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Abstract
Learning disabilities, which primarily interfere with basic learning skills such as reading, writing, and math, are known to
affect around 10% of children in the world. The poor motor skills and motor coordination as part of the neurodevelopmental
disorder can become a causative factor for the difficulty in learning to write (dysgraphia), hindering the academic track of an
individual. The signs and symptoms of dysgraphia include but are not limited to irregular handwriting, improper handling of
writing medium, slow or labored writing, unusual hand position, etc. The widely accepted assessment criterion for all types
of learning disabilities including dysgraphia has traditionally relied on examinations conducted by medical expert. However,
in recent years, artificial intelligence has been employed to develop diagnostic systems for learning disabilities, utilizing
diverse modalities of data, including handwriting analysis. This work presents a review of the existing automated dysgraphia
diagnosis systems for children in the literature. The main focus of the work is to review artificial intelligence-based systems
for dysgraphia diagnosis in children. This work discusses the data collection method, important handwriting features, and
machine learning algorithms employed in the literature for the diagnosis of dysgraphia. Apart from that, this article discusses
some of the non-artificial intelligence-based automated systems. Furthermore, this article discusses the drawbacks of existing
systems and proposes a novel framework for dysgraphia diagnosis and assistance evaluation.

Keywords Dysgraphia diagnosis · Handwriting disability ·Machine learning · Automated systems

1 Introduction

Learning disabilities or learning disorders, a hypernym for a
wide variety of learning problems hinders the skill acqui-
sition activity of an individual. It is not a problem with
intelligence. Nevertheless, it can have a negative impact on
the self-esteem and confidence of children who are expected
to acquire new information and skills day by day. Students
with learning disabilities account for the major proportion
of the “special educational needs” category [1]. Since these
disabilities affect the perception capability of a child, the
difficulties may be either in reading, writing, doing math, or
any other tasks. Figure1 shows different learning disabilities
found in children.
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Dyslexia [2] is a kind of learning disability that includes
difficulty in reading because of issues in recognizing speech
sounds as well as decoding them. Dyslexia is affected in the
brain areas which is assigned for processing the language.
Dyscalculia [3] is a specific type of learning disorder that
involves difficulty in understanding numbers and its related
issues in learning mathematics. Dysgraphia is primarily con-
sidered as a disorder in written expression. It can affect
the spelling, grammar, organization, etc., in addition to the
handwriting aspects [4]. Figure2 summarizes the basic cat-
egorization of dysgraphia based on the related symptoms.
Although the exact prevalence depends on the definition of
dysgraphia, between 10–30% of children face difficulty in
handwriting [5].Handwriting samples of individualwith dys-
graphia is shown in Fig. 3.

The typical diagnostic strategy for any learning disabil-
ity follows a team-based assessment [5], which is often
coordinated by a child/adolescent psychiatrist or a neurope-
diatrician with specialized training in neurodevelopmental
disorders. This multidisciplinary team may include profes-
sionals such as an occupational therapist, speech therapist,
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Fig. 1 Types Of learning disabilities

Fig. 2 Types Of dysgraphia

special education teacher, psychologist, and, if necessary, a
psychomotrician, who collectively contribute their expertise
to the assessment process. In addition, any other prevailing

medical conditions such as poor vision, hearing problems,
intellectual disability, lack of proper training should be ruled
out with the help of a specialist. As far as dysgraphia is
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Fig. 3 Handwriting samples of person with dysgraphia

concerned, it is indeed important to consider the several con-
tributing factors such as handwriting speed and legibility,
inconsistency between spelling ability and verbal intelli-
gence quotient, as well as the pencil grip and writing posture
evaluation. However, there is no generalized medical testing
strategy available for the diagnosis of dysgraphia. Con-
cise Evaluation Scale for Children’s Handwriting (BHK) for
French [6], Detailed Assessment of Speed of Handwriting
(DASH) in English [7] and Hebrew Handwriting Evaluation
(HHE) in Hebrew [8, 9] are some commonly used standards
in the assessment of dysgraphia.

It is quite difficult to diagnose any of the learning disor-
ders because of the multiple cues that should be considered
in the assessment. Depending on the age and developmen-
tal stage, the warning signs and symptoms may vary too.
More importantly, the predefined symptoms should persist
for at least 6 months with parallel intervention measures
being administered [10]. Dysgraphia may appear in isola-
tion or as a comorbidity with other learning disorders or
even autism spectrum disorder (ASD), dyspraxia [11], and
Attention Deficit Hyperactivity Disorder. This emphasizes
the timely diagnosis of dysgraphia or handwriting disorders
in particular. The early recognition and intervention lessen
the task and efforts needed to correct the disorders. The
manual assessment techniques solely rely on the handwrit-
ten product for the final scoring and judgment. This paved
the way to propose several automated techniques that can
exploit the dynamic characteristics of handwriting as well.
Digital tablets capable of capturing these multiple features
of handwriting have yielded promising results in the related
research. Meantime studies indicate that the writing sensa-
tion may be different for stylus-tablet setting in contrast to
pencil-paper, which is the commonly used procedure dur-
ing the skill acquisition phase [12]. Despite the complexity
and the multifaceted approaches involved in the diagnosis of
dysgraphia, several artificial intelligence-based and non arti-
ficial intelligence-based automated technologies have been
proposed in recent years [9, 13, 14].

To the best of our knowledge, no other study in the existing
literature has provided a comprehensive review specifically
focusing on automated dysgraphia diagnosis systems until
now. While a few related review articles exist, they pre-
dominantly cover a broader spectrum of learning disabilities
rather than concentrating solely on dysgraphia. Additionally,
some of these reviews overlook dysgraphia entirely. Only
two works [24, 25] in the literature have dedicated atten-
tion to dysgraphia diagnosis. However, the first work offers
only a cursory overview of machine learning-based meth-
ods for diagnosing dysgraphia, lacking in-depth explanation
regarding the details of feature engineering inmachine learn-
ing model development. Furthermore, it lacks the review
of commercial applications or non-machine learning-based
automated systems. The second work primarily focuses on
reviewing available tools for dysgraphia diagnosis, encom-
passing both automated and non-automated options, with
a greater emphasis on non-automated tools and lacking a
detailed assessment of automated ones.A summary of related
works is given in Table 1. As the trend towards automated
systems for dysgraphia diagnosis has been steadily increas-
ing in recent years, there exists a clear necessity for a review
article addressing this specific area. Such a review can offer
valuable insights for researchers and academic students seek-
ing to deepen their understanding of this topic.

Thiswork presents a review of the existing automated dys-
graphia diagnosis systems for children in the literature. The
main focus of the work is to review artificial intelligence-
based systems for dysgraphia diagnosis in children. This
work discusses the data collection method, important hand-
writing features, and machine learning algorithms employed
in the literature for the diagnosis of dysgraphia. Apart
from that, this article discusses some of the non-artificial
intelligence-based automated systems and psychological
methods. Furthermore, this article discusses the drawbacks
of existing systems and proposes a novel framework for dys-
graphia diagnosis.
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Table 1 Summary of related
works

References Article summary

Vanitha and Kasthuri [15] Review of machine learning algorithms used in Dyslexia
prediction

Chakraborty et al. [16] presents a survey paper on the topic of machine learning
algorithms for learning disability prediction. But the
presentation was some what abstract level and had no details
about dysgraphia diagnosis systems

Vanjari et al. [17] A review on learning disabilities and technologies determining
the severity of learning disabilities

Prabha and Bhargavi [18] A similar work like [15], a brief review on prediction of
dyslexia using machine learning

Saxena and Saxena [19] Reviews and explains the role of machine learning in learning
disabilities diagnosis but lacks the insight into dysgraphia

Jamhar et al. [20] A systematic review about machine learning methods for
learning disorder prediction. But not addressed about
dysgraphia. Furthermore, the focus was just on the machine
learning algorithms not on data collection or features

Gargot et al. [21] This study systematically reviewed the literature up to 2018 to
identify computational methods for automating the
assessment of motor impairments in children with ASD. It
explored a wide range of motor behaviors in ASD, utilizing
advanced technologies for more comprehensive and
ecologically valid assessments, potentially aiding in
distinguishing ASD from other motor disorders and
monitoring children’s progress.

