness of the
robots. No significant difference was found for the proficiency metric for any adaptor
mode level, meaning that the static and adaptor robots both looked equally competent.

It was also extracted that the robot with adaptor movements was found to be more
human-like and friendly at level 3 than at level 1 (p < 0.05 for both).

H2: Proficiency

As expected, it was found that the best robot (the one that collected the highest number
of pairs at the end of a game) was perceived more proficient than the other one (Wilcoxon
test: t(49) = 125.0, p < 0.01). No influence of the static or adaptor mode was found on
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Figure 9.4: Gazing proportion for the robots and the tablet according to (Left): the
game session, (Right): the mode of adaptor movements (*p < 0.05 and **p < 0.01).

the proficiency metric. These results are not surprising but tend to prove the proper
functioning of the questionnaire.

H3: Visual Attention

In Figure 9.4, we can see that children tend to look more at the robot with adaptor
movements compared to the static one. As expected, this tendency depends on the
mode of the adaptor movements (see Figure 9.4-right). The proportion of gaze on the
static robot seems to be relatively constant (around 20%) across the three adaptor mode
conditions. The gaze proportion to the tablet seems to decrease as the intensity of
the adaptor movements increases. We expected the mode of adaptor movements to be
correlated with the average number of pairs collected by the children during a game, as
they will be more distracted by the robot (an intuition supported by the results in Figure
9.4, suggesting that the extra time dedicated to the adaptor robot is taken from the time
spend looking at the tablet). However, no statistical difference in the number of cards
collected was found in function of the mode of adaptor movement (see Figure 9.5, right).
These results show that adaptor movements are, in addition of making the robot look
more natural, not disruptive for performances in this task. Of course, this result is only
valid for this specific example. This result will be further developed in the next Section.

Figure 9.4-left showed a significant increase in the proportion of gaze match on the tablet
according to the game session (children were playing three games in a row during the
experiment). We believe that the children’s habituation of the robots is responsible of
this tendency. As time goes by, children become less distracted by the robots and more
focused on the tablet and therefore on the memory game itself. We would therefore expect
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Figure 9.5: Number of matching pairs found by children according to (left): the game
session, (Right): the mode of adaptor movements (*p < 0.05).

an increase in the children’s performance measured by a higher number of matching pairs
collected and therefore by a diminution of the game session duration as the game is more
likely to be finished quicker. The increase in the number of matching pairs collected as a
function of the game session could be extracted as can be seen on Figure 9.5-Left. A
one-sided Wilcoxon test showed a statistical increasing number of matching pairs between
game round 1 and 3 (p < 0.05).

Conclusion and Discussion

In this chapter, we saw that the introduction of adaptor movement during idle moment
can enhance the humanity and friendliness of a humanoid robot. Indeed, statistically
significant correlations were extracted between the adaptor movements and the humanity
and friendliness perception. It was also shown that these correlations are dependent on
the intensiveness of the adaptor movements during idle moments. Interestingly and even
if the exhibition of adaptor movements was attracting children’s gaze depending on their
intensity, these movements were not found to be disruptive for the task as the number of
pairs collected by children stayed relatively constant across the three levels of adaptor
mode.

However, it is important to temper the results extracted through this experiment. Indeed,
it would be very naive to affirm that there is a linear relation between the intensiveness
of adaptor movements and the anthropomorphic capabilities of the robot. We believe
that a threshold (in term of intensiveness of adaptor movements), where the movements
are no more beneficial for anthropomorphical perceptions, might exist. In this research,
the intensiveness of the movements might just be too low to be disruptive for children.
In a future work, it would be interesting to measure the anthropomorphic implications
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of more intensive adaptor movements and to investigate at which point the intensiveness
of adaptor movements becomes more disruptive than useful for the interaction.

Another limitation comes from the fact that this experiment was conducted only on
five years old children. In a future work, it would be also interesting to check if our
assumptions also stand for other age groups, such as adults, or for different cultures.

In the next Chapter, we explore the use of small mobile robots to support learning the
basic handwriting skills, typically acquired in pre-school.
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tion

Introduction

In this chapter, we aim to exploit the sensory information provided using the tangible,
haptic-enabled Cellulo robots [137] to enhance the acquisition of some important aspects
of handwriting generally learnt during pre-school including the representation of the
letter’s grapheme (letter’s shape) and ductus (letter’s drawing pattern). To this end, we
designed innovative activities aiming to provide enhanced learning experience. In a next
phase, the activities developed and tested here can possibly go and enrich that portfolio
of remediation activities that is the main theme of this part.

This work corresponds to the following publications:

T. Asselborn, A. Guneysu, K. Mrini, E. Yadollahi, A. Ozgur, W. Johal and P. Dil-
lenboug, "Bringing letters to life: handwriting with haptic-enabled tangible robots",
Proceedings of the 17th ACM Conference on Interaction Design and Children (IDC),
2018 [9].

A. Guneysu, A. Ozgur, T. Asselborn, W. Johal, E. Yadollahi, B. Bruno, M. Skweres
and P. Dillenbourg, "Iterative Design and Evaluation of a Tangible Robot-Assisted
Handwriting Activity for Special Education", Frontiers in Robotics and AI, 2020.

Method

Pedagogical Design

A letter representation is defined by the letter’s grapheme (visual representation), ductus
(the direction its writing should follow between starting and end point) and phoneme
(its pronunciation).

105



Chapter 10. Enhancing Letters Representation

Our objective is that children enhance the link between the grapheme and the ductus
with the phoneme. In other words, they should be able to write the letter with the right
dynamic when they hear its pronunciation. It is important to notice that we excluded
the fine-motor aspect of handwriting from this study as it is different from the visual
perception and visual-motor coordination aspects that we are interested in. Concretely,
our aim here is complementary to the one of the remediation activities proposed in
Chapter 8: in fact our goal is to enhance the child’s letters representation (grapheme
and ductus) but not the way these letters are produced on paper.

Using this, the following sub-goals are defined:

1. Remember Grapheme: Memorizing the letter’s physical representation.

2. Remember Ductus: Memorizing the letter’s drawing pattern.

3. Memorizing the Phoneme to Ductus-Grapheme Link: Memorizing the link
between the letter’s pronunciation (phoneme) and the corresponding grapheme and
ductus.

In order to help children enhance these multi-modal mental representations, several
learning activities were designed and are described in the section below.

Figure 10.1: Letter maps with direction cues.

