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ABSTRACT

Research has explored using Automatic Text Simplification for read-
ing assistance, with prior work identifying benefits and interests
from Deaf and Hard-of-Hearing (DHH) adults. While the evalua-
tion of these technologies remains a crucial aspect of research in
the area, researchers lack guidance in terms of how to evaluate
text complexity with DHH readers. Thus, in this work we conduct
methodological research to evaluate metrics identified from prior
work (including reading speed, comprehension questions, and sub-
jective judgements of understandability and readability) in terms
of their effectiveness for evaluating texts modified to be at vari-
ous complexity levels with DHH adults at different literacy levels.
Subjective metrics and low-linguistic-complexity comprehension
questions distinguished certain text complexity levels with partici-
pants with lower literacy. Among participants with higher literacy,
only subjective judgements of text readability distinguished certain
text complexity levels. For all metrics, participants with higher liter-
acy scored higher or provided more positive subjective judgements
overall.
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1 INTRODUCTION

Automatic Text Simplification (ATS) consists of a variety of com-
puting techniques that aim to rewrite text to make it simpler to
read or understand [36]. This is typically done by rewriting phrases
or sentences in a text, which is known as syntactic simplification;
by replacing individual words, which is called lexical simplification;
or hybrid combinations of both [36]. As an emerging field, most of
the work in this area is still experimental and most research papers
focus on the evaluation of new methods of simplification [36, 37].
While ATS can have computing-based applications such as pro-
viding simplifications for a machine-translation pipeline, a growing
body of research has focused on its use as an assistive technol-
ogy for different user groups including people with dyslexia [28],
people with aphasia [8], and language learners [4]. Considering
that prior literacy research suggests that Deaf and Hard-of-Hearing
(DHH) readers! have diverse literacy skills (e.g. studies have found
fourth-grade reading levels among DHH high-school graduates
[39]), researchers have investigated the use of ATS as reading assis-
tance for DHH readers. Studies have found benefits from providing
DHH adults with both syntactic and lexical approaches to simplifi-
cation [3, 18], and also interest from a specific sub-group of DHH
readers (computing professionals) in such technologies [2].
Evaluations of ATS output typically focus on three aspects
of quality: grammaticality, meaning preservation and complexity
[19, 33]. While the former two are typically evaluated with expert
or native readers, the former is more commonly the focus of evalu-
ations with target readers (i.e. those who may benefit from ATS).
However, while the importance of the question of what are the

!Many DHH people prefer identity-first language. They do not perceive being DHH
as a disability, but as a linguistic and cultural difference.
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best manual methods of ATS evaluation has been raised in prior
work [36, 37], there has been little to no methodological research
on evaluating any of the different aspects of quality of the output
of ATS systems with DHH users.

Metrics that are often used for evaluating complexity of ATS
output with target readers, which include reading speed, compre-
hension questions, or subjective judgements of text, have not been
validated with DHH readers. While this paper focuses on the eval-
uation of text complexity of simplified texts, we note that prior on
evaluating errors in other linguistic technologies with DHH readers
has found conflicting results when employing similar metrics. Prior
work on the evaluation of errors in captioning technologies, for
example, has found subjective judgements to be more effective than
comprehension questions overall, but also that the literacy levels
of participants affect the effectiveness of the metrics [5]. On the
other hand, work on the evaluation of errors in American Sign
Language (ASL) animations suggests that subjective judgements
are no replacement for comprehension questions [12]. However,
it remains unknown which type of metrics may be more effective
when evaluating text complexity with DHH readers.

Thus, as a first step to reliably evaluate ATS systems with DHH
adults, methodological research is necessary to determine what
types of metrics are effective in measuring the complexity level of
texts when evaluating them among DHH readers. So, in this paper
we present an experimental study in which participants read news
articles at different levels of complexity and answered a number
of metrics for each article, which allowed us to determine which
metrics were effective at distinguishing the texts complexity levels.
Our results suggest that comprehension questions only work under
a number of conditions (when they’re used with participants with
lower literacy, the questions themselves are written in language
simple enough for participants to understand and the differences
in complexity level of the texts are of several grade-levels). While
all the subjective metrics tested were effective at distinguishing
the complexity levels of the articles with lower literacy readers,
only one of them was effective with higher literacy readers. The
contributions of this work include:

(1) Methodological guidance based on empirical evidence in
terms of metrics that are more effective for evaluating text
complexity with DHH readers at different literacy levels, as
well as the importance of reporting participants’ literacy
levels when employing any of the metrics included in our
study in order to allow for comparison across studies.

(2) Considering that different user groups may face differ-
ent challenges when it comes to text complexity [25], our
methodological framework can be used by other researchers
studying the use of ATS for other user groups to investi-
gate the effectiveness of these metrics for evaluating text
complexity with those user groups.

2 BACKGROUND AND RELATED WORK

In this section, we provide background on ATS and research fo-
cusing on its use as a reading assistance tool. Then, we discuss
prior work on the evaluation of ATS, focusing on why each eval-
uation was conducted, with whom it was conducted, and which
methods were used. This analysis of prior work reveals the lack
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of methodological guidance and lack of consensus as to how text
complexity should be evaluated with users. Finally, we consider
prior work among DHH adults, with a focus on evaluation of lin-
guistic technology among these users. While some of this work was
not specifically related to ATS, our analysis of this prior research
provides guidance for how to conduct methodological research on
linguistic technology evaluation with DHH users.

