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ABSTRACT

This study examined the potential of eye-tracking as a tool for assessing
reading comprehension. We administered three widely used reading compre-
hension tests with varying task demands to 79 typical adult readers while
monitoring their eye movements. In the York Assessment of Reading for
Comprehension (YARC), participants were given passages of text to read si-
lently, followed by comprehension questions. In the Gray Oral Reading Test
(GORT-5), participants were given passages of text to read aloud, followed by
comprehension questions. In the sentence comprehension subtest of the Wide
Range Achievement Test (WRAT-4), participants were asked to provide a miss-
ing word in sentences that they read silently (i.e., a cloze task). Linear models
predicting comprehension scores from eye-tracking measures yielded differ-
ent results for the three tests. Eye-tracking measures explained significantly
more variance than reading-speed data for the YARC (four times better), GORT
(three times better), and the WRAT (1.3 time better). Importantly, there was
no common strong predictor for all three tests. These results support growing
recognition that reading comprehension tests do not measure the same cog-
nitive processes, and that participants adapt their reading strategies to the
tests’ varying task demands. This study also suggests that eye-tracking may
provide a useful alternative for measuring reading comprehension.

researchers to refer to the sum total of processes that support the

understanding of the meaning of a text, and the mental representa-
tions that are the product of those processes (Kintsch, 1998; LaBerge &
Samuels, 1974; Perfetti & Stafura, 2014; Van Dyke, 2021). These processes
and products likely include the perceptual, mental, and motoric opera-
tions and representations that are needed to understand individual words,
constituents, phrases, sentences, and larger units of discourse (for a review
of the computer models that have been developed to simulate and explain
these operations, see Reichle, 2021).

Models of reading comprehension typically aim to explain reading
comprehension as a process (e.g., Kintsch, 1988; Kintsch & van Dijk, 1978)
or understand the cognitive processes and skills that support and explain
variance in reading comprehension accuracy (e.g., Ahmed et al., 2016;
Cromley et al., 2010; Cromley & Azevedo, 2007; Gough & Tunmer, 1986;
Kim, 2017, 2020a, 2020b). Variance models of reading comprehension
commonly assume that successful reading comprehension is supported by
word reading skills (i.e., the ability to identify and sound out individual
words) and oral language comprehension skills (i.e., higher-level cognitive
skills necessary—such as syntax and inferences—to build a coherent repre-
sentation of individual clauses, sentences, and passages of texts; Ahmed
etal, 2016; Cromley & Azevedo, 2007; Cromley et al., 2010; Gough & Tun-
mer, 1986; Kim, 2017, 2020a, 2020Db).

r I Yhe term “reading comprehension” is commonly used by reading
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Although models of reading comprehension vary in
their complexity and the cognitive skills they include,
reading comprehension is typically understood to rely on
the fluid and coordinated operation of a large number of
supportive cognitive processes. These processes include
lower-level processes necessary for successful word identi-
fication (e.g., lexical access), as well as higher-level pro-
cesses necessary for sentence- and discourse-level
processing (e.g., syntactic processing, making inferences).
If one then considers the actual measurement of reading
comprehension using traditional measures, additional
processes are introduced such as the capacity to remember
the contents of a text, look for information in a text, or
make predictions. This capacity, in turn, is influenced by
motivation and willingness to exert effort to both generate
and then “reconstruct” the meaning of a text. Critically, the
relative importance of these processes that support read-
ing comprehension has been shown to vary with develop-
ment (e.g., Tilstra et al., 2009), text characteristics (e.g.,
Kim & Petscher, 2021), and assessment methods (e.g., Col-
lins etal., 2019). This study focuses on the latter, and inves-
tigates the cognitive processes engaged by various reading
comprehension measures using eye movements.