Participants

As explained in the introduction, we focused in this study on the visual perception as
well as the visual-motor coordination that are two aspects of handwriting that need to
be developed early in the handwriting learning process. That is why we targeted in this
study children from kindergarten (5.2 years old in average at the moment of this study).
We obtained the consent of the 17 children from the kindergarten of this school as well as
the one of their legal responsible. All experiments and tests were carried out in a special
classroom put at our disposal under the control of one of the school’s teacher.
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Activity Design

Before designing our activities, we discussed with pre-school teachers how we can position
Cellulo in handwriting activities. The following robot’s features were found to be
particularly useful: haptic information, autonomous motion and synchronized behavior
of multiple robots. Haptics allows a child touching the robot to receive individuals,
instantaneous information in a form of a force, or vibration, that the robot transmits to
the child’s hand. This can be used in our case to inform the child of errors and guide him
towards the right ductus. Autonomous motion makes the robot capable of autonomously
reproducing the ductus, whereas synchronization helps designing collaborative team
activities. In order to avoid the split attention effect and an excessive cognitive load
for the school-children, we started with passive activities where children do not have to
move the robot and then continued with active learning activities where children have to
move the robot and get haptic, LED-based and sound feedback.

Since children were taught the letters ’a,l,e,u’ at the moment of this study, we decided
to focus on this subset of letters during our teaching activities.

Watch the Robot: Learning letter’s Grapheme and Ductus

The goal of the first activity is to help children in learning the letter’s ductus by watching
the robot writing the letter on a map with the letter’s grapheme drawn on top of it (with
graphical elements and arrows providing direction cues as can be seen in Figure 10.1).
The robot performs the motion dynamics of the letter with its LED turning red when
the robot starts writing, and turning green when it finishes. The lights are informative
of the writing process, and the movement of the robot on top of the grapheme provides
an innovative way to represent the ductus of the letter. Finally, the letter’s phoneme is
generated at the beginning and the end of the writing.

Feel the Robot: Learning letter’s Grapheme and Ductus

In the second activity, we add another representation of the letter’s ductus by asking the
child to feel the way the letter is drawn. To do so, we ask the child to put his/her hand
on top of the robot, while it autonomously writes the letters as in the activity "Watch
the Robot".

The child does not actively move the robot, but only follows its automated motion as it
draws the letter. This activity can be seen in Figure 10.2-top.

This passive hand-held activity is a prelude for the following activities where the child
takes on a more active role.
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Figure 10.2: Top: Feeling the Robot. All robots move simultaneously while each child
keeps a hand on top of his/her robot in order to feel the ductus of the letter. Middle:
Driving the Robot. The child drives his/her own robot with real-time haptic feedback
when the robot is out of the letter’s path. Bottom: Team activity.

Drive the Robot: Memorizing the Ductus of the Letter

In the third activity, the child takes a more proactive role since he/she needs to drive
the robot in order to produce the correct ductus of the letter displayed on the map (see
Figure 10.2-middle). The robot provides assistive haptic feedback by pushing towards
the expected path whenever the child moves away from it.

A visual feedback is also offered since the robot’s LEDs turn green when the correct path
is followed, and turn red otherwise. These two feedback elements condition the child to
recognize errors, and they serve as an extrinsic motivation for drawing correctly.

Team Activity: From Ductus to Grapheme

One after the other, a child plays the "writer" and the other two play the "guessers". A
physical barrier separates the writer from the guessers, so that they cannot see each
other. At the beginning of the activity, all children are given a Cellulo robot and a map,
but while the one of the writer reproduces the grapheme of a letter, the ones for the
guessers are blank. Then, the writer is asked to write the letter with his/her robot (as in
"Drive the Robot"): the motions of this robot are exactly replicated by the robots of the
two guessers, who, by looking at them, have to guess which is the letter written by the
writer. An illustration of this activity can be seen in Figure 10.2-down.
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Performance Measurement

In order to explore the added value of our system to the handwriting learning process,
we want to assess the visual perception (representation of the letter’s grapheme) and the
visual-motor coordination (representation of the letter’s ductus) aspects of the learners
in detail. In other words, we want to assess the quality of the letter representation in the
child’s mind in terms of ductus and grapheme. In all the performance evaluation tests
we describe below, 8 letters are investigated (the 4 letters (e, u, l, a) targeted during
the sessions (with traditional methods and with robots) and 4 letters not taught (y, m,
n, o)). The remaining letters (y, m, n, o) are added to see if transfer learning occurs
during our teaching session. As described in the next Section, three different sub-skills
are investigated:

• From Phoneme to Grapheme-Ductus: The first sub-skill we want to assess is the
link between the sound of the letter (phoneme) and how it is drawn (grapheme
and ductus). A software (see Figure 10.3-left) with the following functionality was
created: the child hears the phoneme of a letter (when pressing button #1) and
is asked to draw the corresponding grapheme on a graphic tablet (Wacom Cintiq
Pro) with a pen. As the link between the grapheme and the phoneme of the letter
might not yet be fully operational, children have the possibility to see the letter’s
grapheme for a short period (one second, upon pressing button #2). Throughout
the test, we ensured that children do not see the model while they already have a
representation of the letter in their mind.

• From Grapheme to Ductus: This test evaluates the link between the grapheme and
the ductus. As can be seen in Figure 10.3-middle, the graphemes of the letters are
displayed on the tablet’s screen. Children are expected to draw the letter directly
on top of the model. The ductus of the letter is assessed during this test. The
quality of the final grapheme is not taken into account since we do not focus on
fine motor skills in this study.

• From Phoneme to Grapheme: The last test evaluates the ability of the child to find
the right grapheme after hearing the phoneme of a letter. The child has to press a
button to hear the phoneme of a letter and find the associated grapheme among a
choice of 8 letters (u, y, l, a, e, m and o) as can be seen in Figure 10.3-right.

Experimental Design

Our aim in this study is to explore how the use of haptic-enabled robots can have a
positive contribution in learning the representation of letters (grapheme and ductus). In
order to compare this new way of teaching, we decided to take the traditional way of
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Figure 10.3: Left: assessment of the phoneme to grapheme-ductus link. With button 1,
the child hears the phoneme of the letter. With button 2, the child has access to the
model of the letter (grapheme only) for 1 second. In area 3, the child writes the letter.
Once finished, button 4 is used to save the data. Middle: assessment of the grapheme
to ductus link. The model of the letter is presented on the screen, the child simply draws
the letter on top of the model. Right: assessment of the phoneme to grapheme link.
The child hears the phoneme of a letter and has to select its corresponding grapheme
among the shown options

teaching letters’ representation (such as the ones presented in [57, 27]) as a baseline for
our method.