2.1 Automatic Text Simplification and Reading
Assistance

ATS consists of computing techniques to rewrite text to improve
its readability and/or understandability [36]. There are different
approaches to ATS, including: at the syntactic level which focuses
the simplification of phrases, sentences, or longer chunks of text;
at the lexical level which focuses on replacing complex words with
simpler synonyms; or hybrid combinations of both [36]. As an
emerging field, there are still few widely used ATS systems, and
evaluation of these technologies is still an important area of research
with no consensus as to what are the best ways to evaluate them yet
[37]. While ATS can have uses such as the initial steps of a machine
translation pipeline, a growing body of research has investigated
its use as an assistive technology, as a reading assistance tool.

Prior work on ATS as an assistive technology has focused on its
use for a number of user groups including people with dyslexia,
e.g. [28]; with aphasia, e.g. [8]; second-language learners, e.g. [4];
children, e.g. [6]; low-literacy readers, e.g. [42]; and more closely
related to our research, DHH adults, e.g. [3, 15, 18]. Part of the
reason different researchers focus on specific user groups is that
prior work has identified that the sources of reading difficulty for
different user groups may vary [25], and thus the findings from one
user group may not generalize to another as different user groups
may benefit from different approaches to ATS.

When it comes to DHH people, as mentioned in the introduction,
one of the key characteristics of this user group is their diversity
in literacy skill. While many readers can possess age-appropriate
reading skills, prior work has identified sixth-grade reading levels
among university students [1, 26]. Other studies estimate that more
than 30% of DHH students in the United States are "functionally
illiterate" [39] (functional literacy roughly corresponds to between
fourth- and eighth-grade reading levels in the United States [22]).
ATS has the potential to benefit DHH readers given that prior
literacy research has identified both syntactic and lexical aspects of
text as key sources of difficulty for lower literacy DHH readers. In
fact, prior research on ATS has found benefits from both syntactic
[18] and lexical [3] approaches to ATS. Furthermore, recent research
has found interest in having such tools from a specific sub-group
of DHH adults: those in the computing field [2] who may need to
learn new skills on their own for their career [9, 34].

2.2 Evaluating Automatic Text Simplification

Much ATS research has focused on its evaluation, e.g. [18, 28, 33],
whether that is to evaluate new machine learning techniques or
to evaluate its benefits as a reading assistance tool for a particular
user group. When evaluating the former, most research focuses
on evaluating the text from a linguistic perspective, to determine
the quality of the output, e.g. [19, 21, 33], typically evaluating the
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three different aspects outlined in the introduction: grammaticality,
meaning preservation and simplicity. When evaluating ATS with a
potential target user group, which is the focus of this paper, most
research has focused on only one of those dimensions: the simplicity
(or complexity) of the text. Researchers often distinguish between
two dimensions of text complexity, namely understandability and
readability. Understandability, which focuses more on the user,
refers to how easy a text is to understand for a particular reader.
Readability, in turn focuses more on the text, referring to how easy
the text is to read intrinsically [36].

There has been wide diversity in how these evaluations have
been conducted, including both manual and automatic evaluation
methods. Manual evaluation of ATS can rely on "expert" native
readers of the language, e.g. [33, 44], at times recruited through
crowdsourcing, e.g. [19, 21]. However, most accessibility research
with ATS relies on evaluating it with the target users themselves,
e.g. [3, 18, 28, 33]. Automatic evaluation of ATS, in turn, uses soft-
ware to analyze texts based on automatic metrics. These metrics
can be based on machine translation metrics (e.g. BLEU) or on com-
parisons against human references of complexity (e.g. SARI) [46].
While the latter directly relies on human judgements, all automatic
metrics ultimately rely on human judgements for validation. Thus,
manual evaluation of ATS is still crucial even for the development
of automatic metrics for automatic evaluation.

Most research that relies on manual evaluation typically pro-
vides participants with texts at different levels of complexity; these
stimuli texts often consist of an original version and simplifications
obtained as the output of ATS, e.g. [3, 21, 28, 33]. However, there is
a lot of diversity in how complexity is measured. Objective metrics
rely on behavioral metrics or scores from a task, and subjective
metrics typically rely on direct judgements from participants.

In text complexity evaluation with target users, objective metrics
of text complexity have varied. Some studies measure reading speed,
under the premise that better comprehension would lead to higher
reading speed, e.g. [20, 28, 31]. Other studies include comprehen-
sion questions, where the expectation is that better comprehension
will lead to better scores, e.g. [18, 28, 33]. Other behavioral metrics
have included eye-tracking, based on the premise that text com-
plexity affects fixations duration [16, 28, 37]. However, while some
studies have found significant differences from objective metrics
such as comprehension questions, e.g. [18], and reading speed, e.g.
[48], there have also been challenges: For example, in one study,
expert readers judged texts as simpler, but evaluations with tar-
get readers using comprehension questions showed no significant
differences [33]. Other studies revealed significant differences in
subjective judgements from target readers, but not on comprehen-
sion questions [3, 28]. Inconsistencies with objective metrics have
also been observed in the context of evaluating text complexity
among DHH readers. For instance, in prior work on measuring
text complexity in the health domain with both DHH and hearing
readers, significant differences in comprehension questions scores
were only revealed for the DHH group, who had significantly lower
functional health literacy than the hearing group [18]. On the other
hand, another study on evaluating ATS tools with DHH readers
did not observe significant differences in comprehension questions
scores, while there were significant differences in understandability
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ratings [3]. Finally, prior work has also suggested that comprehen-
sion questions can be confounded by a number of different factors,
such as the participants’ understanding of the questions themselves
[13].

