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Abstract

This work presents an exploration of how machine learning models can be used to
determine legibility ratings for handwriting samples from sensor data, which was
recorded using the STABILO DigiPen. The new StabLe dataset consists of samples
written with this pen and was annotated with descriptive meta data and legibil-
ity ratings. This revealed that perceived legibility is correlated with characteristics
of the handwriting samples such as being written in cursive or print letters. The
performance reported for models, which were trained in related work to determine
handwriting legibility from movement sensor data, was shown to be compromised
by the design of training and evaluation. The agreement between models and indi-
vidual raters was suggested as a meaningful evaluation considering the subjectivity
of the ratings. Different ways of mapping varying ratings per sample to a single con-
sensus label were examined, as well as training a rater-specific model. In general,
trained models overfitted the training data and achieved low agreement with raters
on unseen samples. The best-performing model was shown to depend mainly on dis-
criminating between cursive and print-letter writing styles. Failing to train models
that accurately determine legibility ratings, this work highlights the challenges of
using machine learning methods for an automated assessment of legibility based on
time-series sensor data.
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1 INTRODUCTION 1

1 Introduction

This work contributes to the long-term goal of automating the assessment of hand-
writing legibility. In collaboration with STABILO International GmbH, the Chair of
Explainable Arti cial Intelligence at Otto-Friedrich-Universitat Bamberg, and the
Schreibmotorik Institut e.V., the STABILO Legibility dataset ( StabLe) was created.

It contains subjective ratings of four criteria of legibility for handwriting samples
that were recorded with a sensor-enhanced ballpoint pen. The dataset was used
to analyze rater agreement and to train convolutional neural networks to predict
legibility labels based on the movement data of the pen.

1.1 Background and Motivation

The Role of Handwriting Legibility and its Assessment Studies on hand-
writing assessment have examined its signi cance in education and the relations
between legibility and various learning outcomes. A detailed review of these studies
Is provided in Section 2.1. In summary, handwriting on paper constitutes a signif-
icant part of daily school life, and the ability to produce legible writing serves as
an indicator of pupils' learning achievements. In addition, poor handwriting quality
has been linked to conditions such as dyslexia and attention de cit hyperactivity
disorder. Research on legibility assessment has led to the development of stan-
dardized handwriting scales designed to evaluate handwriting quality - particularly
legibility - as reliably as possible (Section 2.1.4). However, the applicability of these
approaches is hindered by two main limitations.

" Subjectivity Handwriting legibility is primarily assessed by teachers based
on personal experience and opinion, leading to inconsistencies both between
and within evaluations of individual raters. Although standardized assess-
ment methods can reduce this variability, it cannot be completely eliminated.
Firstly, legibility is inherently subjective, as it depends on the reader's per-
ception. Secondly, di erences in rater training and the application of rating
criteria contribute to persistent variability in legibility assessment.

Resources The evaluation of handwriting requires considerable time and ef-
fort, as each student's writing must be individually assessed. Although hand-
writing scales have been developed to improve consistency, their reliability
depends on proper rater training to ensure uniform application, which de-
mands signi cant resources. Even with standardized tools, ensuring accurate
and unbiased handwriting assessment remains challenging due to practical
constraints in educational settings.

Au et al. (2012) summarize that a reliable instrument for measuring changes in
handwriting ability over time remains elusive. They argue that, in the meantime,
individual clinicians can use handwriting scales to diagnose and rate legibility. Bar-
nett et al. (2018) describe the need for and the status quo of handwriting assessment:
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"Demands for the production of legible handwriting produced in a timely manner
increase as children progress through school. Despite the considerable number of
children faced with handwriting di culties, there is no quick and practical tool to
assess legibility in this population.”

The Computerized Assessment of Handwriting Legibility Previous re-
search has explored various approaches to automating handwriting assessment. A
detailed review of the literature is given in Section 2.2. The approaches focus ei-
ther on the writing process (uency, speed, and e ort) or on the writing product
(letter shapes and forms). Legibility is assessed either on the character level or for
longer passages of handwriting. Tablet-based solutions provide rich spatial and tem-
poral handwriting data, but introduce an unnatural writing environment. Sensor-
enhanced pens, on the other hand, preserve a natural writing experience and do
not require a complex writing setup, but lack the detailed spatial information which
tablets capture. Despite advances in the use of deep learning models for handwriting
assessment, existing approaches face several limitations:

" User-Dependent Evaluation  Models were evaluated on user-dependent data,
which means that they are evaluated on handwriting from known students.
How the model performs when assessing the writing of unknown students can-
not be said, but de nes their applicability in real world educational settings.

Unbalanced Test Data Studies used evaluation metrics that do not ade-
guately re ect the ability of models to distinguish di erent levels of legibility,
particularly when data was unbalanced.

Inappropriate Labeling  Labeling strategies in previous work introduced
inconsistencies, as legibility annotations were sometimes assigned at the sam-
ple level based on broader assessments or ambiguous legibility criteria, which
potentially obscured ne-grained variations of legibility.

While high accuracy has been reported for some models, closer analysis reveals that
these results are a ected by the mentioned limitations, and often stem from dataset
biases rather than genuine advances in predicting ratings of legibility.