All participating children were split in two groups based on their pre-test performance
(averaged performance was similar in the two groups). The first group, named "robot
group", used the robots during their teaching sessions while the other one, named
"control group", learned the same letters with traditional methods. The robot group
was composed of 4 males and 5 females (mean age 5.36 years old) while the control group
was composed of 3 males and 5 females (mean age 5.24 years old).

In Figure 10.4, you can see the schedule of the experiment for both groups. Two teaching
sessions (with robots for the robot groups, with traditional methods for the control
group) were given between the Pre-test and the Post-test. The session duration for the
two groups was controlled to be the same (2 x 40 minutes), and the letters taught during
the sessions (e, l, u, a) were the same as well. The comparison between the results of
the Pre-test and the Post-test of the two groups allows us to compare the two teaching
methods and give us an insight on the possible value that our robots and activities can
bring to the teaching of the foundations of handwriting. Finally, in order to have a
first insight on what the combined effect of the two teaching methods could be, another
teaching session with the robots was given to the control group followed by another
post-test called Bonus-test.

Results

In order to assess the test results of within subject studies we used the Wilcoxon signed
rank test since our data are not normally distributed. Concerning the between-subject
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Figure 10.4: Timeline of the experiment.

studies, the Mann-Whitney U test was used.

The majority of the graphs presented in this section displays the results concerning the 4
letters taught during the teaching sessions (u,l,a,e) and omit the results concerning the
4 letters not taught. This is done for clarity reasons as no significant results could be
observed for these 4 letters.

From Phoneme to Grapheme-Ductus

In the test assessing the quality of the Phoneme to Grapheme-Ductus link, children
were asked to write the letter after hearing the phoneme of it. They also have access
to a button showing the model of the letter (grapheme) for 1 second. We hypothesized
that the teaching sessions (both traditional and with the robot) would help children
to memorize the letters’ graphemes, and therefore the number of clicks on the button
showing the model would decrease from the pre-test to the post-test.

In Figure 10.5, we can see the mean number of clicks for the letters taught for the two
groups. Concerning the robot group, even if no significant difference between the pre-test
and the post-test can be extracted, a slight decrease in the number of clicks to see the
letter model can be observed. The same test on a larger sample of children would need
to be conducted in order to confirm this result.

Concerning the control group, no significant results were found between the pre-test
and the post-test. A significant decrease in the number of clicks was found between the
post-test and the bonus-test (Wilcoxon signed rank test: W (36) = 0.0, p = 0.0421). It
might be an added value of the two teaching sessions combined together, but may also
be a consequence of getting three sessions of learning, or assessing their knowledge after
one sessions instead of two. In order to answer this question, it would be necessary to
investigate the impact of 3 teaching sessions in a future work.
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The second important aspect we were interested in during this test was related to the
quality of the ductus produced. 4 experts were asked to grade every child’s letter’s
ductus between 0 (for totally wrong ductus) and 3 (perfect ductus with proper start and
end points and directions). Figure 10.6 shows the mean grade of the 4 letters taught
during the teaching sessions for both groups. Concerning the robot group, results show a
slight increase but no statistically significant improvement in the letter’s ductus after the
two teaching sessions with the robots. For the control group, no statistically significant
progress was found after the two teaching sessions with traditional methods. However,
when the two teaching sessions with traditional methods were combined with a teaching
session with the robots, a statistically significant improvement in the quality of the
ductus of the letter can be observed (Wilcoxon signed rank test: W (36) = 1.0, p < 0.05).
We find this result promising as it might imply that the combination of the two teaching
methods can bring additional value in the learning process of the letter’s ductus. In
order to confirm this hypothesis, we would need to compare the progress emerging after
3 teaching sessions with traditional methods, with the progress emerging from 3 teaching
sessions with traditional methods together with robots, similar to the one done here.

Figure 10.5: Number of clicks to see the letter’s grapheme averaged for the letters taught
during the test "From Phoneme to Grapheme-Ductus". A significant difference in the
number of clicks was observed between the bonus-test and the post-test of the control
group (W (36) = 0.0, p = 0.0421)

From Grapheme to Ductus

In order to assess the quality of the link between the grapheme and the ductus, the same
expert-based grading method previously described was used on the childrens’ production
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Figure 10.6: Ductus performance of children in the test "From Phoneme to Grapheme-
Ductus" for the two groups. Asterisks denote statistically significant differences between
the mean rank of population found with a Wilcoxon signed rank test (*p < 0.05,
**p < 0.01)

during this test. In Figure 10.7, the mean score given to the children letters’ ductus is
presented. In this test, since children were writing directly on top of the model, they
needed to remember the ductus of the letter but not necessarily its grapheme.

Concerning the robot group, a statistically significant improvement in the ductus repre-
sentation of the letters can be observed after the two teaching sessions with the robots
(between pre-test and post-test: W (36) = 0.0, p = 0.0117). On the other hand, no
statistically significant improvement was found after the two sessions (between pre-test
and post-test) with traditional teaching methods. In addition, a statistically significant
improvement was measured after the last session taught using robots (between the
post-test and the bonus-test: W (32) = 1.0, p = 0.0274).

A Mann-Whitney U test with independent samples reporting the improvement in term
of letter’s ductus from the pre-test to the post-test between the two populations (with
robots and with traditional methods) was conducted. A statistically significant difference
in term of learning gain was observed (U(32) = 291.5, p = 0.0031). In other words,
children in the robot group were learned more than the children in the control group, in
this specific task.

The results presented here show that robots can bring additional value in a typical
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classroom environment, as we can see progress when robots are used together with
traditional teaching methods. Similarly, we see progress when only robots are used, but
not when only traditional methods are used. Results should however be taken with a
pinch of salt since a possible ceiling effect present in the pre-test of the control group
could be biasing the results.

Figure 10.7: Ductus performance of children in the test "From Grapheme to Ductus".
Statistically significant progress in the letters’ ductus score was observed between the
post-test and the pre-test of the robot group (W (36) = 0.0, p = 0.0117) as well as between
the bonus-test and the post-test of the control group (W (32) = 1.0, p = 0.0274)

From Phoneme to Grapheme

In this test, only the first attempt of children while guessing the letter is considered.
Indeed, we realized that if children failed to discriminate the expected letter’ grapheme
among others on their first attempt, they will often randomly selects another letter until
finding the right answer.

Figure 10.8 presents the results of this test. The y axis represents the percentage of
letters guessed at the first trial (100 % means 4 letters are correctly guessed by the child
at the first selection) while the x axis represents the test index.