In research with expert readers, it is common for researchers to
collect subjective judgements of grammaticality, meaning preserva-
tion and simplicity scores, e.g. [19, 21, 33]. In research with target
readers, which typically focuses more on evaluating text complex-
ity, subjective judgements typically focused on the two dimensions
of complexity described above: understandability and readability.
These are typically asked on some form of Likert scale. Understand-
ability is typically measured with a user-focused statement such as
"I was able to understand this text well," whereas readability uses
text-focused statements such as "This text was easy to read," e.g.
[3, 29, 30, 48]. While the two can seem similar, researchers have
argued that they can be measured independently by using exam-
ples such as a well-written scientific paper which may be highly
readable, but difficult to understand without the proper training
[36]. Other work has focused on asking participants for an estimate
of one of the objective metrics, under the assumption that better
estimates (e.g. a participant thinking they did better on a quiz or
read faster) may indicate better comprehension [20]. Studies that
employ subjective responses with target readers tend to reveal sig-
nificant differences between text complexity levels more readily,
e.g. [20, 28], including in the context of evaluation among DHH
readers, e.g. [3]. However, when using subjective metrics in acces-
sibility, there are concerns of positive bias as well as accessibility
barriers preventing users from appropriately judging their own
performance [40].

All of this prior work relies on being able to effectively measure
differences in complexity using the metrics described above (i.e. that
if two texts are indeed at different complexity levels, the metrics
would reveal significant differences). However, to the best of our
knowledge, no prior work has examined whether any of these
metrics are indeed effective at distinguishing different levels of text
complexity with DHH readers across literacy levels. Prior work
on evaluating other linguistic technologies (as summarized in the
next section) with DHH users has identified that certain metrics
work better with users at particular literacy levels [5]. This work
has also revealed differences in terms of how participants with
different literacy levels judge those technologies [5]. However, it
remains unknown whether similar methodological findings would
be obtained in the context of evaluating the complexity of ATS
output.

2.3 Evaluating Linguistic Technologies with
DHH Adults

There has been prior methodological research (presented at CHI’'18)
that focused on the evaluation of the quality of imperfect captioning
tools with DHH adults. That study found that subjective impres-
sions were the most effective with this particular user group [5]. In
contrast, prior work on the evaluation of ASL animations, has sug-
gested that subjective impressions of understandability should not
replace comprehension questions [12, 14]. However, researchers in
the captioning study also conducted analysis of sub-groups based
on their literacy level, finding that the effectiveness of different
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metrics even within that user group (DHH adults) may vary by their
literacy level, with fewer metrics being effective for participants
with lower literacy [5]. Considering these issues of literacy levels,
we thus closely follow the methodology of [5], by using literacy
level as a factor and, in our case, text complexity levels as another
factor. While there is overlap, our study also differs in terms of the
specific metrics used since we focus on those identified from prior
work on evaluating ATS.

3 HYPOTHESES

With this context, we set out to investigate which metrics are effec-
tive for evaluating the complexity of the output from ATS with DHH
readers, and how respondents’ literacy levels may influence that
effectiveness. Thus, as a methodological study, we employ carefully
selected texts with human-made simplifications that are known
to be at different complexity levels, as judged by a DHH literacy
expert in our team. Then, we evaluate the following hypotheses for
each metric included in our study:

(1) H1: When English texts of different complexity levels are
evaluated by DHH individuals with (a) lower English literacy
skill and (b) higher English literacy skill, the response scores
for this metric will reveal statistically significant differences
among the complexity levels. We refer to this characteris-
tic as the discriminative ability of the metric, and this
is a desirable characteristic. If there is a significant differ-
ence, then the metric is effective for use in evaluating text
complexity.

(2) H2: In an overall analysis of response scores for all texts,
when we compare response scores between DHH individ-
uals in the higher-literacy and lower-literacy groups, we
will observe a significant difference. We refer to this as the
literacy bias of the metric. While this is not necessarily a
problem with the metric that would prevent its use in evalu-
ating text complexity, researchers who use this metric must
ensure that they report the literacy skill level of their par-
ticipants in a study, in order for results across studies to be
comparable.

4 METHOD
4.1 Reading Stimuli

We needed texts at different levels of complexity as our source for
ground truth for our study. One approach to obtain these could
have been using an ATS system for acquiring the different levels
of complexity (by simplifying an already-complex text). However,
because ATS systems are still rather experimental, that approach
would likely introduce errors [35], which could confound our re-
sults. Our study focuses on evaluating one aspect of the quality
of ATS output text: complexity, not on its level of error. Thus, to
ensure having texts at different levels of complexity — and with
good quality — we employed a Wizard-of-Oz approach by using
human-made simplifications for our study. We obtained our texts
from Newsela?, a website that provides news articles at different
levels of linguistic complexity as a resource for school teachers,

Zhttps://newsela.com
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because its texts have been used by prior work in NLP as a source
of simplifications for training ATS systems [45].