Motivation for a Pen-Based Solution The main arguments for an automated
assessment based on pen sensor data were the internal consistency that a solu-
tion based on machine learning could provide and the time-e cient application it
promises. The use of a sensor-enhanced ballpoint pen to record input data allows
seamless integration into students' daily routines and could enable real-time legi-
bility assessment with immediate feedback. Together, the pen and deep learning
models could help identify children with learning di culties and monitor learning
progress as children progress in their school careers. In the future, learning appli-
cations could support handwriting practice without requiring direct feedback from
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parents, teachers, or therapists, thus saving them time. This feedback could either
point out areas of improvement, like paying more attention to spacing between let-
ters, or encourage students by recognizing progress already made. As part of an
automated legibility advisor, the automated assessment could further reduce the
need for repetitive feedback on basic legibility criteria, allowing human advisors to
focus on students' individual needs.

1.2 Problem Statement

Di erent approaches have been proposed to use deep learning for the assessment of
legibility (Section 2.2). As motivated above, an assessment based on data from a
sensor-enhanced ballpoint pen is desirable.

CNNs were used for such an assessment before, and the low accuracy reported by
Grabmann (2023) for user-independet models trained on balanced data presents the
status quo of training CNNs to determine legibility ratings from handwriting sensor
data. The expressiveness of this accuracy is diminished by the highly unbalanced
test set on which it was obtained. Therefore, it remains unclear how the CNN would
perform when applied for automated legibility assessment in practice.

Legibility is understood as a quality of the writing product (Section 2.1.1). The
sensor data collected with the DigiPen, an electronic pen developed by STABILO
International GmbH, captures the writing movement and pressure, which describe
the writing process rather than the product itself. How well features of the writing
product can be derived from this data is a subject of ongoing research. Consequently,
a careful evaluation is needed to examine whether models actually learn to detect
features of legibility in the sensor data (e.g. how consistent the slant of letters is) or
if they detect features of the process that correlate with legibility (e.g. the length
of pauses during writing).

Legibility itself is a loose concept that is understood and de ned di erently from
person to person. In view of supervised machine learning, which requires a single nu-
meric ground-truth label per sample, this subjectivity presents a challenge. Previous
work did not account for this subjectivity. How the variance of legibility ratings can

be modeled and how models can be evaluated given the ambiguous ratings require
further investigation.

In previous work, legibility was mostly assessed as a whole. To improve the explain-
ability of predictions and to enable speci c feedback for improving ones handwriting,
a separate assessment of di erent criteria of legibility is needed.

In summary, imbalances and subjectivity in the data make training and evaluation
of models that predict legibility ratings challenging. Approaches to derive ground-
truth labels from varying ratings need to be investigated. Whether performances
can actually be attributed to models learning features of legibility itself was not
examined before. A meaningful way to evaluate models against varying ratings
is needed, and a compartmentalized assessment could improve explainability and
enable helpful feedback.
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1.3 Research Questions

This work investigates the applicability of automated handwriting legibility assess-
ment using time-series data recorded with a sensor-enhanced ballpoint pen. The six
main research questions are outlined below.

R1 Is the rater agreement found in the StabLe dataset comparable to the agreement
reported in related research?

The assembled dataset contained ratings of four legibility criteria. Similar criteria
were addressed in handwriting scales used in related research. The rater agree-
ment on the dataset was evaluated to show how reliable the collected ratings were
compared to the assessments with the reviewed scales. The measured variance and
reliability served as a baseline for model predictions.

R2 Is the rater agreement higher on the criteria that are assumed to be more
speci c?

Compared to previous work, ratings were collected for di erent criteria of legibility

that were assumed to exhibit di erent levels of subjectivity, depending on how di-
rectly they assess speci ¢ characteristics of the writing product. Rating the overall
legibility of a handwriting sample was assumed to be highly subjective, while an
inquiry about the form of speci c letters in the writing was assumed to be more
objective. To test this assumption, rater agreement was examined on the di erent
criteria.

R3 Can the results of previous work on automated legibility assessment be repro-
duced and are the results meaningful?

The ndings of previous work by Grabmann (2023) were reproduced to consolidate
the status quo. Here, it was tested whether similar results were obtained when con-
ducting similar experiments and whether the reported results represent a meaningful
depiction of how close the existing solutions are to being applied in practice.

R4 Does reducing the variety of texts in the dataset help the models to nd patterns
related to legibility?

It was hypothesized that reducing the variety of texts, which were recorded to build a
dataset for legibility assessment, makes the prediction task easier. Having a smaller
set of texts means that the sensor data of samples should be more similar because
the same letters and words were written. Therefore, di erences in the sensor data
seemed more likely to be caused by di erences in legibility. To check whether this
hypothesis holds, models were trained on both data from previous work, which
comprised many di erent texts, and on data collected in this work, which comprised
handwriting samples of a small set of reference sentences.
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R5 How can the uncertainty inherent in assessing legibility be addressed when
training supervised models?

A key problem of training models for legibility assessment lies in the subjectivity
of ratings. Assessments of the same sample can di er between raters. This uncer-
tainty is inherent in the task of assessing handwriting quality. To explore how this
uncertainty can be modeled, di erent strategies were tested to deduce ground-truth
labels from ratings.

R6 Do models perform better in assessing criteria that are assumed to be more
speci c?

The criteria that were assumed to be more objective (R2) were also assumed to be
closer related to patterns in the sensor data. The overall perceived legibility is a
compound of many factors and, therefore, it seems unlikely that it is correlated to
speci ¢ patterns in the sensor data. On the other hand, the slant of the letters and
the appropriate length of strokes in specic letters were assumed to be deducible
from patterns in the sensor data. Writing with consistent slant should result in
a regular combination of accelerations measured along the di erent spatial axes.
Writing a letter too short should show in smaller amplitudes compared to writing
the letter with a longer stroke. To test this assumption, similar model architectures
were trained to predict the di erent criteria and then compared with respect to their
performance.