Kohli et al. [22] This scoping review examines the role of technology in early
ASD detection. Analyzing 35 studies spanning the years 2011
to 2021, the review underscores the extensive utilization of
machine learning and deep learning techniques to detect ASD
risk in infants as young as 9 to 12 months using diverse
bio-behavioral data sources

Valentine et al. [23] This review explores the implementation of technology-based
interventions for neurodevelopmental disorders (NDD) in
clinical settings. Analyzing 47 included papers out of 7982
articles, the review reveals that technology, including mobile
apps, robots, gaming, and virtual reality, has been utilized for
assessment and treatment, particularly in ASD and
attention-deficit/hyperactivity disorder (ADHD)

Agarwal et al. [24] This review presents the overview of machine learning-based
methods for diagnosing dysgraphia. But in it lacks in-depth
explanation as well as review of commercial applications or
non-machine learning-based automated systems

Danna et al. [25] This review explores the available tools for dysgraphia
diagnosis, encompassing both automated and non-automated
options, with a greater emphasis on non-automated tools and
lacking a detailed assessment of automated ones

2 Researchmethodology

This work followed a systematic approach to preparing
the literature review. The systematic approach is followed
to find out the specific issues in this research domain. In
the systematic approach, we defined certain search terms
and pre-selected a few digital databases to find the related
research articles. After finding the related articles the most
relevant works are sorted out and reviewed in this work.

A research question is a required element for conducting
the review in a systematic approach. The generic research
questions in this work are:

• What are the automated systems used for the prediction
of dysgraphia in children?

• How effectively the machine learning technology has
employed in the literature for the diagnosis of dysgraphia
in children?
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• How the handwritten data are collected for training
machine learning models and what are the relevant hand-
written features that can discriminate the abnormal and
normal handwriting.

• How do extracted features from handwriting data con-
tribute to the interpretability of dysgraphia cases for
clinicians, and what specific features can demonstrate
the greatest utility in aiding clinical interpretation.

During the literature search, we utilized four popular dig-
ital libraries IEEE Digital Library, Web of Science, PubMed,
and Springer Link to find the related articles. The search key-
words used for the literature search are given below.

• “Automated System Dysgraphia”
• “Machine Learning Dysgraphia”
• “Deep Learning Dysgraphia”
• “Automated System Learning Disorder”
• “Machine Learning for Learning Disorder”

Among all the obtained search results by using the above-
mentioned keywords separately in each database, we found
that only about 50 papers are most relevant to the specific
topic. Another interesting fact is that most of the papers in
the literature are published after 2015. As illustrated in Fig. 4,
the review process is outlined in a PRISMA flowchart. The
flowchart depicts the number of records identified through
searching, screening, and the inclusion/exclusion criteria
applied at each stage.

We conducted a comprehensive literature search in
databases utilizing keywords mentioned above, and the
search yielded a substantial number of articles.We refined the
results to focus on studies specifically related to dysgraphia
diagnosis that employed automated or semi-automated
approaches, including available reviews on the same topic.
This process resulted in a total of 42 records. In addi-
tion to database searches, we extended our search to other
sources such as the Internet and Google, identifying 12
additional works, including commercially available systems.
After removing duplicates, the dataset comprised 45 studies.
Subsequently, we conducted manual screening, excluding
existing reviews on similar topics, leaving us with 40
screened records. From these, we selected works with good
quality, reducing the number of records to 30. These 30
records underwent qualitative discussion and analysis. For
the quantitative aspect, we focused on works employing
machine learning (ML) supervised algorithms, resulting in
21 records. These works were further grouped based on the
underlying machine learning algorithm for a more nuanced
analysis.

3 Dysgraphia diagnosis methods

In this section, we first discuss the conventional methods
used to diagnose dysgraphia and the manual analysis of
handwriting. We then review the notable contributions to
automated analysis (machine learningmethods) and non-ML
based diagnosis systems of handwriting for the detection of
dysgraphia.

3.1 Conventional methods

Dysgraphia originates from the Greekwords ”dys” (meaning
difficulty or poor) and ”graphia” (meaning writing), accu-
rately reflecting challenges in the writing process. Initially,
the difficulty in handwriting or dysgraphia was described by
Hamstra-Bletz and Bolte as difficulty in the construction of
letters while writing which is closely related to the mechan-
ics of writing [26]. It has also been referred to as a specific
learning disability [27, 28].

The popular symptoms of dysgraphia include “messy
handwriting, inconsistency in letter spacing and capital-
ization, pain or discomfort when writing, fine motor skill
challenges, trouble with spelling, or trouble with composing
written work”. Further, it is also common that the students
with dysgraphia can express themselves well while speaking
but can’t transfer themonto paper perfectly. The evaluation of
various skills, categorized as shown in Fig. 5, to identify the
presence of dysgraphia is typically conducted by an occupa-
tional therapist or trained psychologist. However, it is crucial
to note that the synthesis and assessment should also involve
professionals such as child and adolescent psychiatrists or
neuropediatricians specializing in neurodevelopmental dis-
orders, along with the expertise of psychomotricians and
speech therapists. In alignment with existing conventional
approaches in dysgraphia assessment literature, these evalu-
ation categories can be distinctly grouped into three primary
domains: cognitive abilities, motor skills, and language and
phonological skills.

3.1.1 Cognitive ability

Within the cognitive abilities domain, trained profession-
als assess key aspects such as retrieval fluency, intelligence
measures, working memory, and executive functions. These
cognitive functions play a pivotal role in the overall cogni-
tive processing of children. Executive function skills enable
the student to plan, concentrate, remember commands, and
organize multiple tasks. The student requires all the exec-
utive functions to be intact for writing [29]. Rey Complex
Figure Test [30] and Behaviour Rating Inventory of Exec-
utive Function (BRIEF) [31] are the popular examination
test conducted for executive function assessment. In the
Rey Complex Figure Test, the students were asked to draw
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Fig. 4 PRISMA flowchart
illustrating the systematic
review process. The figure
depicts the stages of
identification, screening,
eligibility, and inclusion,
providing a visual representation
of the study selection process

Fig. 5 Conventional methods
for dysgraphia diagnosis:
Assessment categories
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very complex figures. Based on their drawing output the
capacity of executive functions is quantified. On the other
hand, BRIEF provides a questionnaire to students’ parent
and teacher, and ask them to answer for that. The provided
questionnaire is a rating form that consists of 86 items to
assess eight clinical scales independently. The eight clini-
cal scales include three behavioral regulation scales (Inhibit,
shift, emotional control)and five metacognition scales (ini-
tiate, working memory, plan, monitor, and organization of
materials).

Working memory refers to the cognitive ability of the
human memory system that has limited capacity and can
keep information for a short time. Generally, dysgraphia can
occur with some degree of working memory problems [32].
Test ofMemory and Learning - 2 (TOMAL-2) [33] andWide
Range Assessment ofMemory and Learning-2 (WRAML-2)
[34] are two popular examinations for assessing the decline
of working memory. Intelligence measure a.k.a intelligence
quotient quantifies human intelligencewhich varieswith age.
Wechsler IntelligenceScale forChildren (WISC-IV) [35] and
Differential Ability Scales (DAS) [36] are the popular tests
for quantifying the intelligence of children. Retrieval fluency
tests are assessments designed to measure an individual’s
ability to efficiently retrieve information from memory, par-
ticularly under time constraints. These tests are often used
to evaluate cognitive functions, including memory recall and
processing speed. Individuals may be asked to generate as
many items as possible from a given category or recall spe-
cific details within a set time frame. Retrieval fluency issues
are commonly found to be less in children with dysgraphia
[37].

3.1.2 Motor skill

In the motor skills domain, constructional ability stands out
as a crucial component, addressing the intricate relationship
between motor coordination and writing abilities. The con-
structional ability assessment will look for the proficiency
of the student to copy or reconstruct lines, shapes, or fig-
ures. One of the popular conventional methods utilized by
trained psychologists for constructional ability assessment
is "Beery Visual Motor Test of Integration - Sixth Edition
(VMI-6)” [38]. In the VMI-6, the participants are asked to
copy drawings on paper. The complexity of the drawings will
be increased throughout each stage of the test and participants
are not allowed to erase the drawings. The drawings given
for the copying task include overlapped figures, angles, and
three-dimensional images. But the visual motor skills purely
depend on the age and it is expected that until age 16, the
standards of the visual-motor skills will be different for every
age until 16.Usually,many studentswith dysgraphia struggle
with eye-hand coordination and planning. The visual-motor
integration test conveys more information about the partici-

pant’s capacity to understand a drawing and the motor ability
to copy the information (motor response). Other popular con-
structional ability assessment tests are Bender Gestalt II [39],
NEPSY-II [40].