For the two groups, no statistically significant improvement could be found between the
pre-test and the post-test, even though an increasing trend can be observed. However,
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when the two teaching methods were taken together (between the pre-test and the
bonus-test in the control group, with the two traditional sessions and one robot session),
a statistically significant improvement can be seen with respect to the pre-test (W (32) =
0, p = 0.039). This may indicate the benefits that the combination of the two teaching
method can bring for learning visual perception skills and discrimination of the letters.
An alternative hypothesis would be that results were not statistically significant after
two sessions (both with the robots and with traditional methods) only because of the
too small amount of time spent to teach this concept. In this case, adding one teaching
session (with robots or with traditional methods) would make the progress statistically
significant. In order to get more clarity on these hypotheses, another study with more
teaching sessions would need to be conducted.

Figure 10.8: Results concerning the link between the letter’s phoneme and its associated
grapheme, obtained from the test "From Phoneme to Grapheme". The y-axis indicates
the percentage of letters guessed at the first attempt for the two groups (control group
and robot group). Asterisks denote statistically significant differences between the mean
rank of population found with a Wilcoxon signed rank test (*p < 0.05)

Additional analysis

The primary goal of this study was to explore how haptic enabled robots could be used to
enhance the quality of the letter representation in the learner’s mind. Nonetheless, it is
also interesting to explore if the same robots could also affects other skills of handwriting;
more specifically, whether they could have a positive impact on the fine motor skills.
Even though it is difficult to extract an handwriting feature linked with the quality of

115



Chapter 10. Enhancing Letters Representation

the motor control skill, previous research suggests that the average handwriting speed as
well as the overall letter legibility can be correlated with the handwriting fluency and in
particular the fine motor skill controlling the handwriting production [62, 138].

Handwriting Speed

Figure 10.9 presents the evolution of the average handwriting speed for the robot
and the control group. We can see a statistically significant increase of this measure
(W (36) = 25.0, p = 0.0261) at the end of the two teaching sessions (between the
pre-test and the post-test) for the robot group. It is also interesting to notice that
the average speed also increases for the letters not taught during the learning session
(W (36) = 26.0, p = 0.0299).

A plausible explanation concerning the progress in the letters not taught could be that
the learner might be able to transfer the skill acquired concerning the fluidity of the
gesture from one letter to another, as any letter is a recomposition of well-known shapes
and strokes that are shared by many of the letters of the alphabet [139].

No significant improvement related to the handwriting speed was found for the control
group after the two teaching sessions with traditional methods. A Mann-Whitney U test
was run to compare the difference between the learning gain of the two groups (between
the post-test and the pre-test). This test reported a marginally significant difference
between the learning gain of the two groups (U(32) = 2390.0, p = 0.0518).

Figure 10.9: The average handwriting speed extracted from the test "From Phoneme
to Grapheme-Ductus". Asterisks denote statistically significant differences between the
mean of different groups found with a Wilcoxon signed rank test (*p < 0.05)
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Handwriting legibility

In order to assess the letter’s handwriting legibility, 4 experts were asked to grade
every child’s letter’s grapheme between 0 (for totally wrong grapheme) and 3 (perfect
grapheme).

Marginally significant progress could be observed for the handwriting legibility of the
letters taught in the robot group (W (36) = 10.5, p = 0.091) but not for the letters not
taught. Concerning the control group, no difference could be observed after the two
teaching sessions with the traditional methods. However, after the last teaching session
with robots (between the post-test and the bonus-test), marginally significant progress
(W (36) = 5.0, p = 0.067) could be observed both for the letters taught and not taught.

As in the case of the mean handwriting speed, these results give us reason to believe that
our robots may bring an added value when incorporated in a typical school environment.
Again, more work will be needed to confirm this hypothesis. We believe that the
haptic assistive feedback allowed by the use of the robot is responsible of the results
(improvement in the handwriting legibility and speed) observed here and presents a
possible betterment compared to traditional methods. This assumption appears to be in
line with the literature investigating the contribution of haptic on learning [140, 54].

Conclusion and Discussion

The objective of this study was to explore how the haptic sensory modality activated by
tangible robots can be used for the learning of the ductus and grapheme representation
of letters, which requires mastering visual perception and visual-motor coordination, two
important concept in handwriting acquisition.

Tests evaluating children performance were carefully designed in order to extract the
child’s knowledge in the specific aspects of their letter representation (phoneme-grapheme,
phoneme-ductus and grapheme-ductus link) that we aimed to enhance.

Despite the limited number of trials and participants, improvements concerning the
letter representation could be observed. The tests showed that the use of a haptic device
allows children to enhance their representation of the ductus of the letters in a fast and
effective way (link between grapheme and ductus). We could also see that combining
the two teaching methods may be beneficial in the learning of letters’ visual perception
(link between phoneme and grapheme) as well as in the ductus representation (link from
phoneme to grapheme-ductus). However, it would be to premature to claim that similar
performance cannot be obtained using only traditional methods. For the moment, we
can only say that using robots can be at least as effective as traditional methods to
teach the concepts presented in this study. We feel that the use of robots to complement
traditional methods helps to cross ceilings/barriers that are encountered by some children
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and could help overcome stagnation for them. More research will need to be performed
in the future to investigate the assumption raised here.

Interestingly, significant results could be observed concerning the fine motor skills and in
particular in the mean handwriting speed as well as in the letter legibility. These results
were observed to be transfered from the letters taught to the ones not taught, which
we hypothesise to be caused by the common strokes shared across letters in the Latin
alphabet.

Results of this study are clearly limited by the small number of subjects (17 children)
involved in our experiment. In order to confirm the results observed here, another
experiment involving a higher number of student would need to be conducted.

Another limitation comes with the design of our experiment. Since we could not run the
bonus test with both groups, the control and the robot groups differ in their number of
learning sessions and the modality of learning (different teaching methods). This prevents
from clearly isolating the factor that is responsible for the learning rate differences.
Future work will be done in order to more deeply investigate the causes leading to the
progress shown through this study.

Finally, the introduction of these kinds of robots in the classroom is typically affected by
the novelty effect, which might result in an increase of engagement from the children
which might result in bias the test outcomes. It is certainly interesting to run additional
experiments in a long term study to test this effect.
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Overview

Even with correct training, up to 25% of children never master handwriting like their
peers. While research shows a correlation between handwriting difficulties and school
failure, these difficulties can also impact children in their self esteem and behavioral
development. Since the mastery of handwriting requires a lot of different skills, it is
never easy to understand where a given child is facing difficulties, nor how exactly to
help him/her overcome them. The two problems, the analysis of handwriting, difficulties
and their remediation, albeit related, can be treated independently and correspond
respectively to the Part 2 and Part 3 of this thesis.