1.4 Outline

Next, Section 2 reviews the literature on legibility and its assessment. Methods for
creating and analyzing theStabLe dataset and experiments with CNNs trained on
this dataset are described in Section 3. Technical details on the preprocessing of
sensor data, the developed annotation tool, and the training of models are given in
Section 4. Section 5 provides a statistical analysis of the dataset and the evaluations
of the trained models. In Section 6 the results are summarized and interpreted with
respect to the stated research questions. In Section 7 observations and thoughts
are presented to point out limitations of this work. Finally, Section 8 proposes
approaches to handle limitations in future work.
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2 Literature Review

2.1 Legibility and its Assessment
2.1.1 De nitions of Legible Handwriting

The goal of this work is to examine whether

the legibility of handwriting can be as-

sessed computationally. For this purpose,

it is mandatory to specify what is gener-

ally meant by legible handwriting. There is

no universal de nition of what makes hand-

writing legible; instead, an overview of how

it is understood in the literature helps to

distinguish legibility from other qualities of

handwriting. Rub (2018) de nes legibil-

ity as a subset of readability. Legibility

is determined by the geometric shapes and

strokes the writer produced, independent of

the meaning that this writing is meant to

transport. Readability indicates how un-

derstandable the text produced is. There-Figure 1: The relation between dif-
fore, readability comprises legibility, syntax ferent terms related to the quality of
and semantic meaning of the text. Federhandwriting.

and Majnemer (2007) describe legibility as

a compound of letter formation, spacing, size, slant, and alignment. These criteria
a ect the ease with which individual letters can be identi ed. The authors describe
legibility as one of the two main factors of handwriting performance, next to writing
speed or uency. For Rosenblum et al. (2003) readability and legibility are quali-
ties of the handwriting product , that is, the shapes and strokes visible on the
paper. The authors distinguish between the product and th@andwriting pro-
cess, which is the act of writing itself. Together, they determine thehandwriting
performance , that is, how well someone writes overall (Figure 1).

Stefansson and Karlsdottir (2004) view handwriting as a means of communication.
If the writing is not legible to the reader, then the communication between the writer
and the reader is negatively a ected. The authors state that handwritten text must
adhere to "a su ciently widely accepted standard, specifying the shapes, sizes, and
positions of the letters" in order to be perceived as legible by most readers. Following
the di erentiation of legibility and readability, readable handwriting means that
communication between writer and reader works awlessly. The legibility is then a
necessary but not su cient requirement for awless communication via handwritten
text. Viewing legibility as a requirement for successful communication points out the
highly subjective nature that is inherent in assessing legibility. In the end, legibility
is perceived by the reader and therefore depends on the reader.
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This is re ected in the varying inter-rater reliability found for di erent standardized
assessments, so called handwriting scales (Table 3). The assessor or rater introduces
a personal and subjective understanding of what legibility is in the assessment.
Furthermore, di erent assessments address legibility by asking di erent questions,
thus capturing di erent notions of how the concept of legibility is understood. This

Is in tune with Harris and Association (1960) who state that terms like legibility
and readability "resist precise de nition and appear to be complexes with whole
and part attributes which may exist in many di erent combinations in handwriting
specimens”.

Consequently, legibility should not be viewed as a singular characteristic but rather
as a composite of multiple criteria that collectively shape its perception. If all the
criteria are met for some handwritten text, then the average reader should be able to
read the presented letter sequence without complications. Rosenblum et al. (2003)
give an overview of di erent handwriting scales developed in the past. They nd
that scales which capture legibility as one holistic feature of handwritten text were
more common in the early days of this eld of research. In more recent research,
the focus has shifted towards analytical scales which calculate legibility from a set
of more speci c criteria, such as letter size or spacing.

This review of the term legibility informed how it was understood in this work. Leg-
ibility is the perceived quality of handwritten text that is determined by the criteria
listed in Table 1. In addition to syntax and semantics, legibility is a requirement
that must be met for handwriting to be readable. Legibility is subjective because it
represents the quality of text that is perceived by the reader. Consequently, there
Is no hard truth about the legibility of a given piece of handwriting. This implies
limitations for any assessment that is meant to measure legibility.

Table 1: Criteria belonging to legibility based on the reviewed literature.

Criteria of Legibility Other Qualities of Handwriting
shapes and strokes of individual letters,
consistency of letter slant, spelling, grammatr,
consistent size of letters, semantics, writing e ort,
adherence to line, writing speed, page layout
appropriate spacing in and between words

2.1.2 Correlations with Legibility and its Implications

This section reviews the literature that examines the role of handwriting legibility in
school life, the correlations that come with poorly or su ciently legible handwriting,
and its diagnostic signi cance.

Bene ts of Legible Handwriting A eld study by McHale and Cermak (1992)
examined the ne motor skills required and exercised in American elementary school
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classes. This study found that children spent 31% to 60% of their school day per-
forming handwriting tasks. This supports Feder and Majnemer (2007) who consider
the development of handwriting ability to be an important requirement for success
in school. Steve Graham (2020) states that writing is essential not only for school,
but also for work and home life.

Further studies underscore the positive e ects of acquiring su ciently developed
handwriting skills.

McCarney et al. (2013) had primary school students participate in cognitive, literacy,
and writing tests. Through a group analysis, the authors found that the ability to
produce readable handwriting was weakly correlated with performance in a working
memory test, a verbal 1Q test, and word reading and spelling tests.