In theBenderGestalt II test [39], participants are instructed
to reproduce a series of nine abstract designs on a paper.
Throughout the test, the designs’ complexity gradually rises,
progressing from straightforward geometric forms to more
complicated patterns. The Bender Gestalt II is distinctive
in that participants are not permitted to erase any of their
drawings, which can provide important information about
their perceptual-motor abilities and problem-solving meth-
ods. Numerous aspects are present in the drawings, such as
overlapping figures, angles, and three-dimensional pictures.
The grading for the Bender Gestalt II test, in contrast to the
VMI-6, is more qualitative and places greater emphasis on
identifying themistakes, omissions, distortions, and rotations
that participants made when duplicating the patterns. These
observations reveal important details about the subject’s
perceptual-motor abilities and their capacity to accurately
interpret and replicate visual stimuli. NEPSY-II [40] is a
constructional subtest that evaluates a person’s capacity
for drawing out designs on paper. Participants are shown
drawings that range in complexity, like in the VMI-6 and
Bender Gestalt II, but NEPSY-II goes beyond constructional
ability to incorporate a wider range of neuropsychological
processes. The NEPSY-II constructional subtest assesses a
person’s ability to comprehend a drawing and their motor
skills to accurately replicate that information. NEPSY-II, on
the other hand, provides scaled scores, percentile ranks, and
age equivalents for this subtest, allowing comparison with
a normative population. As a result, it provides a thorough
assessment.

Building upon the foundation laid by specific construc-
tional ability tests mentioned above, the inclusion of the
Developmental Test of Visual Perception (DTVP) [41] and
theMovementAssessment Battery for Children, SecondEdi-
tion (MABC-2) [42] within the motor skills domain serves
to enrich the evaluation. These assessments extend beyond
exclusive constructional tasks, offering broader insights into
a child’s visual-motor integration and overall motor profi-
ciency. DTVP assesses various aspects such as visual-motor
coordination, discrimination, spatial relationships, andmem-
ory.On the other hand,MABC-2 is a standardized assessment
tool designed to evaluate motor skills and identify motor dif-
ficulties in children. Developed by Henderson, Sugden, and
Barnett, the MABC-2 assesses a range of motor functions,
including manual dexterity, aiming and catching, and bal-
ance.

Although the DTVP and MABC-2 involves tasks that
assess visual-motor integration and motor functions respec-
tively, it covers a broader spectrum of visual perceptual skills
beyond constructional ability alone. In the context of dys-
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graphia, the DTVP holds significance as it provides valuable
insights into specific visual processing difficulties that may
impact tasks such as handwriting and finemotor skills.While
MABC-2 can be valuable for assessing motor skills that
contribute to writing and fine motor difficulties. By evalu-
ating a child’s motor proficiency, including aspects related to
hand-eye coordination and manual dexterity, the MABC-2
provides insights into potential motor challenges that may
impact writing tasks.

3.1.3 Language and phonological skills

The language and phonological skills domain encompasses
the evaluation of writing and spelling skills and phonologi-
cal awareness, shedding light on linguistic aspects integral to
dysgraphia. Wechsler Individual Achievement Test (WIAT-
III) [43], Woodcock Johnson-III Tests of Achievement (WJ-
III) [44], and Test ofWritten Language-4 (TOWL-4) [45] can
assess thewriting and spelling skills. Phonological awareness
refers to the ability of the human to perceive and work with
the audio, especially the sound in the spoken language. It
includes understanding patterns like alliteration or rhymes,
the ability to segment the sentences into words, understand-
ing of phonemes and syllables, etc. Comprehensive Test
of Phonological Processing [46], and NEPSYII phonolog-
ical processing are the two popular phonological awareness
assessment tests.

The Concise Evaluation Scale for Children’s Handwrit-
ing (BHK) is another popular manual handwriting analysis
method conducted under the supervision of an occupational
therapist or psychologist to quantify the speed and standard
of writing. BHK test is usually conducted in the individual
clinical setting and classical scholar setting. Initially, it was
introduced for assessing the handwritten samples of 2nd and
3rd-grade students. Currently, BHK scales are used in the
research for constructing the ground truth of the data used
for training and evaluation of machine learning-based dys-
graphia diagnosis systems.

3.2 Machine learning basedmethods

This section discusses machine learning based systems for
diagnosis of dysgraphia from either the images of handwrit-
ten texts or features of writing dynamics. The general flow
of machine learning based dysgraphia diagnosis system is
shown in Fig. 6. As in other machine learning applications,
dysgraphia diagnosis systems also follow a similar workflow.
Data collection, preprocessing, feature extraction, feature
selection, and training using a machine learning classifier are
important steps included in building the machine learning-
based dysgraphia diagnosis system. Data is a pivot for any
machine learning task. Cleaned and sufficient data is required
for anymachine learning algorithms tomake an accurate pre-

Fig. 6 General workflow of machine learning based dysgraphia diag-
nosis system

diction. In the case of the dysgraphia diagnosis system, two
types of data collection methods are usually implemented.
The first approach is offline-based data collection where the
subject is asked to write or copy a few words or sentences
on the paper or tablet and the resulting handwritten images
are used for further analysis. On the other hand, the online-
based data collection is focused on collecting the handwriting
data during the run time which includes the trajectory of the
pen /pencil, writing speed, pressure on the pen tip, etc. Most
of the existing dysgraphia diagnosis systems followed the
online data collection strategy.

3.2.1 Feature extraction

Extraction of features from the data is crucial for training
the machine learning models. Multiple features are extracted
from the collected handwritten data for further analysis in the
existing systems. The important online handwritten features
used for machine learning-based systems in the literature for
dysgraphia detection are shown in Fig. 7.

• Kinematic Features

The kinematics features mainly include the velocity, accel-
eration, and jerk of the writing. Velocity just quantifies the
speed of writing and abnormal variability in writing speed is
related to the underlying handwriting problems.Acceleration
computes the variability in the velocity during writing. Jerk
is the change in acceleration over time per stroke. Unusual
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Fig. 7 Relevant handwriting
features

changes in acceleration over time per stroke may be related
to writing problems. Various studies [47, 48] in the literature
have found that the kinematic aspects are affected in chil-
dren with handwriting disabilities. Along with the average
velocity of the whole writing process, few works considered
the velocity or speed of writing each word or letter as a new
derived feature for enhanced discrimination.

• Temporal Features

The temporal features mainly quantify the writing/drawing
duration or time. Usually, children with dysgraphia will take
more time to write or draw compared to normal children. In
this sense, the writing or drawing duration has significance in
differentiating normal and abnormal handwriting behavior.
The total time required to complete the task, the total time
spent on the paper, the ratio between the total time spent on
the paper and the total time of the task, etc. are the popular
temporal or time-related features utilized in the literature for
dysgraphia detection.

• Spatial Features

The width, height, and length of the strokes as well as whole
written data are the common spatial features extracted from
handwritten data. The writing or drawing activities of chil-
drenwith dysgraphia always contain various inconsistencies.
The irregular size of letters and irregular spacing between the
words are the common inconsistencies found in the writing.
The spatial feature can well discriminate the writing samples
of children with dysgraphia. These features can be called as
geometric features also. The offline handwritten based dys-
graphia diagnosis systems mainly rely on these features to
differentiate the normal and abnormal handwriting.

• Dynamic Features

The popular dynamic features are pressure, tilt, azimuth, etc.
Among these, pressure features are quantified to find out
the characteristics of pressure induced by the pen tip on the
writing surface. Generally, the statistical measures such as
mean, median, the standard deviation of pressure are quan-
tified for feature construction. The speed of pressure change
and speed of pressure change frequencies are the other deriv-
able features from pressure values. The tilt feature is used to
measure the inclination of the pen or pencil used for writ-
ing. The azimuth angle of a pen or pencil with respect to the
plane of the written surface is also quantified for feature set
construction. Tilt and azimuth angle are displayed in Fig. 8.

• Other Features

Apart from the main four categories of features (Kinematic,
temporal, spatial, dynamic), few works in the literature have
considered some other features to improve the dysgraphia
screening efficiency. It includes the number of interruptions
occurredduring thewriting, number of pen elevations, aswell
as number of times the child has made themistake and erased
it (erase count), etc. These features has also have relevance
in screening dysgraphia since children with dysgraphia are
tends to make more mistakes than normal children while
writing.

Most of the works in the literature has used combina-
tion of different feature categories to effectively identify the
existence of dysgraphia in children using machine learning
algorithms. Table 2 displays the different feature combina-
tions used in the literature.