In Part 2, we tried to modernize the currently adopted handwriting tests (with a specific
reference to the de-facto standard BHK), that show clear limitations in the era of
digitalization. Indeed, the nature itself of these tests, conducted on paper, restricts
them to the analysis of the final static aspect of handwriting. Its dynamics, found to
be very important as seen in Chapter 3, is therefore hidden and cannot be taken into
consideration. For this reason, we designed in collaboration with therapists several
features that describe different aspects of handwriting, which are not limited to static
but also capture kinematic, pressure and tilt. Using these features as input of a Random
Forest model, we were able to detect dysgraphia with a remarkable accuracy and a
considerably shorter time with respect to the BHK test (see Chapter 4). The designed
features have the main advantage to describe very low level aspects of handwriting, which
makes them quite independent of the writing content. In Chapter 5, we verified this
hypothesis by giving the proof of concept that our model for automatic detection of
handwriting difficulties can be translated from the latin to the the cyrillic alphabet. In
the same way, we demonstrated in Chapter 6 that our model can also, given retraining,
be used on paper or directly on digital tablets, like iPads. Finally, in the last Chapter of
the analysis part, we introduced our iPad-based test allowing to extract the handwriting
multidimensional handwriting profile of the child. This test aims to answer the first of the

121



Chapter 11. Main findings

afore-discussed problems, by allowing for extracting the specific strengths and weaknesses
of a child, in less than a minute, on different aspects and at different granularities.

Part 3 of this thesis tackles the problem of designing remediation activities for handwriting
difficulties. In Chapter 8 we designed activities specifically targeting the handwriting
aspects identified by the model developed in Chapter 7 and obtained a preliminary proof
of concept that serious games targeting specific skills of handwriting (e.g. pressure,
kinematic, tilt, ...) can have a positive impact on the overall quality of handwriting. The
following chapters tackle two corollary, but still crucial questions related to handwriting
remediation. As we saw, the remediation activities discussed in Chapter 8 are integrated
in a Child-Robot Interaction scenario, in which the child is the teacher of the robot,
and the reported study highlighted the importance of the child’s perception of the
robot and the interaction with it. In Chapter 9 we gave a proof of concept of the
importance of the design of robot behaviors towards social acceptance with children, by
specifically addressing adaptor movements during idle moments. Finally, in Chapter
10 we investigated whether it is possible to "remediate some handwriting difficulties
by preventing them", i.e., by supporting pre-school children in the acquisition of the
fundamental visuo-motor coordination skills required by handwriting.

Scientific contributions

The main scientific contribution of this thesis is undeniably the handwriting analysis part.
The model presented in Chapter 3 allowed us to show the importance of the dynamics of
handwriting in the detection of handwriting difficulties. We showed that its incorporation
in machine learning models was associated with a significant increase of performance.
In particular, we showed that the dynamics, by bringing insights on "how the letter is
produced", help our model to distinguish visually similar letters.

In Chapter 4, we presented a first version of a model allowing to detect handwriting
difficulties based on low level features. In addition, this work allowed us to put in light
aspects of handwriting previously unexplored and explain them from a clinical point of
view that may bring new insight for therapists within their sessions with children. Indeed,
one of our goals was to ensure the interpretability of the model, using our machine
learning models to reveal the aspects of handwriting that are important to explain
handwriting difficulties, in a manner which is understandable by human practitioners.
The fact that the kinematic and pressure features turned our to be the most important
to explain handwriting difficulties is, in our opinion, an important result that shows that
the current tests used to detect handwriting difficulties need to be modernized.

In Chapter 5 and 6, we showed another advantage that the low level features on which
our models are built upon can bring. Indeed, since they describe very low level aspects of
handwriting, that make them independent of the writing content, we could show through
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two statistical tests that: (1) while there are absolute differences in the feature values
when children are changing alphabet or support, (2) the specificity of handwriting is
preserved. In other words, a child one sigma away from average for one feature when
writing in a given alphabet will also be one sigma away from average for the same feature
when writing in another alphabet (or when switching support). Of course, it would be
to premature to extend this result to all alphabets or supports, but we can reasonably
believe that this result stands between languages that share the same roots (for example
between children writing in French or English). To further investigate this point, we are
currently expanding the set of alphabets we tested our model on, namely considering the
Chinese alphabet.

In Chapter 7, further enhancing the interpretability of its outcomes, we extend the model
presented in Chapter 4, giving more interpretability and becoming totally independent
from any handwriting test currently existing. Indeed, by combining the features designed
together with therapists with unsupervised learning method, we designed a data-driven
approach to find the handwriting aspects best explaining the difference in handwriting
between children. Contrary to the analysis conducted in Chapter 4, this model allows us
to extract information about handwriting difficulty themselves, abandoning any initial
reference to the BHK test. Specifically, the feature importance computed by the PCA
analysis of Chapter 7 captures information about handwriting itself, and what creates
the differences between one’s handwriting and another’s, thus allowing for an analysis of
a person’s handwriting quality which is independent from any human-based handwriting
quality assessment. We believe that this is an important contribution since it can be
used by the therapists to better understand their patients and also by the scientific
community for even broader applications. For instance, our contribution raised significant
interest well beyond the world of handwriting difficulties diagnosis and remediation, from
researchers interested in using our model to diagnose aphasia, hemiplegia or autism for
example. In view of the high interest obtained from therapists, school directors, teachers
and parents when our articles were published, we decided to exploit the afore-discussed
scientific contribution as a commercial product as presented in the next and last Chapter
of this thesis. Finally, it is important to notice that the system described in this part
solely focuses on motor-related handwriting difficulties, which represent a portion of all
handwriting difficulties. For example, the overlap of dysgraphia and dyslexia (severe
problem with reading), i.e., the set of handwriting difficulties which are caused by or
related to reading difficulties, is not covered by our system. If we want to extend the
type and number of handwriting difficulties detected by our system, additional work will
need to be carried out.

Concerning the remediation part, Chapter 8 presents the study in which we tested
for the first time our system involving remediation games targeting specific aspect of
handwriting (e.g. pressure, kinematic, tilt, ...) within a long term study of 9 months.
In addition to giving the proof of concept that the extension of the Co-Writer activity
can be successfully used in a long term context, we wanted to test whether working on
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subskills of handwriting (and not only on handwriting directly), could have a positive
impact on handwriting itself. In the same way, this study allowed to test whether an
amelioration of handwriting skills on a digital tablet (with a different friction coefficient)
brings an amelioration on paper. The results extracted with the BHK tests, conducted
(on paper) at regular intervals during the 9 months of the study, show a spectacular
improvement of the handwriting both in terms of quality and speed. This result therefore
gives us reasons to believe that the two above questions can be answered positively. Of
course, this study is exploratory (only one child involved) and was aimed at refining the
hypotheses, rather than providing conclusive evidence about them. Additional work will
need to be conducted in order to give a more solid answer to the hypotheses raised. As
explained in the Introduction, children facing handwriting difficulties are often stuck in a
vicious circle where their difficulties generate avoidance of written tasks that will in turn
increase handwriting difficulties. For this reason, it can be interesting to use methods
aiming to re-motivate the child and make him re-gain confidence towards handwriting
like in the Child-Robot Interaction presented in Chapter 8. In Chapter 9, we show the
importance of the design of robot behaviors towards social acceptance with children,
important condition to increase the quality of the interaction between the child and the
robot.