Dinehart and Manfra (2013) measured the ne motor skills of preschool children.
Preschoolers were tested on writing and object manipulation tasks. As they reached
second grade, the children performed a variety of cognitive, reading, and mathemat-
ical tests. Modest but statistically signi cant correlations were observed between
these early motor skills and the achievements in the later tests. The authors con-
clude that ne motor skills, particularly the ability to produce well-formed letters,
can indicate the school readiness of a child.

The e ect of writing well-formed letters is further examined in neurological studies.
James and Engelhardt (2012) measured the brain activity of preliterate children
while letters were presented to them. They compared the brain activation of chil-
dren who participated in free-form handwriting exercises, children who performed
tracing exercises, and children who typed letters on a keyboard. The authors doc-
umented that a "reading circuit” in the brain was activated only when they had
performed free-form handwriting before being presented with the letter. This led to
their conclusion that handwriting helps develop the skill to process letters because
producing a well-formed letter on blank paper demands more attention to detalil
than just tracing or typing it, thus forcing the child to build an understanding of
what makes up a certain letter.

Berninger and Richards (2002) come to a similar conclusion. They state that hand-
writing is a vehicle for children to develop patience and discipline because learning
to write a letter demands the student to maintain sustained focus and acquire ne
motor skills. Furthermore, connecting letters with the motor function of writing this
letter is believed to foster better memory retention and attention to detail.

Szymczak (2016) examined handwritten samples that were collected in a translation
competition. Each sample was scored by a jury to determine a ranking with regard
to translation quality. Subsequently, independent raters assessed the legibility of
those samples. A signi cant correlation was found between the legibility ratings
and the ranking in the translation quality competition. It is hypothesized that psy-
chological e ects caused the jury to associate better translation quality with legible
handwriting samples. If this assumption holds, then this suggests that legibility is
taken into account subconsciously whenever handwritten text is assessed or graded
by humans.
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In summary, legible handwriting and the ne motor skills needed to produce such
writing are shown to play an important role in education. If a student writes legibly,
then this indicates that his or her perception of letters is connected with the skill of
persistently writing that letter. This connection is believed to decrease the workload
of all tasks related to writing or reading. Although the direction of causality or the
interaction with other latent variables is unknown, the literature has shown that
the ability to write legibly and precisely is at least weakly correlated with academic
success and can bene t other areas of life.

Problems with lllegible Handwriting In contrast, the inability to produce
legible handwriting can be an indicator of learning di culties and has been shown
to have undesirable implications.

Berninger and May (2011) summarize the literature on learning disabilities and
found that impaired legible automatic letter writing is a common denominator in
research on dysgraphia (diagnosed writing di culties). Automatic writing refers to
the ability to write uently with minimal cognitive e ort. Legible automatic letter
writing is a compound of legible writing and automatic writing. So diagnosing for
dysgraphia involves an assessment of legibility.

Similarly, Martlewm (1992) examined children with and without dyslexia (diagnosed
reading di culties). They compared qualities of the writing process and product.
The handwriting of children with dyslexia was perceived as less legible.

Comparing both the writing process and the product of children with and with-
out attention-de cit hyperactivity disorder (ADHD), Sara Rosenblum and Josman
(2008) found that those with ADHD exhibit a comparatively poor spatial arrange-
ment of strokes and letters, as well as a higher frequency of unrecognizable letters.
This suggests that low legibility could be an indicator of this condition.

Dinehart (2014) and Barnett et al. (2018) summarize that students who failed to
acquire the skill of legible handwriting can develop a reluctance to write, which in
turn is detrimental to their success in school and a ects self-esteem.

2.1.3 Informal Assessments in Practice

The ability to write legibly is a valuable skill. This motivates the intention to assess
the legibility of handwriting. According to a teacher survey conducted by Marquardt

et al. (2016), 31% of girls and 51% of boys in German schools exhibit some degree of
handwriting di culty. A meta-study on handwriting di culties and interventions by

Feder and Majnemer (2007) found that between 10% and 30% of school-aged children
are a ected. They observed that these di culties do not resolve without intervention

In most cases, while interventions were shown to improve handwriting, independent
of the speci c treatment approach. An assessment of legibility as part of handwriting
performance as a whole could help to identify and target such di culties, and could
positively impact a signi cant percentage of schoolchildren.
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Stefansson and Karlsdottir (2004) reviewed three studies that investigated how
handwriting is evaluated in school. They found that the assessment of handwriting
guality is usually based on informal observations by the teacher. Formal handwriting
scales are used less frequently.

Rondinella (1962) has shown that individual observations, which teachers base their
assessments on, are not reliable because they are determined by the individual stan-
dards of the teacher, rather than objective or standardized benchmarks. The indi-
vidual assessments of teachers were compared to the ratings obtained with a formal
handwriting scale, which revealed a wide spread in perceived handwriting quality.

2.1.4 Formal Assessments using Handwriting Scales

A handwriting scale is a standardized and quanti able measurement of a qual-
ity of handwriting. Most scales rely on a subjective assessment conducted by an
individual rater, while some aspects of handwriting quality, such as writing speed,
can be objectively measured. As discussed above, legibility is a quality perceived
by the reader. Handwriting scales related to legibility mainly use questionnaires
and are subjective. Rosenblum et al. (2003) reviewed existing handwriting scales
and their application to detect handwriting di culties. She categorized them as
global-holistic or analytical handwriting scales.