3.2.2 Existing machine learning based systems

The use of machine learning algorithms in the diagnosis of
dysgraphia has become a viable path for accurate and effec-
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Fig. 8 Tilt and Azimuth angle

Table 2 Summary of feature
combinations used in the
literature

References Features

Kinematic Temporal Spatial Dynamic Other

Mekyska et al. [49] � – – � �
Asselborn et al. [50] � � � � –

Gargot et al. [12] � � � � –

Drotar et al. [51] � � � � �
Asselborn et al. [52] � � � � –

Devillaine et al. [53] � – � � �
Deschamps et al. [54] � � � � –

Dankovicova et al. [55] � � – � �
Rosenblum et al. [56] – � � � –

Mekyska et al. [57] � � � � �
Devi et al. [58] � � – � –

Kedar [59] � � � � –

tive evaluation. The ability to examine enormous databases
of handwriting samples and identify complex patterns that
may evade human inspection is provided by machine learn-
ing techniques. This section goes in-depth on the various
machine learning models based systems that are used to
diagnose dysgraphia. We seek to present an overview that
provides a nuanced comprehension of the various contribu-
tions made by different techniques to the field by classifying
them according to the specific algorithms they employ. Here,
each subsection is devoted to a different machine learning
algorithm based automated diagnosis system and provides
details on its methodology, possibilities for diagnosis, and
performance measures. The popular machine learning algo-
rithms used in the literature are random forest [60], support
vector machines [61], convolutional neural networks (CNN),
AdaBoost, and XGBoost, etc.

3.2.2.1 Random forest-based dysgraphia diagnosis sys-
tems
Random forest algorithm is an ensemble of multiple deci-
sion trees. Decision trees are popular in supervised machine
learning due to their simplicity and competence in both clas-
sification and regression problems. With each node assisting
to divide the data into sections based on particular features,
these tree-like structures serve as a visual representation of
the decision-making process. By utilizing the principles of
ensemble learning and elaborating on the idea of bagging,
Random forest is used. For each decision tree in this strategy,
subsets of features are carefully and randomly chosen. This
method reduces variance, especially in datasets with intrinsic
noise,while having the potential to add significant computing
burden. Table 3 presents the overview of dysgraphia diag-
nosis systems based on machine learning, particularly those
employing the random forest algorithm for decision-making.
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Random forest has demonstrated superiority over other
machine learning algorithms, such as logistic regression and
naïve Bayes, as evidenced in the work by Richard et al.
[62]. This study is grounded in the observation that dys-
graphic children encounter challenges in various aspects of
the handwritten task, including letter formation, maintaining
consistent letter size, following straight lines, and ensur-
ing uniform gaps between letters and words. The dataset
comprised approximately 1400 handwritten images, each
containing four lines of handwritten text. From these images,
a diverse set of features, including slant, pressure, amplitude,
letter spacing, word spacing, slant regularity, size regular-
ity, size regularity, and horizontal regularity, were manually
extracted. Remarkably, among the classifiers implemented in
the study, the Random Forest classifier achieved the highest
accuracy, boasting an impressive 96.2% accuracy rate.

InMekyska et al.’s study [49], the random forest classifier
played a key role in automating developmental dysgraphia
diagnosis and estimating handwriting difficulty levels. Hand-
writing data from 54 students (27 normal, 27 dysgraphic)
were collected using a digitized tablet and COMPET, a
standardized online tool. Features extracted from the data,
includingKinematic, non-linear dynamic, and other features,
were used to trainmachine learningmodels. Notably, the ran-
dom forest algorithm achieved an impressive 96% sensitivity
and specificity, demonstrating its effectiveness in classifying
dysgraphic and normal handwriting. The work proposed by
Asselborn et al. [50] is a compelling automated dysgraphia
diagnosis tool for primary school students, prominently fea-
turing the utilization of the random forest machine learning
classifier. The study involved 298 students, among whom
56 had been identified with dysgraphia. These students were
tasked with a 5-min writing exercise, using a sheet of paper
affixed to a Wacom Intuos tablet. 54 distinct features are
extracted from the collected handwriting data. These features
encompassed a wide range of handwriting characteristics,
including Static features, which represented purely geomet-
ric attributes of the written text; Kinematic features, offering
insights into the dynamics of handwriting paths; Dynamics
features, capturing characteristics of the pressure recorded
between the pen tip and the tablet surface; and attributes
related to pen tilt. The random forest classifier achieved a
classification accuracy of 96.5%.

The raw data obtained from graphomotor tests are ana-
lyzed using machine learning algorithms for the early detec-
tion of dysgraphia in children [53]. Initially, 305 students
were asked to participate in performing a graphomotor test,
where each student has to write or draw specific predefined
shapes or figures called stimuli on the paper attached to
the screen of the tablet. Numerous features including time
duration of the stimulus, duration of a stroke, duration of
lift, velocity, jerk, Renyi Entropy of order 2, signal to noise
ratio, etc. were extracted from the raw data for further anal-

ysis. Various machine learning algorithms including SVM
[61], random forest, MLP [63], Extra Trees, Gaussian Naïve
Bayes [64], Ada Boost, etc. are utilized in the proposed work
for analyzing the features. Among all implemented machine
learning algorithms the random forest classifier trained with
features selected using the Linear SVM algorithm achieved
the highest classification accuracy of 73.4%.

Dutt et al. [65] also analyzed the performance of multiple
machine learning algorithms for the detection of dysgraphia.
Initially, a dataset was constructed by conducting various
handwritten-based exercises in a group of 240 subjects where
142 have some sort of learning disabilities and 45 sub-
jects have dysgraphia. Boolean features are extracted for
the following properties: sentence structure, word formation,
and visual-spatial response. Along with that, the images of
writing are subjected to SSIM (structural similarity index
measure) evaluation, and spellings are checked through a
spell checker. Among all the extracted features the rele-
vant features are selected using a feature selection technique
known as Elastic Net [66]. The selected relevant features are
used to train KNN [67], Naïve Bayes, Decision tree [68], ran-
dom forest, and SVM classification model for prediction of
dysgraphia. The random forest classifier achieved the highest
classification accuracy and it can differentiate the dysgraphic
and non-dysgraphic subjects with an accuracy of 99% in the
experimented dataset.

In [55], an automated systembased on random forest algo-
rithm for identifying dysgraphia from digitized handwriting
is proposed. Initially, a dataset was meticulously constructed
by engaging 78 participants in various handwriting tasks,
all executed on a Wacom Intuos Pro Large graphic tablet.
Among these 78 participants, 36 were individuals with dys-
graphia. From each written sample, a diverse set of features
was extracted, including kinematic, temporal, and other fea-
tures such as pen lifts. Subsequently, three distinct machine
learning classifiers - random forest, support vector classifier
(SVC), and AdaBoost-were trained using the extracted fea-
tures to automate the detection of dysgraphia. The outcomes
of this study reveal that random forest outperformed the
other classifiers, demonstrating superior classification per-
formance.

In [59], a digital system for dysgraphia identification is
proposed. It utilizes aWacom tablet with an interactive stylus
for data collection as students performfive handwriting tasks.
Key metrics like total time, tip pressure, and pen coordinates
are recorded. Nine distinct features including on-paper seg-
ments, in-air segments, total time, total airtime, total time
spent on paper, mean pressure, the velocity of the pen, etc.
are extracted. Machine learning is employed with three clas-
sifiers: decision tree, random forest, and SVM.Among them,
random forest achieved a maximum classification accuracy
of 92.59%.
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3.2.2.2 SVM-based dysgraphia diagnosis systems
SVM is a machine learning algorithm used for both clas-
sification and regression tasks, with a focus on enhancing
prediction accuracy. SVM operates by categorizing each
class in a high-dimensional space using one or more hyper-
planes. By leveraging labeled input training data, the SVM
algorithm constructs an optimal hyperplane for classifying
new test data. SVM classifiers excel in binary classification
scenarios and can be extended to multi-class classifica-
tion tasks. This extension is accomplished through two
approaches: ”one against all,” where each class distinguishes
itself from all other classes, and ”one against one,” where one
class is pitted against each of the other classes individually.
Table 4 presents an overview analysis of dysgraphia diag-
nosis systems based on machine learning, particularly those
employing the SVM algorithm for decision-making.

In [54], the SVM algorithm was implemented to con-
struct a decision-making model for creating an automated
pre-diagnosis tool for dysgraphia. Multiple tablets were
employed for data collection to ensure that the proposed sys-
tem is not dependent on a particular tablet or data collection
tool. To the best of our knowledge, this work has gener-
ated the most extensive database for dysgraphia diagnosis by
involving 580 children in the data collection process. These
children were tasked with performing the BHK test (French
version) on the tablet, fromwhich 100 different features were
extracted to train the SVM classifier. In the test set, the SVM
classifier achieved a sensitivity of 91%and specificity of 81%
for detecting children with dysgraphia.