4.1.1 Text selection. We first selected 10 articles from the Science
section of Newsela that were relatively similar in word-length (be-
tween 550 and 750), had Flesch-Kincaid grade levels close to 12th
grade and also had the same number of simplified versions available
of similar complexity. For each article, we selected three versions:
the original version, the one with medium-level complexity as well
as the simplest version available. A researcher in the team who is
an expert in Deaf literacy then selected a subset of 6 articles to use
in our study based on 1) whether the simplifications provided by
Newsela would actually be simpler for DHH readers; 2) the back-
ground knowledge one could expect an average Deaf reader to have
(e.g. one of the articles that were part of the initial set of 10 related
to the use of sounds); and 3) prioritizing the ones who had the
least number of grammatically complex comprehension questions
(described in next subsection). Specifically, articles were omitted if
the accompanying questions had more than one dependent clause
or phrase because that makes them more difficult for DHH readers
to understand [11].

The final set of 6 articles used in our study had an average length
of 669 words (SD = 85.15) and Flesch-Kincaid grade level of 12.41
(SD = 0.86) in their original versions (henceforth referred to as our
high-complexity condition), which means a high-school graduate
in the U.S. should be able to understand them. In their medium-
complexity version, their average length was of 714 words (SD
= 76.78), with an average Flesch-Kincaid grade level of 8.9 (SD =
0.76), meaning a student in their first year of high-school in the U.S.
should be able to understand them. Finally, in their low-complexity
version, their average length was 412 words (SD = 128.51), and
the average Flesch-Kincaid grade level was 4.3 (SD = 0.31), which
should be understandable for a 4th grade student in the U.S. Links
to all of these articles are included in Appendix A.

4.2 Metrics

We selected a set of metrics identified from prior work, includ-
ing both objective and subjective metrics to evaluate in our study.
These metrics included reading speed, comprehension questions (at
different levels of linguistic complexity), participants’ predictions
of how well they did on the comprehension questions, as well as
subjective judgements of the understandability and readability of
the texts.

4.2.1 Reading Speed. We included reading speed as a potential
objective metric of readability, since it had been used in prior work,
as discussed in the Background and Related Work section, under the
assumption that more readable text leads to higher reading speed.
The reading speed was measured in words per minute (wpm).

4.2.2 Comprehension Questions. Our comprehension questions
consisted of main-factual questions written as multiple-choice,
which varied in their linguistic complexity. This is because, first,
when using comprehension questions, most prior work has written
them as multiple-choice e.g. [3, 10, 13, 18, 28]. Second, considering
that there are also different types of questions in terms of what
they ask of the users [10], we decided to use main-factual questions
(i.e. questions that ask about relatively important aspects of a text)
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Table 1: One of the comprehension questions for an article,
in its two versions.

High Which of the following statements was true
Linguistic about the animal’s physical composition?
Complexity | a)It had no mechanism for chewing
b) Its head was relatively small in relationship to its
body
c) It was able to blow fire out of its mouth
Low What is true about the animal?
Linguistic a) It had no way to chew.
Complexity | b)Its head was small.
¢) It could blow fire.

because prior work has identified them as easier than other types
of questions [10], which allowed us to control for question-type dif-
ficulty. Finally, prior work has suggested that the varying linguistic
complexity of questions (i.e. some questions can be harder to read
than others) can affect whether a user actually understands the
questions themselves [13]. So, we decided to test whether varying
the degree of linguistic complexity of the comprehension questions
themselves would have an effect on their effectiveness.

Now, we could have authored different comprehension questions
for each article version (i.e. their high, medium and low complexity
conditions) each article. However, we wanted to determine whether
asking the same questions would effectively distinguish the varying
complexity levels of the different article versions. This approach
thus required that we authored the questions in a way that would
not favor a particular article version by asking about a fact that
could have been trimmed during the simplification process and thus
not be present in one of the simplified versions. To address this, we
identified facts that would be present in all three versions of each
article. Then, we created 10 pairs of multiple-choice main-factual
comprehension questions for each article. As illustrated in Table
1, each pair contained the same question (i.e. they were asking
about the same fact and the multiple-choice options were the same
fact), but both the question items and the options were written
at a high and a low linguistic complexity level. When looking at
the low-linguistic-complexity question in each pair across all of
the texts, their average Flesch-Kincaid grade level was 3.75 (SD
= 0.67) which means we could expect a U.S. 3rd- to 4th-grader to
understand them. In turn, the average Flesch-Kincaid grade level for
the high-linguistic-complexity questions was 9 (SD = 0.42), which
should be understandable for a student in their first year of high
school in the U.S. Then, we selected a subset of 6 pairs of questions
by discarding those with higher grammatical complexity in their
high-linguistic-complexity versions, or questions that asked about
facts that were not directly tied to the main idea of the article.

The final set of questions consisted of 6 pairs of questions for
each article. Now, while we could have shown both versions in each
pair to participants, the version that would come second would
have been likely to seem repetitive to participants and to elicit the
same answer as the version of the same question that appeared
first. So, instead we chose to show each participant 3 questions in
their low-linguistic complexity version and 3 in their high-linguistic
complexity version for each text, and rotated their selection for
each article across participants. The 6 questions were then arranged
randomly as a single quiz. Then, we scored participants’ scores on
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the low-linguistic-complexity questions separately from the high-
linguistic complexity questions to determine if either set was more
effective than the other at identifying the complexity of the articles.