A global-holistic handwriting scale directly associates a single rating with the
quality inquired for the handwriting sample.

An analytical handwriting scale evaluates the quality of handwriting as a com-
plex compound. Samples are rated with respect to di erent criteria that are assumed
to a ect quality. An overall score is then calculated from those more speci c ratings.
The author found that analytical scales are more common in recent research. This
can be attributed both to the higher reliability found in analytical scales and to the
more detailed insights they provide. Analytical scales can point out which factors
make some handwriting illegible, helping to initiate appropriate measures.

2.1.5 Renowned Handwriting Scales

In the following, ve analytical handwriting scales are described, which assess the
legibility through a questionnaire. For a detailed description of the scales and the
corresponding questionnaire items, refer to A.1.

SEMS and (SOS-2) The German Systematische Erfassung motorischer
Schreibsterungen (SEMS) is a handwriting scale developed to identify children with
handwriting di culties, which was adopted from the Dutch SOS-2 (Waelvelde et al.,
2012). Suspects perform a copy writing task. The scale evaluates both the leg-
ibility of the produced writing as well as writing speed. With the corresponding
guestionnaire, seven criteria related to legibility are rated as being satis ed mostly
(0), sometimes (1), or rarely (2). The ratings are summed to obtain a total score.
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Franken and Harris (2021) found that this total score can be used to accurately
identify children with handwriting problems in the second grade.

HLS Barnett et al. (2018) developed the Handwriting Legibility Scale (HLS) for
teachers to quickly assess legibility. The suspect performs a free writing task. A
legibility score is calculated as the sum of ve criteria that are rated on a ve-point
Lickert scale following the corresponding questionnaire.

ETCH The Evaluation Tool of Children's Handwriting (ETCH) tests for many as-
pects of handwriting performance. The suspects participate in several writing tasks.
The examiner observes the suspect during the writing tasks because both the writ-
ing process and the writing product are assessed. Du and Goyen (2010) describe it
as a criterion-referenced assessment that focuses on the readability of letters, words,
and numbers at a glance and out of context. The corresponding examiner's manual
by Amundson (2004) provides detailed instructions on the preparation, execution,
and interpretation of the proposed assessment. This handwriting scale was designed
for use by occupational therapists.

HPSQ Rosenblum (2008) proposed the Handwriting Pro ciency Screening Ques-
tionnaire (HPSQ) to identify handwriting di culties among school-age children. It

Is intended to be used by teachers to assess the handwriting of their students. The
guestionnaire contains ten questions that are rated from one to ve. A principal
component factor analysis of these ten criteria revealed two main factors. The rst
comprises four questions, which the authors summarized as related to legibility.

MHT  Following the description by Rosenblum et al. (2003), the Minnesota Hand-
writing Test (MHT) was developed to assist occupational therapists in identifying

school children with writing di culties. Suspects copy a standardized set of words

for a xed period of time. The examiner checks which of fourteen statements apply
to the writing of the suspect and then rates the produced writing according to six
criteria, of which ve are related to legibility.

To summarize, the described handwriting scales use questionnaires to quantify the
judgment of legibility of the raters. The questionnaire items inquire ratings of di er-
ent aspects of legibility. Although precise de nitions di er, there seems to be general
agreement on which legibility criteria need to be assessed on an analytical handwrit-
ing scale that focuses on legibility. Similar criteria are aggregated in Table 2 to give
an overview of how legibility is captured by the described scales. The checkmarks
indicate that a scale contains a questionnaire item that at least mentions the given
criterion in the rating instruction.
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Table 2: An overview of the legibility criteria inquired in handwriting scales.

Criterion Inquired in Questionnaire
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2.1.6 Limitations of Handwriting Scales

Rosenblum et al. (2003) point out the limitations of existing handwriting scales. One
drawback of questionnaire-based assessments is the dependence on the rater. For
many handwriting scales, there is no speci cation on who is quali ed to administer
them. It seems plausible that the perception of legibility di ers between therapists,
teachers, and laymen. Consequently, the same handwriting might receive varying
scores depending on the rater.

Furthermore, the scales di er in how the rater is instructed. The instructions range
from short textual descriptions of the writing task and questionnaire items to exten-
sive manuals that provide guidance on the preparation, administration, and interpre-
tation of the assessment. Both Barnett et al. (2018) and Franken and Harris (2021)
instructed the raters about the use of the handwriting scales personally. In contrast,
the MHT comes with an instruction manual for the rater, and in-person instructions
did not take place. Similarly, before administering an ETCH assessment, raters are
expected to practice with the corresponding manual. A trial assessment is provided
to check that the rater assigns the ratings according to the manual instructions.

These di erences in the selection of raters and the provided instructions partially
explain the variation of reported inter-rater reliabilities shown in Table 3. The
metrics are described in Section 3.4.2. Barnett et al. (2018) instructed two teachers
to assess the handwriting according to the HLS. Based on the ratings given, the
handwriting samples were grouped into three classes of legibility (low, medium, and
high). The ICC indicated excellent agreement, but the authors did not report which
variant of the ICC was used. Cohen's Kappa was lower but showed substantial item
agreement. Waelvelde et al. (2012) found good agreement on the total SOS-2 scores
using ICC (2,1) and varying agreements using Cohen's Kappa agreement on the
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di erent items rated. For the other scales, only the ICC was reported either for
total scores or ratings of individual items.

Table 3: Inter-rater reliability of handwriting scales.