A software system, leveraging the SVM algorithm and an
Android application, is proposed for identifying dysgraphia
based on handwriting data from elementary school students
[69]. The Android application incorporates a handwriting
recognition tool called ”WritePad” for data acquisition. Stu-
dents were instructed to write on the smartphone screen,
capturing data such as time, pressure, letter spacing, letter
size, letter position, boundary consistency, and more, all of
which were stored for subsequent analysis. SVM classifiers
were implemented in two distinct ways: the One-Versus-
One (OVO) and One-Versus-Rest (OVR) approaches for
classification. Results obtained after applying three different
SVM kernels, namely Linear, Polynomial, and Radial Base
Function (RBF) kernels, revealed that the RBF kernel out-
performed the others, producing a higher average accuracy
of 82.51%, as compared to 78.56% for Linear and 81.40%
for Polynomial kernels.

Rosenblum et al. [56] introduced an online tool based on
the SVM algorithm for diagnosing dysgraphia in 3rd-grade
students. The study involved 99 students, with 50 consid-
ered proficient in handwriting. Online handwriting data was
collected using a tablet and the ComPET tool, starting with
writing task in Hebrew and drawing task. Various time
features, static properties of the written product, and pres-

sure features were extracted. Linear SVM algorithm-based
classifier trained using these features achieved 90% speci-
ficity and sensitivity. Among the extracted features, time and
pressure-related features were found to be highly relevant for
discriminating between normal and abnormal handwriting.

In [70], the SVM algorithm is implemented with the com-
bination of fused CNN features extracted from handwritten
images for the purpose of diagnosing dysgraphia. The ini-
tial step involves transforming an existing online dataset into
offline handwritten data, which encompasses images related
to various handwritten tasks. CNN features are separately
extracted from each task-specific image and then combined
to facilitate the training of machine learning classifiers. In
addition toSVM,AdaBoost and randomforest algorithms are
employed to train these decision-making classifiers. Notably,
among these algorithms, SVM trained on the fused features
achieves an outstanding maximum classification accuracy of
97.3%.

3.2.2.3 CNN-based dysgraphia diagnosis systems
CNNs are a type of neural network designed for tasks involv-
ing multi-dimensional data such as images or time series
information. A CNN comprises several key components
or layers, including convolutional layers, pooling layers,
fully connected dense layers, and batch normalization lay-
ers. Additionally, there are input and output layers.

Convolutional layers form the foundation of deep CNN
architectures. They consist of learnable filters with small
receptive fields, responsible for generating feature maps
through convolution operations. To introduce non-linearity
into the network, activation functions, also known as trans-
fer functions, are applied after convolution operations. Batch
normalization layers are used to accelerate the learning pro-
cess by normalizing the output from previous layers.

Pooling layers are employed for dimensionality reduction
in deep CNNs. They reduce the spatial size of feature maps,
aiding in learning essential features and achieving translation
invariance. The multi-dimensional feature maps produced
by convolutional layers are flattened into one-dimensional
arrays before entering the fully connected layer, also called
the dense layer. The output layer, situated at the end of the
fully connected layer, is crucial in classification problems. It
estimates probabilities for each input belonging to different
classes, serving as the network’s prediction function.

Recent literature features the utilization of the CNN
algorithm in dysgraphia screening from handwritten data.
Table 5 presents an overview analysis of dysgraphia diag-
nosis systems based on machine learning, particularly those
employing the CNN algorithm for decision-making.

In [72], a three-level 2D CNN architecture is employed to
automate the detection of dyslexia-dysgraphia from hand-
written images. A new dataset is curated to assess the
effectiveness of this CNN architecture, comprising a total
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of 267 handwritten images (in Hindi orthography), with 164
belonging to the dyslexia-dysgraphia class and103 to the nor-
mal class. The proposed CNN architecture is trained using
random patches from grayscale versions of these images,
achieving an accuracy of 86.14%.

Meanwhile, in [73], a combination of Kekre-Discrete
Cosine Transform and deep transfer learning is applied to
efficiently distinguish between normally developed hand-
writing and dysgraphia writing. The input images undergo
preprocessing via Kekre-Discrete Cosine Transform, trans-
forming the input images and feeding the resulting hybrid
transform into a deep CNN network. This method attains an
impressive classification accuracy of 99.75%.

The mobile application ”Pubudu” [71] offers a deep
learning-based solution for screening and intervening inmul-
tiple learning disorders, including dyslexia, dysgraphia, and
dyscalculia among school children. In dysgraphia diagnosis,
the application addresses both numerical and letter dys-
graphia. For letter dysgraphia screening, a CNN model is
trained using 5000 handwritten image samples (comprising
3 Sinhala letters) from non-dysgraphic children. Dysgraphic
and non-dysgraphic students are then asked to write the same
letters, generating various features such as success proba-
bility of written letters, total correct letters, total incorrect
letters, number of attempts, total time taken, and erase count.
The trained CNN model estimates the success probability,
correct letters, and incorrect letters, which are subsequently
used to train an SVM model for letter dysgraphia screening.
Similarly, for numerical dysgraphia screening, the approach
employs the MNIST dataset to train a CNN model for auto-
mated feature extraction. The proposed method achieves an
accuracy of 88% for letter dysgraphia screening and 90% for
numerical dysgraphia screening.

Similarly a mobile-based system ”Nana Shilpa” [74] also
utilized deep CNN networks to screen and identify the risk of
dysgraphia and dyscalculia in primary school students in Sri
Lanka. It employs two risk identification components: letter-
level dysgraphia and numeric dysgraphia. A CNN model
with four two-dimensional convolutional layers is developed
to screen for letter-level dysgraphia. In the case of numeric
dysgraphia screening, students are required to write numbers
from 0 to 9 on the application’s drawable canvas. Features
such as correctness, erase count, and time taken are consid-
ered for risk prediction. The accuracy of the written numbers
is determined using a CNN model trained on the MNIST
dataset. These features are then used to train amachine learn-
ing model to predict the risk of numeric dysgraphia. The
proposed methods achieve a high accuracy of 99% in pre-
dicting the risk of both numeric and letter-level dysgraphia.

3.2.2.4 XGBoost-based dysgraphia diagnosis systems
XGBoost is an exceptionally effective and popular machine
learning algorithm renowned for its remarkable accuracy. It

works by leveraging the strengths of many decision trees,
successively refining predictions, and handling complicated
information effectively. Numerous benefits, including inte-
grated regularization, feature importance analysis, and the
capacity to manage missing data, are provided by XGBoost.
Its scalability, support for parallel and distributed computa-
tion, and adjustable objectives make it a viable solution for a
variety of machine learning tasks. However, it is noteworthy
that the XGBoost algorithm is rarely employed in the liter-
ature for the development of dysgraphia diagnosis systems.
Table 6 presents an overview analysis of dysgraphia diag-
nosis systems based on machine learning, particularly those
employing the XGBoost algorithm for decision-making.

Mekyska et al. [57] and Zvoncak et al. [76] utilized the
XGBoost algorithm in the literature to develop a predic-
tion model for the diagnosis of dysgraphia. In [57], a new
dataset was created by having a cohort of students draw
seven different figures, such as the Archimedean spiral, con-
nected loops, and rainbows, on an A4 paper. The paper is
laid down and fixed to a digitizing tablet, specifically the
Wacom Intuos Pro L (PHT-80). Five distinct categories of
features were extracted from the acquired handwriting data.
These extracted features encompassed spatial dimensions,
including width, height, and length of the entire product, as
well as its strokes, stroke width, height, and length; temporal
aspects, such as the duration of drawing; kinematic attributes,
including velocity, acceleration, and jerk; dynamic factors,
such as pressure, tilt, and azimuth; and other factors, such as
the number of interruptions (pen elevations and the relative
number of interruptions). The XGBoost algorithm achieved
a classification specificity of 90%.

On the other hand, Zvoncak et al. [76] generated a new
dataset consisting of data related to paragraph writing exclu-
sively. Apart from extracting commonly used kinematic,
dynamic, spatial, and temporal features, four intra-writer nor-
malization approaches (l1, l2, l infinity, and Z-score) were
introduced.Unlike [57], [76] treated the diagnosis as a regres-
sion problem, predicting the handwriting proficiency score.
This implies that XGBoost was applied for a regression task
in this context. Observed results indicate that the introduced
normalization approach reduced the error rate by 5%.

3.2.2.5 AdaBoost-based dysgraphia diagnosis systems
AdaBoost, which stands for Adaptive Boosting, is a strong
ensemble machine learning method that is usually employed
for classification tasks. By iteratively training weak learners,
such as straightforward decision trees, and giving weights
to data points based on classification accuracy, it excels at
enhancing their performance. The key to AdaBoost’s suc-
cess is its adaptive learning methodology, which emphasizes
complex data points in each iteration to produce an accurate
and robust ensemble model. Due to its capacity to improve
classification accuracy and reduce the risk of overfitting, it
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is widely used in a broad range of fields, including face
identification and text categorization. Similar to XGBoost
algorithm, AdaBoost is also rarely employed in the litera-
ture for the development of dysgraphia diagnosis systems.
Table 7presents anoverviewof dysgraphia diagnosis systems
based on machine learning, particularly those employing the
AdaBoost algorithm for decision-making.

