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ABSTRACT

In this study we present an estimation of texts containing
English dyslexic errors in the Web. A classification of lexi-
cal errors is proposed and unique dyslexic errors are distin-
guished from other kind of errors due to spelling and gram-
matical errors, typos, OCR errors and errors produced when
English is used as a foreign language. A representative sam-
ple of each kind of error is used to calculate a lower bound
for the prevalence of dyslexia in the English Web. Although
dyslexia has been studied in the context of Web accessi-
bility, to the best of our knowledge, an estimation of Web
texts containing dyslexic errors was unknown. Our results
are useful to tackle future work in Web accessibility among
dyslexic users focusing not only in the interface but also in
the text content.

1. INTRODUCTION

Dyslexia is a neurologically-based disorder which inter-
feres with the acquisition and processing of language. Vary-
ing in degrees of severity, it manifests itself with difficulties
in receptive and expressive language, including phonologi-
cal processing, in reading, writing, spelling and handwriting
and sometimes in arithmetic [8]. Although in some liter-
ature, dyslexia is only referred to reading and dysgraphia
to writing, this study takes into account a broader defini-
tion of dyslexia and its manifestations in writing. Follow-
ing the Boder’s diagnostic screening tool for developmental
dyslexia (The Boder’ Test of Reading-Spelling Patterns [4]),
our study takes into consideration the dysphonetic dyslexia
which is the largest of the three subtypes of dyslexia that
the author presents. Dysphonetic dyslexia is viewed as a dis-
ability in associating symbols with sounds. The misspellings
typical of this disorder are due to phonetic inaccuracy.

There is a universal neuro-cognitive basis for dyslexia,
nevertheless, it manifestations are culture-specific due to dif-
ferent orthographies. Therefore, spelling errors vary consid-
erably between languages [1]. This work focuses on English
and since it is a language with deep orthography, the map-
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ping between letters, speech sounds, and whole-word sounds
is often highly ambiguous and therefore dyslexics examples
are more widespread than in other languages with transpar-
ent or shallow orthography [18]. Researchers estimate that
10-17 % of the population in the U.S.A. has dyslexia and
only 30 % of dyslexics have trouble with reversing letters
and numbers [16]. On the other hand, the level of dyslexia
in other regions such as Europe or China is lower.

Regarding this important and relatively large group of
users, various studies take into account dyslexia from the
Web accessibility point of view. They focus mainly on de-
signing guidelines for authoring dyslexic-accessible interfaces
[15] and on producing special text formats for dyslexic users
[11]. However, there is a common agreement in these studies
that the application of dyslexic-accessible practices benefits
also the readability for non-dyslexic users [17, 15] as well as
other users with disabilities such as low vision [6, 11, 5].

There is a considerable body of knowledge on dyslexia and
its relationship with computers. Among others, dyslexia has
been considered for e-learning [23], for the creation of tools
to diagnose [24] and correct dyslexic errors [19]. Many soft-
wares for assisting dyslexic users has already been developed
[14, 22, 12]. However, to the extent of our knowledge, this is
the first attempt to estimate the amount of texts containing
English dyslexic errors in the Web.

Detecting the presence of dyslexic texts in the Web helps
us to know the real impact of dyslexia in the Web as well
as to value dyslexic-accessible practices. Moreover, spelling
error rates has proven a useful index for website content
quality [13].

This paper is organized as follows. Section 2 presents our
error classification. Then, Section 3 explains the methodol-
ogy used in our study, including the two steps used for the
estimation of errors in the Web and the word samples used.
The results of our estimation of the dyslexic Web is pre-
sented in Section 4. In Section 5 conclusions are drawn and
plans for future work are considered, as well as a discussion
about the amount of different types of dyslexic errors from
previous related work.

2. ERROR CLASSIFICATION

In order to detect lexical errors produced by dyslexic in-
dividuals, it is required to distinguish dyslexic errors from
the rest of lexical errors. To this purpose, we establish five
classes of errors, taking into consideration the user disability,
the user mother tongue and the source of the text:

1. Dyslexic errors: Among the different kinds of errors
commonly made made by dyslexics (i.e. unfinished



words or letters, omitted words, inconsistent spaces
between words and letters [21]), we only consider mul-
tiple repetitions, additions, transpositions, omissions,
substitutions, and reversals in letters inside words. For
instance, *reiecve instead of receive’.