Finally we show in the last Chapter that we can exploit some capabilities that robots
can offer in order to teach some handwriting’s specific sub-skills (i.e. visuo-motor
coordination) at a preschool level, and therefore support children in the first steps of
their handwriting acquisition and hopefully prevent handwriting difficulties to arise later
in their school curriculum.
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12 Current and Future Work

One of our main and ongoing efforts is towards the extension of the proposed model
for the automatic detection of handwriting difficulties to other languages and alphabets.
Following the analysis conducted in Chapter 5, we are currently exploring the possibility
to transfer the model from the French to the German language as well as trying to assess
similarities between the Chinese and Latin alphabets.

In line with the "early remediation" principle put forth in Chapter 10, we are trying to
extend the model to drawings. This will have mainly two advantages: with the first one
being a potential earlier detection of handwriting difficulties since children generally start
drawing before writing. This early detection might then allow to remediate handwriting
difficulties even before they have an impact on the child’s curriculum. The second
advantage that drawings bring with respect to letters and words is that children facing
handwriting difficulties are often in a situation of such failure that they refuse any kind
of handwriting activities. Being able to propose a test based on drawing, where the child
won’t feel pressured nor judged, would be undeniably a great added value. That being
said, it appears that this task might be quite complex since, as seen in Chapter 2, the
act of writing and drawing differ in many ways. In particular, drawing does not relate to
reading, while current handwriting tests (including the one we propose) rely on a written
text that the child has to copy and therefore depend on the child’s reading skills. Indeed,
it won’t be surprising to find a sample of population presenting handwriting difficulties
but no drawing difficulties, corresponding to the dyslexic dysgraphic children population
according to the classification proposed by Deuel et al. [141].

Another interesting line of research would be to use our model, not to detect handwriting
difficulties but other types of problems such as aphasia, emiplegia or autism. As mentioned
in the previous chapter, we were lucky to generate an important interest of different
research groups and medical specialists after our scientific articles got published. Among
the different research lines being set up, machine learning models using our features as
inputs can be trained to detect these diseases. In a different way, we could use the model

125



Chapter 12. Current and Future Work

presented in Chapter 7 to project the children under investigation (for example children
with emiplegia) into our three (or more) dimensional space (represented by the PCA
main components) to explore if these children are clustered together into a certain region
of this space. If this is the case, reverse engineering of the model may lead to interesting
discoveries about these conditions.

As mentioned in the previous Chapter, we are currently creating a startup to translate
the research presented in this thesis into a commercially available product. This startup
is developing an application, called Dynamico, exhibiting the following functionality:

• A fully automated, detailed handwriting analysis, integrating the model developed
in Chapter 7.

• A set of target remediation activities, such as the ones we saw in Chapter 8

• A monitoring dashboard, to follow the progress of children.

A complete redesign of the activities introduced in Chapter 8 has been conducted and
are now being integrated on iPads. In the same way, we are currently designing new
activities in order to have a bigger portfolio to propose. Examples of the redesigned
activities can be seen in Figure 12.1.

Figure 12.1: Left: the pressure activity, Right: the kinematic activity.

A monitoring dashboard has been designed allowing therapists, school teachers or parents
(with a customized view for each of these categories) to analyze the results of children.
As an example, Figure 12.2 shows on the left the different scores introduced in Chapter
7, computed for a child at a given moment in time, and, on the right, their evolution
as the child interacts with the system for multiple weeks. Of course, the design of this
dashboard is meant to be adapted to the public using the application, a school teacher
needing different information than a therapist or a parent.

The structure of the application is built upon the integration of the analysis with the
remediation activities. With data coming from both sides being available (i.e., the scores
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Figure 12.2: Left: the scores dashboard, Right: the scores evolution dashboard.

computed by the analysis and the different performance metrics extracted from the
activities), our next objective will be to train a recommendation algorithm suggesting
activities to the user. Indeed, if we know the handwriting state of the child (described
by the scores) at t0, its new state at t1, as well as all the activities he/she did in the
middle, given enough data, we could build a recommendation algorithm that would learn
what activities are beneficial for a given handwriting profile. In that sense, it would be
necessary at some point to conduct a large-scale validation of the system and its efficacy.
Indeed, while the analysis part of the system builds upon solid scientific grounding, the
remediation part needs further evaluation before the application can be released on the
market. Additionally, future plans also include to integrate in the Dynamico application
the research conducted to extend the model to different languages and alphabets in order
to increase the impact our solution may have on society. Finally, our work mainly focuses
on the motor aspects of handwriting, which constitute only a portion of all handwriting
difficulties, which, in turn, constitutes only a small fraction (around 20%) of the general
learning difficulties that affect children. While the road towards effectively detecting
and remediating general learning difficulties in children is still long and obscure, this
work sheds a light on one of them and will hopefully help improve the lives of many
children, by making them capable and happy of expressing their thoughts and opinions
in a written form.
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A Pressure Calibration between two
tablets

Two different tablets were used for the database in Chapter 4: A wacom Intuos 4 for
the data collection in schools and a wacom Intuos 3 for the data collection in hospitals.
Since the difference of hardware might bring variation in the way data were recorded that
might bias the model trained, a carefull calibration was made between the two devices.
No difference were found in term of absolute position (x, y) as well as in term of tilt.
However, small difference were recorded concerning the pressure measurement.