In the work introduced in [51], a classifier based on the
AdaBoost algorithm outperformed SVM and random forest
algorithms in distinguishing normal handwriting from dys-
graphic handwriting. Initially, a newdatasetwas developed in
the study, which included online handwritten data collected
from 120 students using a digitizing tablet while performing
different types of writing activities. From the data of each
writing activity, 22 types of features, including spatiotem-
poral and kinematic features, were extracted to train and
evaluate machine learning algorithms. The AdaBoost algo-
rithm achieved a classification accuracy of 79.5%. However,
the study involved more than 1000 features.

Kunhoth et al. [77] introduced a method to reduce the
number of featureswithout compromising the prediction per-
formance of the AdaBoost algorithm. Instead of extracting
features from each task-specific data separately, the features
were extracted from the combined data. The performance of
these features was evaluated usingmultiplemachine learning
algorithms, including SVM, random forest, neural networks,
and AdaBoost. The AdaBoost algorithm achieved a maxi-
mum classification accuracy of 80.8% with fewer features
compared to [51].

3.3 Automated diagnosis systems without ML

Non machine learning based automated digital screening
systems are also proposed in the literature to diagnose dys-
graphia. This section briefly discusses popular non-MLbased
digital dysgraphia screening systems. Furthermore, a com-
parative analysis of available non-ML based dysgraphia
screening tools is presented in Table 8. A tablet-based app
named "Play-Draw-Write" has been proposed in [78] for
screening the handwriting skills of children in the prelit-
eracy stage. The proposed tablet app will quantify three
handwriting laws isochrony, homothety, and speed-accuracy
trade-off for assessing the existence of dysgraphia markers.
“The isochrony principle states that bigger gesture execution
is accompanied by an increase in average movement speed
to keep the movement time approximately constant [79]. The
homothety principle predicts that the fraction of time devoted
to each letter of a word is kept constant and is independent of
the total word duration [79, 80].” These principles seem to be
altered in the subjects with dysgraphia along with dyslexia.
The app is developed for Samsung Galaxy Tab A and chil-
dren can use S-Pen with a rubber tip write or draw on the
screen of the tablet App. Two tasks are available in the app,

where the first one is a copy game and the second is a tun-
nel game. In the copy game, the students are asked to copy
a few symbols and words to the canvas provided in the app
using the stylus. The copying game is targeted for testing the
isochrony and homothety. The tunnel game is targeted for
evaluating the speed-accuracy trade-off.

Giordano andMaiorana [81] have developed a web-based
software system for multiple handwritten gesture recogni-
tion which can be extended for online dysgraphia screening.
The proposed software system is designed in a client–server
manner and it can be used in any type of smartphone or
tablet and computers. A modified version of the dynamic
wrapping algorithm is employed in the server to recognize
multiple hand gestures. The proposed software system offers
multiple functions to execute different writing and drawing
tasks. For each task, the system will store the time taken,
degree of similarity with the reference line, amount of points
outside the reference line in terms of percentage, average
horizontal distance, etc. From the stored data, the adminis-
trator of the software tool can derive other parameters such
as time taken for each stroke or their average time, length
of the path, velocity, total air time, trajectory analysis, etc.
These features canbeutilized for the development ofmachine
learning classifiers for dysgraphia diagnosis. While the sys-
tem’s architecture and user interface have been carefully
developed, it is important to emphasize that comprehen-
sive performance testing and validation with real users have
not been conducted as of yet. These forthcoming phases are
essential to assess the system’s speed, accuracy, and overall
effectiveness, as well as its suitability for practical applica-
tions.

Raza et al. [82] proposed an interactive mobile applica-
tion for dysgraphia screening in children from age 5 to 12.
The mobile application offers different activities to assess
the handwriting quality of the student, assess the phonologi-
cal dysgraphia, assess the surface dysgraphia, and assess the
copying ability. Surface dysgraphia is characterized by diffi-
culties primarily in spelling irregular words (irregular words
are those that do not follow common phonetic patterns or
spelling rules, eg: psychology). This condition can impact
writingfluency and accuracy, particularly in situations requir-
ing the correct spelling of irregular words. Moreover, it is
relatively less common compared to other types of dys-
graphia. The student can use any compatible stylus pen to
write on the screen of the device. A total of twenty words are
given for students towritewhere sevenwords are used to esti-
mate the existence of phonological dysgraphia, eight words
for surface dysgraphia, and the remaining for copying abil-
ity. The software utilizes a handwritten recognition method
to recognize the spelling and after recognition, it is compared
with the ground truth value to provide a score based on the
correctness. However, it’s essential to highlight that the paper
lacks comprehensive details regarding the anomaly detection
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Table 8 Comparison of non-machine learning-Based automated digital dysgraphia screening tools

Reference Tools Age group Key features Performance / Remarks

Play-Draw-Write
[78]

Tablet-based app Pre-literacy stage Quantifies handwriting
laws: isochrony,
homothety, and
speed-accuracy trade-off

Not specified

Giordano and
Maiorana [81]

Web-based app Any age Recognize multiple
handwritten gesture using
image processing
algorithms. Quantifies
parameters like time
taken, similarity with
reference line, etc

Architecture and user
interface carefully
developed, but
comprehensive
performance testing and
validation with real users
not conducted yet

Raza et al. [82] Interactive mobile
app

5–12 years Mobile application for
phonological and surface
dysgraphia assessment
using handwritting
recognition method

Lack of comprehensive
details regarding anomaly
detection algorithm and
testing on original
subjects to validate utility

TestGrap- hia
[83]

Paper, pencil,
scanner and
computer software

6–11 years Automated scoring for nine
features of BHK test
using image processing
algorithms

Tested with 109 students,
demonstrated high
sensitivity (0.83),
specificity (0.98), and
overall accuracy (0.96)

algorithm, which is crucial for assessing the system’s diag-
nostic capabilities. While the system’s architecture and data
collection aspects have beenmeticulously described, it is evi-
dent that the work is in its preliminary stages. Notably, there
is a lack of testing on original subjects to validate the system’s
practical utility.

TestGraphia [83]is a software system proposed for the
early diagnosis of dysgraphia. The proposed system is based
on the conventional BHK method. They extended the con-
ventional BHK method to the software device for automated
diagnosis. In the BHK test, the students are asked to copy
a few given texts to a paper in 5min. From the handwrit-
ten document, scores are given to the 13 features including
writing size, skewed writing, sharp angles, etc., and scoring
these features is the crucial step in the BHK test. The Test-
Graphia will automatically compute the scores for 9 features
("non-aligned left margin", "skewed writing", "insufficient
space between two words", "sharp angles", " broken links
between two letters", "irregular size of letters", " inconsis-
tent height between letters with extension and letters without
extension", "ambiguous letters"). Scores of the remaining
features can be added by the doctors or occupational ther-
apists manually using the dashboard of the software. For
the automated scoring, initially, the images of the writing
are subjected to segmentation (individual line segmentation)
using an image processing algorithm based on horizontal
and vertical histograms. Multiple simple image processing
algorithms are employed on the segmented lines to compute
the feature score. For each of the nine features considered
in automated scoring, a scale of 5 is employed. This scale

involves evaluating five lines of handwriting, and each line
is assigned a score of 0 if it exhibits normal characteristics
or a score of 1 if irregularities are identified. The total score
for each feature is then determined by summing the scores
assigned to each of the five lines of handwriting. The scores
for the remaining four features, rated on a five-point scale,
are determined manually in collaboration with an occupa-
tional therapist. These manually computed scores are then
integrated into the software, which subsequently calculates
the overall score based on the BHK scale. Cases with a final
score below -2 are categorized as severe instances of dys-
graphia. The proposed system was tested with 109 students
(2nd - 5th grade). The system demonstrated promising per-
formance with a sensitivity of 0.83, indicating its ability to
correctly identify 83% of individuals with dysgraphia, along
with a high specificity of 0.98, signifying its precision in clas-
sifying those without the condition.With an overall accuracy
of 0.96, the system showcased robust diagnostic capabilities.
These results suggest that the diagnostic system is highly
efficient in identifying dysgraphia, making it a valuable tool
in the assessment and diagnosis of this condition.