4.2.3  Score Prediction. We also included a question that asked
participants to give a subjective estimate of how well they would
do on a task. Specifically, we asked participants to estimate on a
0-100 scale the grade they expected to get on the quiz they had just
completed. This question is similar to one used in prior research
among DHH individuals, in which they were asked to predict their
success at other academic tasks [41].

4.2.4  Understandability and Readability. We also included two sub-
jective questions that have been widely used in the literature on the
evaluation of text simplification. The first question, which focuses
on a text’s understandability and is thus more focused on the reader,
reads as "I was able to understand this text well" and uses a 5-point
Likert-type scale of agreement going from "Strongly disagree" to
"Strongly agree." The second question, which focuses on the text’s
readability and is thus more focused on the text, reads as "This text
was easy to read,’ and also uses the same 5-point Likert-type scale.

4.3 English Reading Literacy

In order to group participants by their literacy level, we needed
a reliable metric of their English reading literacy skill. Thus, we
administered the sentence comprehension sub-test of the Wide
Range Achievement Test in its 4th edition (WRAT4) [43], which
has been used in prior work as a measurement of literacy level
with DHH readers because it is brief, can be administered without
audio stimuli and has been previously validated with DHH people
[17, 27].

4.4 Data Collection

4.4.1  Procedure. This IRB-approved study was conducted remotely
due to social-distancing restrictions during the COVID-19 pandemic.
Thus, participants were provided with a consent form via e-mail
ahead of the study. Then, participants met via Zoom with a re-
searcher on the team who is hard-of-hearing and fluent in ASL for
a 70-minute appointment. Participants were directed to a website
created using jsPsych [7], which contained all of the stimuli for the
study. The first screen on the website was an introduction, which
contained detailed instructions of the study and indicated to partic-
ipants that they would be reading texts that had all been simplified
using different simplification tools. We told participants that all
texts had been simplified to avoid a placebo effect. No other indica-
tions of whether the texts had any transformations were provided
to participants.

Each participant proceeded through all 6 articles, reading 2 at
each complexity level (high, medium and low). The order of articles
and text complexity conditions was rotated using a Graeco-Latin
square design. After reading each article, participants answered the
quiz described above, which contained 6 comprehension questions
in total, 3 with low linguistic complexity and 3 with high linguistic
complexity. Which 3 questions were selected at each linguistic
complexity level was rotated across participants, and the order in
which they were displayed in the quiz was randomized. After the
quiz, participants were asked to predict their grade, followed by the
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subjective metrics of understandability and readability. After the
third article, participants were encouraged to take a quick break to
prevent fatigue.

After reading all 6 articles, participants filled out the sentence
comprehension sub-test of the WRAT, followed by a demographics
questionnaire. Participants were then compensated with $40 for
their participation.

4.4.2  Participants. Participants were recruited through social-
media and email advertising based on the criteria of identifying
as Deaf or Hard-of-Hearing (DHH) and being over 18 years old.
We recruited a total of 59 participants for our study. Participants’
self-identified genders included female (N = 31), male (N = 25) and
non-binary (N = 1). Participants’ average age was 27.33 (SD = 10.17,
range = 18 - 63). A total of 19 participants identified as hard-of-
hearing, with 28 identifying as culturally Deaf 3, 9 as deaf and one
as Deaf/Blind. Participants’ average WRAT score was 87.82 (SD =
15.58, range = 63 - 126), which is lower than the national average
in the U.S. of 100 [43]. To investigate hypothesis H1, which focused
on participants with lower (H1a) and higher literacy skills (H1b),
we split participants into two groups based on their median WRAT
score, which was 86. Our two groups, labeled as WRAT-L and
WRAT-H, respectively, were as follows:

o WRAT-L: participants with WRAT scores of 86 or lower
(mean = 75, SD = 6.95, range = 63 - 85).

o WRAT-H: participants with WRAT scores higher than 86
(mean = 100.6, SD = 10.34, range = 87 - 126).

Three participants did not have time to complete the WRAT sen-
tence comprehension form, and thus their responses were not in-
cluded in the analysis. Upon careful analysis of the reading speed
of participants, following the methodology of [20], we excluded
the data from two participants whose reading speed was higher
than the median reading speed plus 3 times the Interquartile Range
(IQR), which means they may have just been skimming through
the text 4. This left us with 54 participants and, after splitting them
into two groups based on their median WRAT score as detailed
above, each group consisted of 27 participants.

4.5 Data Analysis

After conducting Shapiro-Wilk tests of normality for all of the
results, none of them followed a normal distribution, and thus
we conducted non-parametric tests for our difference testing. For
each of the literacy groups, we conducted Kruskal-Wallis tests to
determine if there were statistical differences between the text
complexity conditions (H1).

If there were significant differences, then we conducted post-hoc
pairwise comparisons using Mann-Whitney U-tests with Bonferroni
corrections. To compare between the two literacy groups (H2),
given that this was a non-parametric between-groups comparison
we conducted Mann-Whitney U-tests as well.

3We employ the custom of capitalizing the word Deaf for those who identify as
members of the Deaf community [24].

4One participant only met this criteria for one of the articles, so we only excluded the
data for that specific article for that participant.
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Figure 1: Low-linguistic complexity comprehension ques-
tions success for H1, with a max. value of 100% (* = p < 0.05).