Following the advice of the tablet manufacturer (Wacom Co., Ltd), a pressure calibration
was done for the two tablets. A construction was made to position the pen vertically on
the surface of the tablets with minimal friction. 15 different weights (called X) from 0g
(pen without load) to 400g (saturation of both tablets) were used as an input while the
values returned by each tablets (called Y) were logged. We then extracted the relation
X/Y for the two tablets which ended up being very similar (the Spearman correlation
shows a correlation of 99.15% (p = 5.32e-12), mean square error of 0.6). A 4th degree
polynomial fit was then created to model the function describing the X/Y relation of the
first tablet and used on the input of the second in order to rectify its output. After this
correction, the Spearman correlation was found to be 99.998% (p = 1.81e-21) and the
mean squared error was 5.1e-3
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B Similarity of age distribution
between dysgraphic and non
dysgraphic children

Figure B.1: Quantiles of the TD dataset (x-axis) against the quantiles of the D dataset (y-
axis). The points are closed from the diagonal dashed line and included in the confidence
bounds, showing the similarity of the two distributions.
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C Features Engineering

Every feature used in the analysis are described below:

Static features

(1) The Handwriting Moment. To compute this feature, we extracted bins of 300 points
(from the same line of text) and computed their barycenters. The distance in the y
direction between consecutive barycenters was computed and averaged for all of the
points, reflecting the degree of straightness of the line of text.

(2) The Handwriting Size. To compute this feature, we extracted bins of 300 points (from
the same line of text) and computed the total surface occupied by the box bounding the
trace.

(3) The Space Between Strokes. This feature refers to the distance between strokes.

(4) The Handwriting Density. A grid with 20-pixel cells covering the entire range of
the handwriting trace is created, as can be seen in Figure C.1. The number of points
recorded by the iPad in each cell, if present, is then stored in an array. The mean of this
array is represented by this feature. There is a positive correlation between handwriting
density and handwriting quality, as handwriting becomes denser with age.

(5) The Average Stoke Direction. For two consecutive points within a stroke, the direction
of movement is calculated as the arctan of the ratio dy/dx. We can obtain the average
stroke direction by finding the average of these two directions.
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Appendix C. Features Engineering

Figure C.1: Illustration of the Handwriting density. The space is split into 20-pixel-wide
square cells. Using the number of points per cell, we can then compute a density.

(6) The Angle Smoothness. To compute this feature, we first need to calculate the absolute
angle between each set of three consecutive points in an handwriting sample. This feature
is then obtain by averaging all the angles calculated and measures the smoothness of the
handwriting (a high value for this feature relates to abrupt angles).

(7) The Area of the Text’s Convex Hull. To compute this feature, we first need to compute
the convex hull of the text, which is computed using Graham’s algorithm [?]. We can
then compute the area of the convex hull surrounding the text.

(8), (9), (10), (11) & (12) The Bandwidth of the Power Spectral of Tremor Frequencies,
the Median of the Power Spectral of Tremor Frequencies, the Entropy of Mean of Tremor
Frequencies, the Correlation of Mean of Tremor Frequencies and the Distance of Mean
of Tremor Frequencies. These features describe shaky handwriting. For every child, the
following process was followed: the signal was first divided into bins of 600 points (as
highlighted in Figure C.2). For each bin, we extracted the deviance from the handwriting
path using two types of vectors: the first one was a vector representing the global
handwriting direction (computed with 10 points, as can be seen in green in Figure C.2),
while the second was a local vector computed with two consecutive points (in blue in
Figure C.2). We then computed the cross product of these two vectors to calculate how
orthogonal the local vectors were with the global vector. The greater this cross product
is, the higher the deviance from the handwriting path. We hypothesized that shaky
handwriting would result in local vectors that were poorly aligned with the global vectors.
Making it possible to detect shaky handwriting with this method.

For each of these 600 points, we saved the norm of the cross product and computed
the Fourier transform on this vector. Then we averaged all the Fourier transforms
extracted from all the different 600-point bins (see Figure C.2). A high frequency or a
wide bandwidth in the spectral distribution would be an indication of shaky handwriting.

For instance, we computed the range of frequencies covering 90% of the spectral density.
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Extract packets of 
600 points

Extract signal Compute 
Fourier Transform

Average & Normalize
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Point recorded

Extrapolated path

Global vector

Local vector

Figure C.2: The whole process used to extract the frequency spectrum of our signal. (a)
We first divided the BHK text into bins of 600 points. (b) For each packet, the signal was
extracted. (c) We computed the Fourier transform of the signal. (d) We took the average
of all signals and performed a normalization. (e) In these sample signals extracted
from the data, the red dots are the point coordinates recorded by the device during
handwriting, the vectors in blue are "local" vectors linking two consecutive points and the
vector in green is the "global" vector (average of the nine blue vectors) representing the
global direction of the handwriting. The cross product of these two vectors gives us an
indication of the smoothness/shakiness of the handwriting. The right side of the figure
comes from a writer with smoother/less shaky handwriting than the writer producing
the one on the left, and the cross product operation will detect this difference. This
image has been adapted from [3].

The smaller this value is (corresponding to a more clustered distribution), the more
proficient the writer is. This feature is called the (8) Bandwidth of the Power Spectral of
Tremor Frequencies. We also extracted the median of the power spectral density. A large
value for this feature indicates the presence of high frequencies. This feature is called the
(9) Median of the Power Spectral of Tremor Frequencies.

The last feature defined in this context is the entropy between the spectral distribution
of the writer and the averaged spectral distribution of all the writers in our database.
The higher this entropy is, the more different the handwriting of this particular writer is.
This feature is called (10) Entropy of Mean of Tremor Frequencies. We also computed
the correlation between the two signals, called the (11) Correlation of Mean of Tremor
Frequencies, as well as the distance between them, called the (12) Distance of Mean of
Tremor Frequencies.
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Appendix C. Features Engineering

Kinematic Features

(13), (14) & (15) The Mean Velocity, Maximum Velocity and Standard Deviation of
Velocity. These features quantify handwriting speed, where the speed is the distance
traveled by the pen divided by the time taken to write out the passage. Research shows
that children presenting handwriting difficulties have lower mean velocities as well as
higher maximum velocities. Furthermore, the mean velocity increases with age.

(16) The Increase in Velocity. Using the handwriting speed over time, we performed a
linear regression to compute the evolution of this handwriting speed.

(17) The Nb of Peaks of Velocity Change Per Second. Motivated by insights from clini-
cians, we applied a Gaussian filter to the velocity signal over time (using the scipy library,
method general gaussian with M = 3, p = 0.5, sigma = 2) and computed the number
of local maximum and minimum that were extracted. We expected that the number of
changes would grow with the total duration of the test and, therefore, we normalize this
number with time.

