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Abstract

Reading is a critical skill that affects the development of all other skills, as well
as self-esteem. Language-based learning disabilities like dyslexia interfere with
a child’s ability to read. This paper follows up on the previous proof-of-concept
research of Spoon et al. [1], who developed a system that used computer vision
to classify handwriting samples as indicative of dyslexia or not. In this paper, we
contribute (1) a subset of a robust data set from a pilot school system and (2) visual
and quantitative evidence that suggests dyslexia detection, eliminating confounding
factors. Here we seek to show that not only is it possible to classify handwriting as
characteristic of dyslexia, we can now explain the behavior of the neural network
to the end users: teachers, parents, and the kids affected by those decisions.

1 Introduction

Literacy is deeply connected to a child’s outcomes in life [2]—in employment, health, safety and
more, reading is crucial. This is part of why a Quality Education for every child in the world is one of
the U.N. Sustainable Development Goals [3]. Dyslexia is a learning disability that hinders a person’s
ability to read [4]. It is critical that dyslexia is diagnosed early, however, teachers are not trained to
detect dyslexia [5] and screening tests are used inconsistently.

While up to 20% of the U.S. population is estimated to have dyslexia or another language-based
learning disability [6], very few of them are detected with the disability by the appropriate age. A
child that struggles to read in third grade is four times more likely to drop out of high school [7], but
fewer than 5% of students with dyslexia are actually detected by the critical age of third grade [8].

Most people (76%, according to a recent survey [9]) believe that learning disabilities are diagnosed
before fourth grade. But most detection comes much later or not at all, delaying critical years of
learning for millions of students [10] and costing our society billions [11]. Teachers do not have the
time or the training to detect the subtleties of dyslexia along with their immense workload. There is a
strong need for earlier, easier, and less costly detection of dyslexia.

In this paper, we build upon previous work [1] which examined the potential of modern machine
learning methods to identify possible indicators of dyslexia in handwriting. We hope this system
can eventually serve as a preliminary screening tool, which, together with evidence from teachers
and parents, can be used to refer the child to a school psychologist for a standard evaluation. Unlike
other problems in machine learning, the importance of understanding whether the network is making
well-supported decisions cannot be stressed enough—this is not the classification of cats and dogs;
these are children’s lives. The implications of using a system in the education realm that we do not
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completely understand are potentially enormous. Thus, we seek to demonstrate the soundness of this
technology before we move forward.

2 Related work

2.1 Handwriting recognition

Optical character recognition (OCR) is a well-developed, reliable method for processing handwriting
into text. Applications include automated mail sorting [12] and scanning written forms into text,
among others. OCR can recognize adult handwriting, including cursive [13], with high accuracy.
However, children’s handwriting has not been studied to the same extent that adult handwriting has,
and it is often messy and poorly constrained, making it hard for these techniques to be applicable.

2.2 Related technical approaches

Many groups have used machine learning to make predictions about whether students have dyslexia,
using students’ test scores [14], demographic information, survey data [15] (or all three [16]) as
features. Others have had success diagnosing dyslexia from computerized classification of brain
activity [17, 18] or by tracking eye movement of students [19]. Interactive technology applications to
detect dyslexia have emerged in recent years that are geared towards spotting red flags [20, 21, 22].
For example, Rello et al. designed a game to detect dyslexia across languages [23].

None of these approaches use raw handwriting, but handwriting is fairly easy to collect (compared to
standardized tests or interviews) and still has a substantial amount of meaning.

2.3 The link between reading and writing

The definition of dyslexia is often misunderstood, so experts have debated whether or not writing
problems can signify reading problems. If not, any abnormalities in handwriting would indicate
writing or fine motor disorders. However, decades of research in school psychology show that this is
not the case; reading is intimately connected to writing, and children who struggle to learn to read
often struggle to write.

"The writing difficulties of students with dyslexia can be partially attributed to their reading difficulties
and can manifest in many ways in their writing, such as poor spelling, poor legibility, lack of diverse
vocabulary, poor idea development, and/or lack of organization." [24]. Children with dyslexia tend to
form letters in unconventional ways, often omitting spaces between words, extending letters below
the line and erasing frequently [24].

Furthermore, teachers are not often aware of these subtle differences. Germano et al. recently showed
that while 84.3% of the students with dyslexia in their study met the criteria for a handwriting
deficiency, when teachers were asked the same questions about the students, they answered "rarely"
most of the time, suggesting they were not aware of the handwriting difficulties of the students [25].

Features of dyslexia in handwriting Sally Shaywitz, an expert in dyslexia detection, found that
some of the most robust identifiers of dyslexia include mispronouncing common words, not recogniz-
ing rhyming patterns, poor spelling, and messy handwriting [26]. However, not all of these can be
identified in handwriting. The most relevant indicators to our analysis are related to poor spelling and
ultimately the handwriting itself:

• Ascending or descending handwriting (angled up or down) even on lined paper

• Curvatures and angles of the letters "m", "n", "u" and "v"

• Irregular or no spaces between words, inconsistent sizes of letters or general bad form

Previous research has shown that handwriting from students with dyslexia can indeed be distinguished
from handwriting from students without dyslexia [1]. Can it be done? is a different question from
Can it be done well?. Next, we show that the same features that allow a school psychologist to
identify dyslexia in a child’s handwriting are also evident to the machine learning models we use to
detect dyslexia.
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3 Methods

3.1 Data

We build on a data set of 56 photos of handwriting samples grades K-6, collected from parents [1].