5 RESULTS

As summarized in Table 2, we observed significant differences be-
tween text complexity levels when using low-linguistic-complexity
comprehension questions as well as all of the subjective metrics
(i.e. the score prediction, and the understandability and readability
judgements) with the WRAT-L group. With the WRAT-H group, in
turn, we only observed significant differences between text com-
plexity levels when using readability judgements. There were signif-
icant differences between the two groups (WRAT-L and WRAT-H)
with all of the metrics.

In the rest of this section, we present the detailed results of the
statistical analysis first for H1, and its sub-hypotheses, followed by
the results for H2 and all of its sub-hypotheses. Complementary to
these detailed results, figures 1 through 10 illustrate significant re-
sults using whisker plots for continuous data (i.e. the reading speed,
comprehension question scores for both the high-linguistic and
low-linguistic complexity questions, and their score predictions),
and stacked bar charts for the Likert-type data (i.e. understand-
ability and readability judgements) which are the recommended
way of plotting Likert-type scales [32]. Figures 1 through 4 show
the results for each text complexity, grouped by literacy group (for
hypotheses Hla and H1b), while figures 5 through 10 show the
results for hypotheses H2, which looked at the results for each
group as a whole.

5.1 Discriminative Ability (H1)

5.1.1 Reading Speed. For each group, the statistical analysis re-
vealed no statistically significant differences for either group (p-
value of .37 for WRAT-L and .12 for WRAT-H).

5.1.2  High-linguistic-complexity Comprehension Questions. The
results from the statistical tests were not significant for either group
(p-value of .78 for WRAT-L and .76 for WRAT-H).

5.1.3  Low-linguistic-complexity Comprehension Questions. The dif-
ference between the different text complexity levels was statistically
significant for the WRAT-L group (y? = 8.1383, p = .017). Pairwise
comparisons revealed statistical differences between the low and
high complexity conditions. For the WRAT-H group, however, the
results were not statistically significant (p = .75). These results are
illustrated in Figure 1.
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Table 2: A summary of the results for each metric across each hypotheses

Metric Discriminative Ability among Lower | Discriminative Ability among Higher | Literacy Bias (H2)
Literacy DHH Respondents (H1a) Literacy DHH Respondents (H1b)
Reading speed H1a was not supported. This metric H1b was not supported. This metric H2 was supported. Higher

was not discriminative between any text
complexity levels.

was not discriminative between any text
complexity levels.

literacy readers had
significantly higher reading
speed than lower literacy
readers.

High-linguistic-complexity
comprehension questions

H1a was not supported. This metric
was not discriminative between any text
complexity levels.

H1b was not supported. This metric
was not discriminative between any text
complexity levels.

H2 was supported. Higher
literacy readers had
significantly higher scores
than lower literacy readers.

Low-linguistic-complexity
comprehension questions

H1a was partially supported. Worked
well to distinguish between lowest and
highest text complexity only.

H1b was not supported. This metric
was not discriminative between any text
complexity levels.

H2 was supported. Higher
literacy readers had
significantly higher scores
than lower literacy readers.

Score prediction

H1a was partially supported. Worked
well to distinguish between lowest and
highest text complexity only.

H1b was not supported. This metric
was not discriminative between any text
complexity levels.

H2 was supported. Higher
literacy readers predicted
significantly higher scores
than lower literacy readers.

Understandability
"I was able to understand this
text well”

H1a was partially supported. Worked
well to distinguish low-complexity texts
from both the medium and
high-complexity texts.

H1b was not supported. This metric
was not discriminative between any text
complexity levels.

H2 was supported. Higher
literacy readers had
significantly higher
judgements than lower
literacy readers.

Readability (Best Metric)
"This text was easy to read."

H1a was partially supported. Worked
well to distinguish low-complexity texts
from both the medium and
high-complexity texts.

H1b was partially supported. Worked
well to distinguish between lowest and
highest text complexity only.

H2 was supported. Higher
literacy readers had
significantly higher
judgements than lower
literacy readers.
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Figure 2: Score predictions for the comprehension questions
for H1, with a max. value of 100% ( * = p < 0.05).

5.1.4  Score prediction. As illustrated in Figure 2, there were sig-
nificant differences between the text complexity conditions for the
WRAT-L group (y? = 8.1135, p = .017), with pairwise tests revealing
differences between the low and high text complexity conditions.
On the other hand, the results for the WRAT-H were not significant
(p = 0.08)

5.1.5 Understandability. The results revealed significant differ-
ences between the text complexity conditions for the WRAT-L
group (y? = 13.0794, p = 0.001), with pairwise tests showing sig-
nificant differences between the low and the medium complexity
conditions, as well as between the low and the high complexity
conditions. However, the results for the WRAT-H group revealed
no significant differences (p = .35). Figure 3 illustrates these results.

5.1.6  Readability. Finally, as illustrated in Figure 4, the tests re-
vealed significant differences between the text complexity levels
for both literacy groups. For the WRAT-L group (y? = 24.2346, p
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Figure 3: Understandability judgements for H1 using a
Likert-type agreement scale (x = p < 0.05, % % * = p < 0.001).

< 0.0001), pairwise comparisons revealed significant differences
between the low and the medium complexity conditions, as well as
between the low and the high complexity conditions.

For the WRAT-H group (y? = 7.0867, p = .028), pairwise com-
parisons only revealed significant differences between the low and
high text complexity conditions.