2. Regular spelling errors produced by non-impaired na-
tive English individuals, such as the transposition error
*recieve.

3. Regular typos caused by the adjacency of letters in the
keyboard, i.e. *teceive.

4. Optical character recognition (OCR) errors, due to let-
ters of similar shape, such as *ieceive.

5. Errors made by non-native speakers who use English as
a foreign language. For example, *receibe is a typical
error made by Spanish learners of English, since the
graphemes ‘b’ and ‘v’ are pronounced as /b/, and the
phoneme /v/ does not exist in the standard Spanish
phonemic system.

Notice that depending on the word, one error might belong
to more than one class. Hence, for our purposes we will need
to find words where these cases are not ambiguous.

3. METHODOLOGY

3.1 Estimating the Presence of Errors

Assume that the fraction of Web pages with lexical errors
is f and that the relative fraction of dyslexic errors among
all lexical errors is d. Then, the fraction of Web pages with
dyslexia is f x d. Sampling the Web is a difficult problem in
general [3] and even more in our particular case. Hence, we
just do a rough estimation for a lower bound of f and d, and
hence we obtain a lower bound for the fraction of dyslexic
pages in the Web.

We use the three major search engines (Bing, Google and
Yahoo!) to estimate the document frequency of a word.
Each of the words in our list is searched only in English
web pages to avoid cases of wrong words that may have a
meaning in other languages.

We estimate the relative fraction of wrongly written doc-
uments, f, by using a sample of frequent words that appear
in most documents, usually called stopwords in information
retrieval [2]. Then we use the largest relative fraction of mis-
spells for all these words to estimate f, as we cannot assume
that all of them appear in different pages.

To estimate d we do the same frequency search with a
sample of non-frequent words where we can distinguish the
different types of errors without ambiguity. In this case we
use a small sample of words as finding words where all pos-
sible cases of errors are non ambiguous is not trivial. Here
we assume that these strange misspells appear in different
Web documents. We cover this case next.

3.2 Dyslexic Words

All the dyslexic spelling errors are taken from samples
of text written by adults with diagnosed dyslexia and from
literature [20]. Since some of the lexical errors made by
dyslexics overlap with other existing words (i.e. *was and
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saw, *form and from) or with other kind of errors such as
misspells and regular typos, i.e. *remeber, the following cri-
teria for the sample selection is used.

Among the dyslexic errors, we take in account the ones
which include the letters that produce more confusion among
dyslexic individuals, such as ‘b’, ‘d’, ‘p’, ‘m’, ‘n’, ‘u’ and ‘w’
together with other similar looking letters. For instance, it
is specially frequent to find reversals of similar letters, such
as ‘b’ and ‘d’ [10].

To avoid the overlap of dyslexic errors and regular typos,
simple errors [9] are not taken in account. We consider only
words written by dyslexics containing multi-errors [20], that
is, the dyslexic word differs from the intended correct word
by more than one letter. For example, the dyslexic word
*konwlegde from knowledge.

In our set of multi-errors dyslexic words not all the kind
of possible errors are taken into account. Errors due to ho-
mophone confusion, that is words which have a similar pro-
nunciation [20], are not selected even though 15 % of the
dyslexic errors presented homophone confusion in a corpus
of dyslexic texts. We also avoid taking into account errors
which produce a syntactic anomaly, i.e. words that have
no part of speech tags in common, such as the error *from
(form) or inflection errors, i.e., *story (stories), which are
non-correctable.

Errors which coincide with other existing words in English
(real world errors in the literature [20]) are omitted, i.e.
*trust being the intended word ¢ruth [7]. Errors which give
as a result a proper name are also filtered, for instance the
typo *wirries from worries is also a proper name.

For each of the dyslexic words selected we check its unique-
ness by distinguishing different versions of the word belong-
ing to the other kind of errors, so their source can be pre-
dicted without any ambiguity. Due to this, the selected
words are usually long (9 letters per word on average).