Intraclass Cohen's
Scale Correlation Kappa
Coe cient
HLS .92 .67
SOS-2 (SEMS) .77 0.39-0.77
ETCH .85-.92
HPSQ .92
MHT 77-.99

The described assessments are time-intensive. For example, the HPSQ can be con-
ducted by a teacher in about ve minutes and an assessment using the ETCH is
expected to take 20 to 30 minutes. This investment of time per student hinders a
wide adoption of handwriting scales for legibility assessment.

2.2 Computerized Assessments of Legibility

Di erent machine learning based solutions have been proposed before for automated
handwriting assessment. They vary in the qualities of handwriting that they aim to
assess and in the data they operate on.

" Solutions focus on either the writing process or the writing product (Sec-
tion 2.1.1).

"~ Solutions use images of handwriting, trajectories recorded on tablets, or data
from sensor-enhanced ballpoint pens.

" Solutions assess single letters or longer passages of writing.

2.2.1 Predicting the Legibility of Single Characters using Tablets

The use of display tablets to record handwriting trajectories provides both tem-
poral and spatial descriptions of the writing, which makes them a popular choice.
The recorded data allows for a direct assessment of both writing product and pro-
cess. Hamdi et al. (2020) developed a system that assessed how well students wrote
single letters on a tablet computer. From the recorded trajectories, three representa-
tions were calculated using a beta-elliptic model, Fourier transformation, and CNNSs.
These representations of the student's attempt at writing the given letter were then
used to calculate the similarity with selected correctly written reference samples of
the given letter. In addition, support vector machines were used to calculate scores
that rated di erent aspects of the written letter. The similarity measurements and
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scores were then forwarded to a fusion model that combined inputs to determine
scores for the four criteria of interest.

1. Correctness of the overall shape of the letter.
2. Omission of required strokes of the letter.
3. Deformations like an unusual slant of a stroke in the letter.

4. Addition of strokes.

In summary, single letters written on a tablet are automatically rated with respect
to four criteria.

2.2.2 Predicting Handwriting Performance using Tablets

Mekyska et al. (2023) had children write paragraphs on a display tablet and used
the recorded trajectories to predict the scores of the HPSQ-C handwriting scale
(Section 2.1.4), which is used to assess the handwriting performance asking about
the writing process and product (Section 2.1.1). Manually engineered features, like
the time in air, were used as input to a gradient boosting algorithm to predict the
ratings of three items of the HPSQ-C questionnaire. The Mean Absolute Error
(see Section 3.4.1) between the model predictions and the ratings ranged from91
to 2:67 for the three individual items and was % for the overall summed score.
With a range of one to ve for the individual items and a range of three to fteen
for the total score, these mean errors seem substantial. In a binary classi cation
task between dyslexic and normally developing children, an accuracy of.8% was
achieved based on the predictions on a balanced test set.

2.2.3 Predicting Legibility with the STABILO DigiPen

The use of sensor-enhanced ballpoint pens allows for an assessment of the natural
writing process on paper. The collected sensor data captures features of the writing
process and is less descriptive of the writing product than the images and trajecto-
ries recorded on tablets. Grabmann (2023) assembled tBeiration Beauty dataset
from handwriting samples recorded with a pen similar to the one described in Sec-
tion 3.1.2. Ordinal legibility ratings from one to three were assigned to the samples
by the author. These ratings represent a count of legibility violations. For each
of the ve legibility criteria that the annotator saw violated, the ratings increased

by one. Samples with more than three violations were assigned the maximum rat-
ing of three. Four deep learning network architectures were trained to discriminate
between the three legibility ratings. The models were trained and tested on four dif-
ferent categories of data, which dictated how the training and the test were derived
from the dataset. The models were compared on the basis of the mean accuracy
they obtained on unbalanced test sets in ve-fold cross-validation.
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Category 1 With unbalanced training data and user-independent evaluation,
mean accuracies for the di erent models laid between 4P% (RNN) and
56:17% (CNN).

Category 2 With balanced training data and user-independent evaluation,
the MLP achieved the highest accuracy of 454%, while both the RNN with
37:77% and the CNN architecture with 3780% achieved equally poor results.

Category 3 Unbalanced training data and user-dependent evaluation led to
the highest mean accuracies between:88% (RNN) and 6338% (MLP).

Category 4 With balanced training data and user-dependent evaluation,
mean accuracies were between :Z9% (RNN) and 6247% (CNN).

In addition to the ratings by the author, a teacher also provided ratings for entire
pages of student handwriting. These pages were then divided into shorter hand-
writing samples, which were given the same rating as the entire page. Experiments
with these ratings used data of category three, so samples of the same student were
allowed to appear in the training and test set. An accuracy of 96% was reported

for the same CNN, which achieved 38% with category two data.

In the context of applying automated assessment in practice, the goal was to collect
annotated data for a group of students to train models that develop generalizable
features related to legibility. These features would then enable the models to assess
the legibility of unknown students. To avoid introducing bias into the assessment and
to test generalization, the second category holds the greatest signi cance. However,
the results reported for category two are hard to interpret. Possible problems lie
in the use of accuracy as metric for evaluation on unbalanced data, the unspecic
nature of labels in the dataset, and aws in model architecture.