5.2 Literacy Bias (H2)

H2 was supported for all of the metrics, with the WRAT-H group
obtaining higher scores or providing higher predictions of their
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Figure 4: Readability judgements for H1 using a Likert-type
agreement scale (#* = p < 0.01,* % * = p < 0.001).
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Figure 5: Reading speed for H2, calculated in words per
minute (Wwpm) (* % % = p < 0.001).

scores, as well as providing higher ratings for understandability
and readability. For each metric, the results of the Mann-Whitney
U-tests were:
e Reading speed: z-score = -3.7662, p < .001 (Figure 5).
e High-linguistic-complexity comprehension questions: z-
score = -6.76736, p < .00001 (Figure 6).
e Low-linguistic-complexity: z-score = -5.21405, p < .00001
(Figure 7).
e Score prediction: z-score = -4.4865, p < .00001 (Figure 8).
e Understandability: z-score = -3.4653, p = .001 (Figure 9).
e Readability: z-score = -2.5901, p < .01 (Figure 10).

6 DISCUSSION

In this section, we discuss the results and their implications first for
the hypothesis related to the discriminative ability of the metrics
(H1), followed by the literacy bias of the metrics (H2).

6.1 Discriminative Ability (H1)

Overall, the metric that was most effective with both groups (WRAT-
L and WRAT-H) was the subjective readability question "This text
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Figure 6: High-linguistic complexity comprehension ques-
tions success for H2, with a max. value of 100% ( + * + = p <
0.001).
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Figure 7: Low-linguistic complexity comprehension ques-
tions success for H2, with a max. value of 100% ( * * *x = p <
0.001).
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Figure 8: Score predictions for the comprehension questions
for H2, with a max. value of 100% (+ * * = p < 0.001).
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Figure 9: Understandability judgements for H2 using a
Likert-type agreement scale (x * * = p < 0.001).
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Figure 10: Readability judgements for H2 using a Likert-
type agreement scale (+* = p < 0.01).

was easy to read." This was also one of only two metrics that was
able to distinguish between the low and medium complexity condi-
tions with WRAT-L, as well as the only one that was effective with
the WRAT-H group.

When focusing on the objective metrics included (i.e. reading
speed and comprehension questions), only comprehension ques-
tions were effective under three different conditions. First, compre-
hension questions were effective only when focusing on readers
with lower literacy levels; we only observed significant differences
across the complexity conditions when focusing on the WRAT-L
group. The wording of the questions themselves has to be written
in a way that is easy enough for those readers to understand them;
we only observed significant differences when focusing on the low-
linguistic-complexity comprehension questions. Finally, the texts
also need to be far apart in complexity; we only observed significant
differences between the low and high complexity conditions. Thus,
we conclude that while some of these conditions may be of partic-
ular interest for researchers who want to employ comprehension
questions, the results of comprehension questions as an objective
metric of text complexity should be interpreted carefully unless
those questions have been either carefully validated or piloted prior
to using them as a metric with the particular literacy group of
interest. However, as discussed in the next paragraph, subjective
questions were highly effective for evaluating text complexity; so,
while comprehension questions may have value in ensuring that
participants pay attention to readings because of the pressure of
being tested afterwards, subjective questions may be sufficient to
evaluate the complexity of texts with DHH readers when those
texts are known to be of good quality (as they were in our study
given that they were human-made simplifications).

The subjective metrics (i.e. score prediction, understandability
and readability judgements) were all effective with the WRAT-L
group. While prior work has highlighted concerns around the meta-
cognitive literacy knowledge skills of DHH readers (i.e. their ability
to make judgements about their literacy skills), especially those
with lower literacy levels [23, 38, 47], our results suggest that when
focusing on the complexity of texts, readers with lower literacy
are able to effectively judge this difference in relative complexity.
However, only subjective judgements of readability were effective
with the WRAT-H group, which highlights a trend in our results: it
is more difficult to effectively differentiate complexity levels with
higher literacy readers.
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Our results are in line with prior work on the evaluation of
the quality of captioning tools with DHH readers in terms of sub-
jective metrics being more effective [5]. This is in contrast with
prior work on the evaluation of ASL animations with DHH adults,
which suggested subjective metrics should not be a replacement for
comprehension questions [12]. However, our results are in stark
contrast with the results of the captioning evaluation study [5] in
terms of which group the metrics were more effective with; while
their study revealed it was harder to evaluate imperfect caption-
ing tools with lower literacy readers, our results suggest that it is
harder to evaluate text complexity with higher literacy readers. We
speculate that in our case, the articles with high complexity (which
were around the 12th grade level) may not have been challenging
enough for the higher literacy readers. Two of our subjective met-
rics focused on the readers: predicting how they had scored on the
quiz and judging how easy the text was for them to understand.
However, when focusing on the text, namely how easy the text was
to read, higher literacy readers were able to judge it properly.