Pilot school system We partnered with a U.S. school system consisting of 1200 children in grades
K-6. We used an online survey to collect parental consent and demographic information from parents.
The dyslexia diagnoses were self-reported by parents. Here, we present a preliminary subset of this
data as an example, consisting of 100 handwriting samples. See Table 1 for a breakdown by grade.

Grade 1 2 3 4 5 6 Total
Dyslexia 5 3 3 1 10 0 22

No Dyslexia 12 23 11 3 17 2 78
Total 17 26 14 4 27 2 100

Table 1: Frequencies of handwriting samples. The full set will contain all 1200 samples.

3.2 Pre-processing pipeline

Following [1, 27, 28], we clean the images by first cropping them into lines of text, re-scaling those
lines to the same size, then generating random patches for each line. These patches can be letters or
transitions between letters. See Figure 1 for some of the resulting patches of handwriting.

3.3 Experimentation and results

Using an off-the-shelf convolutional neural network, patches of handwriting (size 113x113 pixels)
are used as input and the network classifies the patch as either indicative of dyslexia or not. The data
set was split 3:1:1, with 60% training samples, 20% testing samples, and 20% validation samples.

Five-fold cross validation with hyper-parameter tuning yielded 77.6% accuracy in determining
whether a patch of handwriting was written by a second-grade student with dyslexia or not. It is clear
that the network used certain features in the handwriting to classify the images; however, we cannot
be sure that these features align with meaningful indicators of dyslexia without digging deeper.

4 Analysis

Unfortunately, it is notoriously difficult to understand why a neural network model has made a
particular classification decision. We did several rounds of analysis to verify that the network is
detecting features of dyslexia as opposed to meaningless differences. We first investigated the results
visually to understand the qualitative nature of the patches of handwriting that were classified correctly
and incorrectly. After forming several hypotheses, we solidified these findings quantitatively as well.

4.1 Visual Observations with TSNE

TSNE [29] is a data visualization technique often used to interpret the high-dimensional output of
neural networks. We can observe that points plotted closer together represent patches of handwriting
that are more similar than the handwriting represented by points farther apart. We ran TSNE 10 times
and chose the result with the lowest KL divergence (see Figure 1).

4.2 Quantifying "Messiness"

From observation, it is fairly clear that samples marked as having dyslexia are not as legible as those
without dyslexia, but we wanted to quantify this hypothesis. One of the authors hand-labeled patches
of handwriting—5100 of them—in various categories of messiness: (1) illegible (cannot make out
the letter or transition), (2) partially illegible (can make out a letter but not sure what it is), and (3)
legible (can clearly tell the letter or transition).

3



Figure 1: Dyslexic handwriting tends to be messier. After plotting patches from second grade, it
appears that while there is a lot of overlap, the dyslexic handwriting tends to be less legible.

We labeled patches from the validation set for second grade, then re-validated the network and found
that 84% of the patches marked illegible and 60% of the patches marked partially illegible were from
samples of children with dyslexia. This seems to confirm that students with dyslexia have objectively
"messier" handwriting than their peers, and the network is using "messiness" as an indicator.

5 Dangers of this technology

Now that we have validated this technique, the potential for misuse of this system has risen. While
this software was in no way intended to cause harm, there are many possible negative outcomes.

1. False negatives: While a false positive would refer a student for testing who may not need
it, a false negative has more dire consequences. If that student has dyslexia but has been told
they don’t, that could prevent them from ever understanding their struggles with reading.

2. Use outside of the intended use: What is to stop someone from doing the same thing to try
to distinguish varying levels of intelligence in children? It is difficult to know the scope of
use that will follow, and even though this project is intended to help, there is always future
potential for someone else to do harm.

3. Bias: We do not have a completely clean data set. Some of the handwriting we receive
labeled as not characteristic of dyslexia could be from a child with an undiagnosed reading or
writing problem. Additionally, the diversity of our initial pilot test data is limited. Most of the
kids with diagnosed dyslexia from the pilot school system are white children with wealthy,
college-educated parents. Unfortunately many kids outside of this narrow demographic slice
also have dyslexia but do not get detected at the same rates [8].

6 Conclusion and future work

In this paper, we present preliminary work suggesting that the base of our system is solid and the
network is detecting more than irrelevant features in the handwriting—it is detecting unique features
of language-based learning disabilities. There is a vital need for a system like ours, especially with
future sophistication of the methods and additional investigation into the "non-dyslexic" samples.

Our next step is to work closely with a school psychologist to validate the various steps of this system
and add other screening measures if necessary. For example, school psychology research has shown
[30] that students with dyslexia typically write less when given the same amount of time as their
non-dyslexic peers, so we may consider adding a time requirement. Additional research has studied
the use of drawings instead of handwriting [31], so we have considered adding that to the screening
system as well. Once we have built the system, we will conduct a thorough study and have a school
psychologist evaluate each child to determine the true diagnosis.
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