3.4 Commercial systems for dysgraphia diagnosis

In this section, we briefly discuss the available software
systems in the marketplace for dysgraphia diagnosis. There
are very few commercially available systems for dysgraphia
screening. A comparative analysis of commercially available
software tools available for dysgraphia diagnosis is presented
in Table 9, delineating their respective advantages and dis-
advantages.
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Table 9 Comparison of
dysgraphia diagnosis tools in the
marketplace: advantages and
disadvantages

Tool Advantages Disadvantages

Lexcercise [84] Easy and cost-free preliminary
assessment for dysgraphia

Three-section assessment cov-
ering letter and number writing,
writing convention, and writing
proficiency
Dysgraphia therapist service
available

Assessment relies on subjective
input from parents or caretak-
ers

Actual writing samples required
for further assessment
Manual analysis

Addit [85] Free web-based dysgraphia
assessment tool

Questions based on criteria
from the learning disabilities
association of America

No provision of dysgraphia
therapist service

Dyscreen [86] AI-based smartphone applica-
tion for dysgraphia screening

Simple functionality: Take a pic-
ture, upload, and receive classi-
fication and feedback
Available for both iOS and
Android

Dynamics of handwritting is
not captured considered for
diagnosis

AI Dysgraphia Pre-screening [87] Free AI-based smartphone
application

15-min drawing exercise con-
siders both dynamic and static
features
Available on both Android and
iOS

Requires internet connectivity
for accessing app services

Limited details provided about
the underlying machine
learning algorithms

Dynamillis [88] Developed to enhance chil-
dren’s handwriting skills

Not just for dysgraphia, it can
detect any handwriting difficul-
ties in children
Analyzes handwriting for early
detection of difficulties and sug-
gests personalized plans
Progress tracking for
personalized learning journeys

Requires specific hardware
(iPad with stylus pen)

Free for first 7 days only

‘Lexcercise’ is a company founded in 2008 for supporting
studentswith learning disabilities. Theirweb application pro-
vides an easy and cost-freeway for preliminary assessment of
dysgraphia in children [84]. The whole procedure for assess-
ment consists of three sections. The parents or caretakers of
the student are asked to fill out the answers to the provided
questions about the student. In the first section, the ques-
tions are related to letter and number writing (such as reverse
writing, messy writing, mixing up of lowercase and upper-
case). The questions in the second section and third sections
are targeted for assessing the writing convention and writing
proficiency of the student respectively. They will provide the
service of the dysgraphia therapist also. Upon completion of
the assessment, the parents or caretaker will be asked to sub-
mit the actual writing samples of the student to a dysgraphia
therapist, if the assessment displays any risk. [85] also, pro-
vides a web-based tool for the free assessment of dysgraphia.
It is similar to [84], just a screener test to decide whether the

child is having the symptoms of dysgraphia. The assessment
consists of 16 basic questions where most of which are con-
sidered to be the prevalent symptoms of dysgraphia. All the
questions are prepared based on the criteria from the learn-
ing disabilities association ofAmerica.Unlike [84], here they
will not provide the therapist, but they will give suggestions
for the parents to check with an occupational therapist if the
test is positive.

Dyscreen [86] is a smartphone application developed by
theAustralian companyDystech in 2020 for self-screening of
dysgraphia and dyslexia using the power of artificial intelli-
gence. Dystech claims that they are the pioneer in this field to
introduce the first AI-based smartphone application for dys-
graphia screening. Currently, the application is available for
both iOS and Android. The dysgraphia screening function-
ality of the application is very simple. Just take the picture of
the student’s handwritten text and upload it via the applica-
tion. The intelligent machine learning model deployed in the
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cloud will classify the handwritten sample into positive or
negative classes and provide feedback to the user. Since the
processingof the images is done in the cloud, internet connec-
tivity is required for dysgraphia screening. Dystech claims
that the machine learning model can predict the existence
of dysgraphia with an accuracy of 95.6%. The dysgraphia
screening in Dyscreen is free of cost. The same application
provides other services such as dyslexia screening, but it
is not free of cost. A team of professionals and engineers
from Hongkong university of science and technology has
developed an artificial intelligence-based smartphone appli-
cation named ’AI Dysgraphia Pre-screening’ for dysgraphia
screening [87]. The application is free and available on both
Android as well as iOS. The application provides a 15-min
drawing exercise for the student. Upon completing the draw-
ing exercise the essential dynamic and static features are
extracted from the handwritten data and processed for data
analysis using trained ML algorithms. Internet connectivity
is required to access the app services. Compared to Dyscreen
this app considered the dynamics of writings also for screen-
ing dysgraphia.

Dynamillis [88], a software developed to enhance chil-
dren’s handwriting skills, requires an iPad with a sty-
lus pen for operation. Leveraging state-of-the-art artificial
intelligence-based machine learning algorithms, Dynamillis
not only analyzes children’s handwriting for the early detec-
tion of difficulties, ranging from mild to severe, including
dysgraphia but also suggests personalized plans to improve
handwriting. The tablet application meticulously monitors
over 100 dynamic features of writing, including velocity,
acceleration, pressure, and pen tilt. Trained on handwrit-
ing examples from more than 1000 children, the machine
learning algorithm ensures a comprehensive approach to
handwriting improvement and further enables progress track-
ing for personalized learning journeys. Table 8 provides the
comparison of tools available in the marketplace for dys-
graphia diagnosis.

To the best of our knowledge, these are the available soft-
ware tools for dysgraphia screening in the market. All are
free to access (Dynamillis is not completely free, a free trail
is provided for one week), however, there are some limi-
tations. The Dyscreen just considers the images only, so the
dynamics of the handwriting are not considered. On the other
hand, in [87] the data are collected via smartphone screen,
and in Dynamillis data is collected via tablet screen, and it is
very different from a normal paper, and frictionwhile writing
will be very different.

4 Discussion and future recommendations

The popularity and the built-in capabilities of digitizing
tablets to acquire information such as the position of the

pen tip, on surface/ in-air pen position, pen tip pressure, the
azimuth angle of the pen with respect to the tablet surface,
the tilt of pen, timestamp [49] made it a suitable tool for the
handwriting analysis. Stroke dimensions, Velocity, Accel-
eration, Jerk, Pressure, Tilt, Temporal, Azimuth angle, and
Number of pen elevations are the features that have more
or less equal prominence in the dysgraphia discrimination
systems [12, 49–52, 57, 75, 89]. The most relevant features
that are spotted out in a multitude of works are Kinematic
and Pen tip pressure. While our review has delved into the
various automated dysgraphia assessment methods, it is cru-
cial to emphasize the role of feature extraction for enhanced
interpretability. The incorporation of kinematic, temporal,
spatial, and dynamic features is not only pivotal for accurate
classification but also holds significant implications for fun-
damental researchers and clinicians. These features provide
a nuanced understanding of the intricacies of dysgraphia,
aiding researchers in uncovering underlying patterns and
clinicians in tailoring interventions based on a more com-
prehensive set of characteristics.

Compared to the approachesmerely based on handwriting
images, [90, 91] the tablet-based techniques could explore
more characteristics of handwriting, which turned out to be
significant for the detection of dysgraphia. The data acqui-
sition in the latter approach involved writing with a normal
pen or an electronic pen on paper overlaid on the tablet. How-
ever, the lower friction surface of tablet computers modifies
graphomotor execution, which in turn contradicts the pur-
pose [92, 93]. Multiple studies have reported in the literature
about the issues with lower friction surface of tablet for hand-
writing analysis. In the study reported in [94] all groups,
including experienced writers, demonstrated increased writ-
ing velocity when using a tablet due to the lower friction of
its surface. The smoother tablet surface demands enhanced
control of handwriting movements. In another [95] study,
it was noted that when young children use tablets for writ-
ing, there are challenges in accurately calculating segment
trajectories, while older children seem to struggle with con-
trolling their muscular adjustments. There are few studies
[96, 97] which reports there is no performance difference
between writing on tablet and writing on paper. However,
their results indicates that children who used pencil-paper
approach for writing demonstrated better letter recogni-
tion skills and improved visuo-spatial abilities. Moreover,
using a stylus on a touchscreen appeared to be the least
favorable writing tool, potentially due to increased motor
control demands. The study suggests that further research
with longer observation periods is needed to draw conclu-
sions about the long-term effects of writing tools on literacy
acquisition and overall cognitive development. Lower fric-
tion surface of tablets can be solved to an extent by using
appropriate surface stickers available in themarket.However,
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the pressure sensitivity of these tablets may vary depending
on the model [98].

Even though the grip force between the hands and writ-
ing instrument has a substantial correlation to fine motor
performance [99] and the improper handling of the pen is
prevalent in motor dysgraphia [100], it is not considered as
an attributing factor for dysgraphia prediction. The existing
methodologies are meant to provide an overall diagnostic
assessment as being dysgraphic/ non-dysgraphic except a
few with a grading scale [52] for handwriting difficulties.
In [52], Asselborn et al. implemented K means clustering
algorithm to distinguish the handwritings of 448 subjects to
different 3 clusters that differentiate different writing profiles
and level of dysgraphia severity.