These results also helps illuminate inconsistencies described in
the background and related work section on the evaluation of text
complexity with DHH readers. In a study [18] that had revealed sig-
nificant differences using comprehension questions among DHH
readers, these significant differences were only revealed for the
DHH group, who had significantly lower functional health liter-
acy than the hearing control group. This suggests that one of the
conditions identified in our results for comprehension questions
may have been met: having a group with lower literacy. The text
complexity levels in that study were also reportedly around 4 grade-
levels apart, which may have met another condition identified in
our results: text complexity levels being far apart. However, the
researchers in that study did not report the linguistic complexity
of their comprehension questions, so it is hard to determine if the
condition of having questions that are easy to understand was met.
In [3], their results did not reveal significant differences in com-
prehension questions scores, but there were significant differences
in understandability ratings among DHH readers. However, re-
searchers in that study only reported participants’ average WRAT
score without controlling for it when conducting the statistical
analysis; so, it is difficult to determine if the lack of significance
in comprehension question scores was due to not having differ-
ences in complexity of the text, or to not having a group of DHH
readers with lower literacy. Further, they included more than one
type of comprehension questions without reporting their linguistic
complexity, so it is difficult to determine if their questions met the
condition of being simple enough for participants to understand the
questions themselves. Finally, the simplified text conditions were
only about a grade level less than their original conditions, which
suggests that they may not have been far apart enough for com-
prehension questions to reveal differences. Thus, it may have been
the case that the significant differences in subjective judgements
indeed aligned with text complexity, but the comprehension ques-
tions simply did not meet the conditions to be effective suggested
by our results.

Our results suggest that subjective metrics may not only be dis-
criminative of text complexity levels when evaluating them with
DHH readers, but they are also more effective than our objective
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metrics. Thus, we recommend always including subjective met-
rics in text-complexity studies with DHH readers. However, if re-
searchers still want to include comprehension questions in their
studies, we recommend being careful about the interpretation of a
lack of significant differences in comprehension questions, unless
they have been carefully crafted with low linguistic complexity and
validated after controlling for the literacy level of participants. It is
important to note that these recommendations are in the context of
non-erroneous texts. However, given that, as with any automatic
system, errors are inevitable in the output of ATS systems [35],
further research is necessary to determine how the introduction
of both semantic and grammatical errors would impact our results
since some metrics may be able to capture the different types of
errors better than others. Further, while we acknowledge we cannot
guarantee that with more statistical power statistically significant
differences would not emerge for some of the objective metrics
in our study, we note that most prior work on evaluation of ATS
systems with DHH readers has used smaller sample sizes without
controlling for literacy levels. Thus, if we did not observe significant
differences with our sample size and controlling for literacy levels,
it is unlikely they would emerge in a study with fewer participants.

6.2 Literacy Bias (H2)

Unlike prior work on the evaluation of captioning tools, in which
some metrics did not exhibit a literacy bias, our results suggest
that all of the metrics we used had a literacy bias. More specifically,
participants in the WRAT-H group scored and predicted higher
scores, and also judged texts to be easier than participants in the
WRAT-L group. This does not mean that these are bad metrics. In-
stead, this suggests that researchers should always carefully report
and/or control for the literacy levels of the participants in their
study when evaluating the complexity of texts with DHH readers.
Readers of published research studies should then consider this
literacy bias when comparing across studies, since texts of equal
complexity may elicit different scores depending on the literacy
level of the participants they are evaluated with.

It is difficult to generalize this result to other user groups (i.e.
whether these metrics would have a literacy bias with other user
groups) given that prior work has established that the sources of
difficulty with texts may be different for different user groups [25].
Nevertheless, these results are still useful to researchers working
with other user groups to know that these metrics may be biased
for participants’ reading skill. Similar analysis using measurements
of the relevant skill a specific user group struggles with could reveal
similar trends.

7 LIMITATIONS AND FUTURE WORK

There were several limitations to our study. While it was our origi-
nal intention to include measures obtained through eye-tracking
(e.g. fixation duration) in our study, given that they have been used
in prior work on evaluating ATS with target readers, we were pre-
vented from using eye-tracking because we had to conduct our
study remotely to abide by social-distancing restrictions due to
COVID-19. Future work can thus investigate the effectiveness of
eye-tracking for distinguishing text complexity levels among DHH
readers.
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In this study, we decided to focus only on one aspect of the
potential output of an ATS system: the level of complexity of the
output. But as mentioned in our discussion, the introduction of
errors in the output is inevitable [35]. So, future work should focus
on how to measure the overall quality of the output of simplification
systems with DHH readers, and how the introduction of semantic
and grammatical errors could affect the effectiveness of the metrics
for evaluating text complexity suggested by our results.

As mentioned in our discussion, the high-complexity conditions
for the articles in our study may not have been challenging enough
for participants with higher literacy levels. Future work could deter-
mine whether some of the metrics analyzed in our study would be
effective for evaluating texts with higher complexity among partic-
ipants with higher literacy. Further, while we grouped participants
into two groups using their WRAT scores, we could have recruited
a greater number of participants or used a different literacy test
to determine whether further subdivision could reveal other pat-
terns. Another limitation of our study was that our sample size did
not allow us to guarantee that with a larger sample size, and thus
more statistical power, significant differences would not emerge
for metrics that we did not observe significant differences in this
study.

In this study, our participants identified as DHH, but not neces-
sarily as users of ASL. A future study could recruit a more narrow
demographic of participants, with a specific focus on ASL sign-
ers, in which ASL-based comprehension questions could also be
examined. While we only included texts in the science genre as
stimuli, future work could explore whether our findings would still
hold with other text genres. Finally, future work could focus on
exploring the efficacy of the metrics explored in our study with
other user groups and broader literacy levels.
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e Smartphone typing: high, medium and low complexity.
e Cryodrakon: high, medium and low complexity.

e Bubonic plage: high, medium and low complexity.

e Salmon cannon: high, medium and low complexity.

e Lizard: high, medium and low complexity.

o Garfield: high, medium and low complexity.

A READING STIMULI
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