Unbalanced Test Data Given the highly unbalanced nature of the test sets, ac-
curacy does not appear to be a suitable or expressive metric. A model that always
predicts the most common of the three ratings would have achieved an accuracy
greater than 50%, which is higher than the reported accuracy of the four mod-
els. Training on unbalanced data makes the model favor the more common ratings,
which leads to higher accuracy on an unbalanced test set with a similar distribu-
tion of ratings. Consequently, all four models achieved higher test accuracies with
category-one data than with category-two data. This increase in accuracy cannot
be attributed to an increased ability to determine the legibility of samples. In the
dataset, the least frequent of the three legibility ratings marks the least legible sam-
ples. From a diagnostic point of view, it is important to reliably identify these
samples with low legibility.

Unsuitable Labeling - Ambiguous Ratings As a consequence of the labeling
scheme, the same rating can denote di erent shortcomings in a sample. For example,
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a rating of one indicates that one of ve criteria was found to be violated in the
handwriting sample. A sample with irregular spacing received a rating of one, as
well as a sample with irregular letter heights. This makes it harder to relate one
rating to speci c patterns in sensor data.

Unsuitable Labeling - Unspeci ¢ Ratings The accuracy of 3180% measured
when the CNN was trained with individual ratings per sample and data category
two was compared to the 9%% it achieved on samples annotated with ratings that
describe entire pages and data category three. This comparison reveals that having
identical ratings for all samples from an individual student in combination with a
user-dependent evaluation leads to misleadingly high accuracy. It is assumed that
samples of most students were contained in both the training set and the test set.
Consequently, the model probably learned to identify student-speci c patterns in the
sensor data rather than nding features related to legibility. A model that is able

to tell apart the handwriting samples of the 37 students in the dataset will perform
well on the prediction task because all samples of the same student are annotated
with the same rating. Consequently, the results show the ability of the model to
learn the writing styles of 37 students, but not its ability to assess legibility.

Model Architecture The architecture of the CNN model is shown in Figure 8.
As explained in Section 4.3.2 all convolutional layers operate on data of the same
size. As a consequence, there is no incentive for the convolutional layers to condense
the input data into more abstracted features throughout the convolutional layers.
Without reducing the size of the feature map, the convolutional layers seem likely
to bring little bene t to the learning ability of the model. The prediction is assumed

to be determined mainly by the weights of the classi cation head.

2.2.4 Predicting Legibility with the SensoGrip Smart Pen

A similar approach to the automated assessment of legibility was described by Bublin
et al. (2023). Reviewing related literature, they stated that traditional methods
often relied on digital tablets and classical machine learning algorithms. In contrast,
the authors used the SensoGrip smart pen, which captures detailed handwriting
dynamics similarly to the pen described in Section 3.1.2. Raters assigned scores
between zero and twelve according to the SEMS handwriting scale (Section 2.1.5).
According to the study on the SEMS handwriting scale (Franken and Harris, 2021),
the students were grouped as having handwriting di culties or not according to the
score assigned to their writing.

The models were trained for regression on the overall SEMS scores, rather than
predicting ratings for individual questionnaire items, which focus on di erent aspects
of handwriting performance separately. The dataset consisted of the handwriting
of 22 students, the corresponding sensor data, and the SEMS score given for each
piece of handwriting by a therapist. To increase the amount of training data, the 22
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pieces of handwriting were split into 20 shorter handwriting samples. Each sample
created this way was annotated with the overall SEMS score that was given for the
original piece of handwriting as a whole. The best performance was reported for a
long short-term memory network. It achieved a Root Mean Square Error (RMSE)
of 0:68, which corresponds to a Mean Squared Error (MSE) of3®. Given that

the model predicts values between zero and twelve, these errors appear to be low
and suggest that the model is able to predict scores similar to the therapists. An
accuracy of 98% was reported for the binary classi cation task, between samples
of students with or without handwriting di culties. The limitations of the proposed
work put these results in perspective.

Unsuitable Labeling - Unspeci ¢ Ratings It seems questionable whether the
samples' scores accurately describe their handwriting quality because the score is
inherited from the original longer piece of handwriting. For example, such a piece
of handwriting could start with a perfectly legible sentence and end with a sentence
that is hard to read. To increase the training data, the writing is split. The rst and

last sentences are individual samples. With the explained annotation scheme, both
the perfectly legible and the problematic samples receive the same score, which was
assigned to the piece of writing as a whole and probably lies somewhere in between
the two scores that would suit the two individual samples.

User-Dependent Evaluation The issues described above that arise from the
approach of annotating samples for training and testing were intensi ed because
samples from the same student were contained in both the training and the test
set. As explained in the review of Grabmann (2023), the combination of having the
same score assigned to all samples from an individual student and evaluating the
model in a user-dependent way leads to high accuracies that are not generalizable
for the practical application of automated assessment. The reported performance
shows that the model is able to approximate the score by identifying who of the 22
students wrote a given sample.

Use of Additional Data In addition to the sensor signals, the age and gender of
a student were given to predict the legibility of a sample. This allows the model to
learn how age and gender are related to legibility. This learned bias helps improve
the accuracy on the test set, but detracts from learning patterns in the sensor data
that determine legibility.
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3 Methodology

The idea was to capture the perceived legibility of many raters for a large set of
handwriting samples. The ratings in this dataset represent an approximation of the
concept of legibility. An assessment system should be created that rates unseen
handwriting according to this approximation. Basing the assessment on the judg-
ment of di erent raters is a step towards more objectivity and robustness, compared
to relying on a single rater. Each time the system assesses a handwriting sample,
the judgment is based on the opinions of the whole pool of raters who annotated
the dataset. If the system gives ratings in accordance to the rater opinions, and
the pool of raters constitutes a representative subgroup of all people who assess
legibility, then the tool could be used to conduct the assessment in their place.