(18), (19), (20), (21) & (22) The Bandwidth of the Power Spectral of Speed Frequencies,
the Median of the Power Spectral of Speed Frequencies, the Entropy of Mean of Speed
Frequencies, the Correlation of Mean of Speed Frequencies and the Distance of Mean of
Speed Frequencies. Handwriting can be interpreted as a two-dimensional time series. As in
the (19) Median of the Power Spectral of Tremor Frequencies, a Fourier transform can be
calculated with the handwriting velocity, median and resulting bandwidth of the spectral
distribution. We can observe very rapid changes in speed in the handwriting of children
with dysgraphia (some jerks resulting from a low level of handwriting automation). These
abnormal changes in speed are translated into high frequencies in the Fourier transform,
resulting in a shift in the median towards higher frequencies. Children with a low level of
automation change also use variable speeds in their writing. Hence, a writer presenting a
high bandwidth will not be fluent, as they are less consistent in their movements. The (20)
Entropy of Mean of Speed Frequencies is the entropy between the spectral distribution of
the writer and the average spectral distribution of all the writers in our database. The
higher this entropy is, the more eclectic the handwriting of this particular writer is. We
also computed the (21) Correlation of Mean of Speed Frequencies, which is the correlation
between the spectral distribution of the writer and the average spectral distribution
of all the writers in our database, as well as the (22) Distance of Mean of Speed Frequencies.

(23) The In-Air-Time Ratio represents the proportion of time the writer spends without
touching the surface of the tablet. This feature has been shown to be positively correlated
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with handwriting problems [3, 100, 83].

Pressure Features

(24), (25) & (26) The Mean Pressure, Maximum Pressure and Standard Deviation of
Pressure. These first features concerning pressure are simply the mean, maximum, and
standard deviation of the pressure.

(27), (28) & (29) The Mean Speed of Pressure Change, Max Speed of Pressure Change and
Standard Deviation of Speed of Pressure Change are extracted by working with averaged
bins of 10 recorded points of pressure and dividing the time spent by the difference
between two averaged bins of points. These features are then computed by finding the
mean, maximum and standard deviation of all measurements.

(30) The Increase of Speed of Pressure Change. Using the changes in the Speed of
Pressure change over time, we performed a linear regression to track its evolution.

(31) The Nb of Peaks of Pressure Change Per Second computes the number of pressure
inversions per second.

(32), (33), (34), (35) & (36) The Bandwidth of the Power Spectral of Speed of Pressure
Change Frequencies, the Median of the Power Spectral of Speed of Pressure Change
Frequencies, the Entropy of Mean of Speed of Pressure Change Frequencies, the Correlation
of Mean of Speed of Pressure Change Frequencies and the Distance of Mean of Speed of
Pressure Change Frequencies. The speed of pressure change can be seen as a time series,
and frequencies can be extracted using a Fourier transform. The same process as that
described in Figure C.2 is followed to extract these five features.

Tilt Features

The iPad system measures the pen tilt with two different angles referred to as the Tilt-
Azimuth angle and the Tilt-Altitude angle (see Figure C.3 for additional information).
Both angles are between 0 to 180 degrees.

It has to be noted that the Wacom tablet measures the pen tilt differently. The Wacom
system logged the data measuring the pen tilt with two different angles, which we referred
to in this paper as the Tilt-x and Tilt-y angles (as can be seen in Figure C.4). Both
angles are measured in the range between -60 and 60 degrees. The tilt-x reflects the
inclination of the pen in the direction of the written line, and the tilt-y reflects the
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Appendix C. Features Engineering

Figure C.3: The two angles (Tilt-Azimuth and Tilt-Altitude) recorded for the pen with
the iPad.

inclination of the pen below the written line. Thus, for the chapters were the data were
recorded with Wacom tablets (Chapters 3, 4, 5 and 6), the denomination Tilt-Azimuth
should be replaced by Tilt-x while the denomination Tilt-Altitude should be replaced by
Tilt-y.

Figure C.4: The two angles (Tilt-x and Tilt-y) recorded for the pen with the Wacom.

(38), (39) & (40) The Mean Tilt-Azimuth, Maximum Tilt-Azimuth and Standard Deviation
of Tilt-Azimuth. These first features concerning the Tilt-Azimuth are simply its mean,
maximum and standard deviation.

(41), (42) & (43) The Mean Tilt-Altitude, Maximum Tilt-Altitude and Standard Deviation
of Tilt-Altitude. These first features concerning the Tilt-Altitude are simply its mean,
maximum and standard deviation.

(44), (45) & (46) The Mean Speed of Tilt-Azimuth Change, Max Speed of Tilt-Azimuth
Change and Standard Deviation of Speed of Tilt-Azimuth Change are extracted by working
with averaged bins of 10 recorded Tilt-Azimuth points and dividing the time spent by
the difference between two averaged bins of points. These features are then computed by
finding the mean, maximum and standard deviation of all measurements.

(47), (48) & (49) The Mean Speed of Tilt-Altitude Change, Max Speed of Tilt-Altitude

138



Change and Standard deviation of Speed of Tilt-Altitude Change are extracted by working
with averaged bins of 10 recorded points of Tilt-Altitude and dividing the time spent by
the difference between two averaged bins of points. These features are then computed by
finding the mean, maximum and standard deviation of all measurements.

(50), (51) The Increase of Speed of Tilt-Azimuth Change, Increase of Speed of Tilt-Altitude
Change. Using the changes in the Speed of Tilt-Azimuth (Tilt-Altitude) over time, we
performed a linear regression to track its evolution.

(52), (53) The Nb of Peaks of Tilt-Azimuth Change Per Second and Nb of Peaks of
Tilt-Altitude Change Per Second. This feature computes the number of Tilt-Azimuth
(Tilt-Altitude) inversions per second.

(54), (55), (56), (57) & (58) The Bandwidth of the Power Spectral of Speed of Tilt-Azimuth
Change Frequencies, the Median of the Power Spectral of Speed of Tilt-Azimuth Change
Frequencies, the Entropy of Mean of Speed of Tilt-Azimuth Change Frequencies, the
Correlation of Mean of Speed of Tilt-Azimuth Change Frequencies and the Distance of
Mean of Speed of Tilt-Azimuth Change Frequencies. The speed of Tilt-Azimuth change
can be seen as a time series, and frequencies can be extracted using a Fourier transform.
The same process as that described in Figure C.2 is followed to extract these five features.

(59), (60), (61), (62) & (63) The Bandwidth of the Power Spectral of Speed of Tilt-Altitude
Change Frequencies, the Median of the Power Spectral of Speed of Tilt-Altitude Change
Frequencies, the Entropy of Mean of Speed of Tilt-Altitude Change Frequencies, the
Correlation of Mean of Speed of Tilt-Altitude Change Frequencies and the Distance of
Mean of Speed of Tilt-Altitude Change Frequencies. The speed of Tilt-Altitude change
can be seen as a time series, and frequencies can be extracted using a Fourier transform.
The same process as that described in Figure C.2 is followed to extract these five features.
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D Features means and standard
deviations for the two alphabets
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Appendix D. Features means and standard deviations for the two alphabets
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