For example, the word comparison has the corresponding
types of errors:

1. Dyslexic error: *comaprsion.

2. Regular spelling errors: *comparision, *conparison and
*coparison.

3. Regular typos: *vomparison, *romparison, *cimpari-
son, *cpmparison, *conparison, *co,parison, *comoari-
son, *comfarison, *comprison, *compsrison, *compaei-
son, *compatison, *comparuson, *comparoson, *com-
pariaon, *comparidon, *comparisin, *comparispn, *com-
parisob and *comparisom.

4. Optical character recognition (OCR) errors: *compai-
1son and *comparisom.

5. Errors made by non-native speakers who use English
as a foreign language: *comparition and *comparizon.

There are other possibilities, but their frequency is negligible
and we can disregard them as we are computing a lower
bound.

Regular typos are generated by substituting each of the
letter that appears in the word by its adjacent letter (left or
right) in the keyboard. Other cases have much smaller fre-
quency (keys above or below). The sample D has a group of
ten dyslexic-prone words? together with their corresponding

2 comparison, understanding, knowledge, impossible, tomor-
row, worries, explain, interesting, situation and confusion.



variants with errors, giving as a result a total of 260 different
words.

4. DYSLEXIA IN THE WEB

Before estimating d we need a short digression. In our
study only multi-errors are taken into consideration, which
are less frequent than simple errors in dyslexic texts. In
previous research [20], the error rate from a corpus of 12,000
words written by dyslexics was calculated. In the study, 17%
of the errors are real-word errors while 83% are non-word
errors. Over all the errors, 39% of them were multi-errors
while 53% were simple errors. The rest of the cases (8%)
were due to word boundary errors (i.e. *alot from a lot).
Hence, our method underestimates the real value of d and
then we can safely use a factor of 3 to correct this fact.

From the sample D, the absolute percentage of dyslexic
errors is very low with an average of approximately 0.7%.
Then, we can estimate d as 2.01%. Table 1 shows the ranges
for all our error classes. We use the real document frequen-
cies of the terms from one of the search engines to validate
the results obtained, finding very similar results.

[ Error Class |  Range (%) | Average (%) |
Spelling 47.390 — 91.571 63.732
Typo 11.309 — 47.747 28.184
Foreign 1.568 — 10.218 6.615
OCR 0.003 — 3.648 0.799
Dyslexia 0.007 — 3.100 0.669

Table 1: Range of percentages and average for the
different error classes.

Following our methodology, we have f > 0.27% obtained
with the common word because, taking the maximum over
all search engines. Then, using the previous value of d, a
lower bound for the percentage of dyslexic text documents
in the Web is 0.005%. This value is much lower that the
corresponding number of dyslexic users (say 10%). On the
other hand it is of the same order of magnitude of OCR
errors and then, most probably, our lower bound is very
conservative.

Although this is a small percentage, for each 20 billion
Web pages, there are at least one million pages containing
dyslexic errors. If we consider all spelling errors as dyslexic
errors, the lower bound would increase to close to 0.2% and
for each 10 billion pages, 20 million Web pages would contain
dyslexic errors.

5. CONCLUDING REMARKS
Our main conclusions are that:

e The amount of dyslexic texts in the Web is not as
large as it could be. This suggests the idea that the
widespread use of spell checkers ameliorates dyslexia
in the Web.

e Particular words can be used to detect dyslexic texts,
and hence dyslexic users. This can be used to improve
Web accessibility as well as future spell checkers tar-
geted to dyslexic users.

Since this is the first attempt to estimate text written by
dyslexics individuals in the Web, a comparison with previ-
ous work is not possible. Moreover, previous research on

dyslexia reveals that error frequency is related with word
length [20]. Short words such as there, where, form, etc. are
misspelled much more frequently in dyslexic texts than long
words like the ones used in our experiments. Hence, we can
do a better estimation by using a larger sample of stopwords
as well as long dyslexic words.

As a byproduct we have found that other types of errors
are much more frequent in the Web and this can be used to
assess the quality of Web text. In addition, the methodology
applied in this study to measure different types of errors will
be used in future work to develop natural language process-
ing tools to improve Web accessibility for dyslexic users.
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