To train CNNs as such assessment systems and to address research questions, the
rst step was to settle on the criteria of legibility to investigate. Then, ten sentences
were designed as reference text. Handwriting samples were recorded for these sen-
tences with the STBILO DigiPen and then rated according to the criteria to assemble
the StablLe dataset. The dataset was used to analyze rater agreement and to train
models for automated assessment.

3.1 Data Acquisition
3.1.1 Choosing Legibility Criteria

The literature review revealed similar criteria that are addressed to assess the legi-
bility in the handwriting scales discussed. For this work four legibility criteria were
chosen. Three factors informed the decision on the criteria that should be investi-
gated.

" The criterion must be grounded in research. There needs to be evidence that
the criterion is relevant for the overall perceived legibility of handwriting.

A

Expert experiences (engineers involved in developing the sensor pen) and opin-
ions on whether a criterion can be assessed using only the sensor data provided
by the pen were taken into consideration.

" Criteria with di erent degrees of speci city should be investigated. A criterion
that asks for a general impression is said to be unspeci c compared to one that
asks for a speci ¢ characteristic of the strokes or letters.

Based on these factors, the common criteria shown in Table 2 were considered and
re ned to the four criteria shown in Table 4 together with the identi ers used later
for reference.

The global-legibility was chosen as the rst criterion. The raters are asked to give
a rating that re ects their overall impression of legibility. An overall impression of
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legibility is commonly rated in the reviewed scales. This is the least speci c criterion
because it is not directly determined by the speci ¢ characteristics of the shapes and
strokes.

The slant-consistencywas chosen as the second criterion. The raters are asked to
give a rating that re ects how well the vertical strokes of the letters are aligned.
This criterion is more speci ¢ because it is determined by a characteristic of the
strokes, their slant, and it is common in the reviewed scales. It is assumed that
information about the slant can be reconstructed from the provided sensor data.

Letter-formation-ad and Letter-formation-rnh
Table 4: The four legibility criteria. were chosen as the third and fourth criteria.
The raters are asked to give a rating that re-

Question Criterion ects how well these letters are formed and how
Identi er easily similar letters can be distinguished out
Q1 global-legibility of context. Letter formation was assessed in
Q2 slant-consistency most of the reviewed handwriting scales. The
Q3 letter-formation_rnh correct form and shape of the individual letters
Q4 letter-formation_ad determine legibility. Lewis and Lewis (1965)

examined root causes for insu cient letter for-

mation. They found that the incorrect size of parts of letters is the most common
letter formation error. A large portion of letter malformations appears in a small
subset of letters, which are similar in shape. They explain that the letters 'a’ and
'd" are produced by nearly identical hand movements, and their shapes only di er
in the extent of one stroke. The same holds for letters 'r', 'n’, and 'h'. The question
of whether the extent of these strokes is appropriate and whether the letters are
distinguishable is speci c.

3.1.2 Recording Materials

Di erent materials were used to record handwriting samples for th&tabLe dataset.

Reference Sentences The text or content of the handwriting samples ofStabLe
was designed according to the following considerations.

" Fixed Content Previous work attempted to predict legibility in a wide variety
of written text. According to the hypothesis that reducing the variety of
content bene ts model performancesR1 in Section 1.3), this work altered
the prediction task to assess legibility in a small number of reference sentences
written by all subjects.

Dictionary Because samples were planned to be recorded with students in
grades ve and six, sentences were not allowed to contain complicated terms.
This was meant to ensure that students can read the sentences once and then
write them without interrupting the writing ow.
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" Sample Length To record uninterrupted writing, samples had to be short.
In addition, it was hypothesized that one single legibility label for a longer
text passage lacks detail. The rating that describes the passage as a whole can
di er from the rating that would apply to a shorter excerpt. Rating a long
passage requires the rater to summarize observations on di erent parts of the
text into one rating. It is assumed that this makes the ratings more subjective
and less reliable than they would be in shorter texts.

Letters As criteria Q3 and Q4 focus on a comparison of letters 'r', 'n’, and
'h" or 'a’ and 'd’, respectively, sentences were designed to contain these groups
of letters.

Following these considerations, ten short sentences were designed as writing tasks for
the dataset. The process of nding appropriate reference sentences was supported
by members of the SMI, who could build on experience in the eld of assessing
legibility and working with students. The ten sentences are:

1. Der Hahn und der Hund tanzen.
Er stand da und lauschte.
Hannah hat ein Buch gelesen.
Quark ist besonders lecker.
David der Kater schnurrt sanft.
Die Pfertner lassen dich herein.
Sie wandern in Richtung Strand.

Kinder spielen drau en.

© © N o g0 bk~ W D

Ein heftiger Blitz leuchtet.
Figure 2: The recording sheet.

H
o

Bellende Hunde bei en nicht.

Recording Sheet  For previous handwriting recordings at STABILO, participants
wrote on regular lined, grid, or blank paper to collect samples for text recognition.
For this work, the goal was to reduce the variability in the recordings as much as
possible to make the task of predicting legibility as easy as possible. Furthermore,
single sentences had to be extracted from the scans of the sheets afterward to prepare
the labeling process. Therefore, uniform sheets with ten black lines numbered from
one to ten were used so that students could write each of the ten sentences on the
designated line. In case the students needed to correct themselves, a second gray
line was printed for a second attempt at writing the sentence. At the top, the sheets
contained a small box to Il in the student's user ID so that the sheets could be
associated with the corresponding recorded sensor data afterwards. The sheet is
shown in Figure 2
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