Furthermore, it is essential to highlight that solely rely-
ing on a single task, whether it involves copying, writing,
or drawing, may introduce constraints in the assessment of
dysgraphia. Dysgraphia is inherently complex, exhibiting a
spectrumofmanifestations that a singular taskmight not fully
capture. The intricacies of this condition necessitate a more
comprehensive evaluation that considers diverse aspects of
handwriting performance.

To our knowledge, there are the number of gaps in the
automated dysgraphia detection system domain. Some of the
recommendations for future works are:

• Since the pressure sensitivity of the tablets varies by
models and tablets have lower friction surfaces, future
dysgraphia diagnosis systems can consider normal paper
(writing on paper) based systems rather than writing on
tablets.

• The future systems can explore the importance of
improper handling of pen/pencil and grip force between
hand and writing instruments as relevant features for dis-
criminating normal and abnormal handwriting.

• Instead of developing binary systems (dysgraphia or not)
for dysgraphia diagnosis, future work should consider
developing systems for recognizing different types of
dysgraphia or grading the levels of dysgraphia. Because
the symptoms of dysgraphia varywith different types and
levels of disability.

5 New framework for diagnosis and
assistance evaluation of dysgraphia

Toaddress someof the limitations in the existing frameworks,
we propose a new framework for diagnosis and assistance
evaluation of dysgraphia. An overview of the framework is
shown in Fig. 9. The framework consists of 4 steps. In the
first step, children are classified into normal and dysgraphic
children using psychological methods. Then, an automatic
system is developed that takes into account data collec-

tion and processing. In this step, depending on the type of
approach used, other processing steps can be added. For
example, for handwriting on paper, preprocessing should be
added.

Furthermore, instead of feature extraction and classifier,
deep learningmethods can also beused.However, deep learn-
ing models, especially complex neural networks, often face
the challenge of interpretability. Ensuring the interpretability
of deep learning models is crucial, especially in applications
where decisions have significant consequences. In the collec-
tion step, the content that the participants are asked to write
or draw is very important. Depending on what equipment is
available, a combination of this equipment can also be con-
sidered. In feature extraction, off-line and on-line features
are considered based on the approach of data collection.

After collecting data with different modalities, artificial
intelligence (AI) models can be created for each modality
based on traditional methods and Deep Learning methods.
The analysis of each group of data should be conducted sep-
arately and the integration of the data should be conducted
throughmultimodal data fusion techniques. It is also possible
to createmodels using fusionmethods at the level of extracted
features and classifiers. There are different approaches for
feature-level fusion and classifier-level fusion. The choice of
the appropriate fusion method depends on the characteristics
of the data and the complexity of the relationships between
the modalities. Experimentation and validation with appro-
priate metrics will determine which fusion method is most
appropriate for the proposed dysgraphia detection frame-
work. It should be noted that the fusion methods and the
analysis of the integration of data have been increased sig-
nificantly [101–103]. It should be noted that the AI models
are created on the basis of training data and that the evalua-
tion of the model is based on test data. The decision to detect
dysgraphia is based on analysis and on the best results of
the approaches under consideration. This may lead us to use
only one modality or other scenarios (such as the fusion of
twomodalities or allmodalities) for the treatment assessment
step. Since fusion methods can play an important role in this
framework, researchers and future users are invited to have a
look at some fusion methods in references [100–102, 104] to
get a better picture. In the last step, which is very important,
an approach is proposed for tracking the dysgraphia cases
and their treatment evaluation process. This step can be car-
ried out in the periods proposed by the psychologist. The
impact of the treatment method can be explored during the
tracking step. It is possible to add new treatments and study
their effectiveness.

It should be noted that some tasks and steps can be added
to the framework such as detecting the type and severity
level of dysgraphia. As the process is repeated until good
improvement occurs, this is important to avoid protracted and
counterproductive factors. The problem should be solved by
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Fig. 9 Overview of proposed framework

considering appropriate time intervals suggested by psychol-
ogists and by considering interesting patterns for writing and
drawing. It is crucial to tailor the assessment process to the
individual’s natural writing and drawing behavior. Another
aspect that should be explored in the framework is the accept-
ability of the tools which is a critical aspect of any diagnostic
tool, especially in children, that can greatly influence the suc-
cess of dysgraphia assessment and improvement tracking.
The problems in writing in other neurodevelopmental disor-
ders such as attention deficit/hyperactivity disorder (ADHD),
developmental coordination disorder (DCD), dyslexia, and
ASD can be studied as an important part of our framework
that focuses on the assessment process. It may be interest-
ing to examine the correlation of disorders and motor control
that impact on writing. The framework can be seen as an aid
to the Cognitive Orientation to Occupational Performance
(CO-OP) program [105]. This framework can also be com-
bined with treatment approaches as presented in [106]. Since
handwriting reeducation plays an important role in treat-
ment approaches and patients may also have solutions based
on their perception of the problem [106], we should seek
feedback from both patients and neurologists to update AI
methods in this framework. Some aspects of acceptability
that should be considered are:

• Focus groups and simulation exercises are excellent
methods to assess the acceptability of sensor-based
instruments, especially in the context of dysgraphia
assessment. With these approaches, it can gather valu-
able insights from potential users, educators, and other
stakeholders before implementing the technology on a
larger scale.

• Comfort and ease of use of sensors: ensuring that body-
worn sensors are non-intrusive, that they are comfortable
to wear, and that they do not interfere with the writing
process.

• Calibration and setup to ensure that the setup process is
simple and minimizes interference with the child’s rou-
tine.

• Ethical considerations for privacy and informed consent,
especially when minors are involved.

The new framework consists of two novel methods
(Fig. 10) that can be used along with existing methods
for automatic screening of spatial dysgraphia and motor
dysgraphia, respectively. For the former one, the dynamic
characteristics of handwriting are captured with the help
of two types of sensors- (1) Force-sensitive resistors (FSR)
attached to the pencil for capturing pencil grip patterns (2)
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Fig. 10 Workflow of novel methods

sEMGsensor attached to the hand for capturingmuscle activ-
ity. The acquired data is preprocessed followed by feature
extraction and binary classification with the help of prebuilt
machine learning models.

Handwriting is a prominent fine motor skill acquired dur-
ing the early developmental stage. Several types of research
have been carried out to understand the detailed aspects and
characteristics of handwriting. Earlier in 1961, Herrick and
Otto have signified the barrel pressure variability as an impor-
tant distinguishing aspect of individual handwriting [107].
The grip force variability and its effect on handwriting legi-
bility are studied in [108]. The demonstrated results indicated
that grip force variability during the entire writing task was
lower for non-proficient writers. Lin et al. [109] investigated
the pen grip kinetics of school-age children to validate the
hypothesis of correlation between force control when han-
dling a pen and fine motor performance. The significance
of the middle finger compared to the thumb and index fin-
ger for the force control is also demonstrated. The writing
speed being unaffected by the pencil grip force and muscular
activity holds promise for the application of these cues in the
remedial program for disabled persons. Surface Electromyo-
graphy (sEMG) has proven out to study muscle coordination
[110], which can be exploited to understand the poor muscle

tone in motor dysgraphia. sEMG signals generated during
handwriting have been already applied for character recog-
nition [111, 112] and Parkinson’s disease diagnosis [113]. It
has been used in Arabic handwriting character recognition
as well [114].

For the latter one, amobile phone camera is utilized to cap-
ture the image of a handwritten piece. Relevant features are
extracted from the image and further classification is carried
out with the aid of machine learning models. The illegibility
aspect of handwriting due to the defect in understanding of
space results in spatial dysgraphia. Suitable line/ word seg-
mentation techniques [115] can be utilized to observe and
compare the line as well as the word spacing. Further, doc-
ument analysis algorithms [49] serve to identify dysgraphic
characteristics such as skewed writing, irregular writing size,
etc.

As a result, the framework was developed and imple-
mented at Qatar University to create a new multimodal
database for the diagnosis and assistance evaluation of dys-
graphia in students. However, the results are not yet ready
for publication and will be published as soon as the results
are finalized
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6 Conclusion

Learning disabilities are often unrecognized, which makes
it often misinterpreted as a lack of intelligence. This comes
from the fact that the screening process is quite complex. In
this work, we presented a survey of existing tools and meth-
ods for the preliminary screening of dysgraphia, which is
characterized by impaired handwriting skills. We discussed
many AI based and Non AI based automated systems for
dysgraphia screening.We provided a comparative analysis of
these systems and highlighted the strengths and weaknesses.
Later we proposed a novel framework for automated dys-
graphia screening by combining the existing methods along
with new methods.
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