Given the aforementioned complexities associated
with reading comprehension and its measurement, one
might gain new appreciation for LaBerge and Samu-
els’ (1974, p. 320) observation that “the complexity of the
comprehension operation appears to be as enormous as
that of thinking in general” This complexity, in turn, ren-
ders the development of accurate and reliable measures of
reading comprehension particularly challenging. Indeed,
recent research has brought the validity and reliability of
standard methods of measuring reading comprehension
into question, which has led researchers to investigate pos-
sible alternative ways of measuring reading comprehen-
sion (e.g., Sabatini et al., 2013, 2019). The work presented
here falls within this line of research, and considers the
possibility of using eye-movement behavior as an alterna-
tive to standard measures of reading comprehension.

The tracking of eye movements is widely used in read-
ing research as it provides a non-invasive, online, and eco-
logically valid method of investigating the reading process
at the word, sentence, and discourse levels (Rayner, Chace,
et al., 2006). Unlike standard “pen and paper” measures of
reading comprehension, eye-tracking does not require an
overt comprehension task (e.g., answering comprehension
questions), and it may therefore be possible to develop an
online and ecologically valid measure of reading compre-
hension ability based on eye-movement behavior during
reading. To date, while there is a plethora of research on
eye-movement behavior during reading showing that
there is a relationship between eye movements and read-
ing comprehension processes (Rayner, Chace, et al., 2006),
most studies have manipulated linguistic variables to
investigate their effect on eye-movement behavior. Hence,
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the predictive relationship between eye-movement behav-
ior during normal reading and reading comprehension is
not yet well understood. To start to understand this rela-
tionship, it is important to first consider what is already
known about (a) reading comprehension measures and
their validity, (b) how eye movements can be used to inves-
tigate the processes involved in reading, and (c) the exist-
ing evidence for the predictive relationship between
eye-movement measures and reading comprehension
accuracy. We review this knowledge in the following three
sections.

Reading Comprehension Measures and
Their Validity

Previous studies have suggested that different tests of read-
ing comprehension tax different cognitive skills to differ-
ent degrees (Keenan et al., 2008; Kendeou et al., 2012). An
early study by Nation and Snowling (1997) compared the
performance of 184 children with typical development on
two reading comprehension tests: the Neale Analysis of
Reading Ability (NARA) and the Suffolk Reading Scale. In
the NARA, children read passages of text aloud followed
by comprehension questions. In the Suffolk Reading Scale,
children were given a multiple-choice sentence comple-
tion task (i.e., cloze task). In a series of regression analyses,
they found that word reading skills explained a significant
amount of variance for both tests. However, oral language
comprehension accounted for a significant amount of
unique variance over and above word reading accuracy for
the NARA. In contrast, it accounted for less than a 1%
increase in explained variance for the Suffolk Reading
Scale. This difference in the extent to which the two tests
measure oral language comprehension might be attributed
(at least in part) to differences in task demands between
the two tests. Indeed, sentence completion tasks (i.e., cloze
tasks) have been found to relate more strongly to word
reading skills compared to comprehension questions (e.g.,
Spear-Swerling, 2004).

In a later study, Cutting and Scarborough (2006) inves-
tigated the relative contributions of word reading, oral lan-
guage comprehension, as well as other cognitive skills (e.g.,
reading speed, attention) on three measures of reading
comprehension with varying task demands. They tested
97 children on three widely used reading comprehension
tests: the Wechsler Individual Achievement Test (WIAT),
the Gates-MacGinitie Reading Test—Revised (GM-R), and
the Gray Oral Reading Test-3 (GORT-3). The tests differed
from each other on three characteristics: (a) reading
modality (aloud: GORT-3; silent: WIAT and GM-R); (b)
task (multiple-choice question: GORT-3 and GM-R; open-
ended questions: WIAT); and (c) availability of the text
during the task (available: GM-R and WIAT; taken away:
GORT-3). They found that word reading and oral lan-
guage accounted for varying amounts of unique variance,
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and a large and significant amount of shared variance in
test scores. Furthermore, the unique contribution of two
aspects of oral language skills, lexical (e.g., vocabulary) and
sentence-processing skills (e.g., syntax), varied between
the three tests. Lexical skills accounted for unique variance
in the GORT-3, sentence-processing skills accounted for
unique variance in the WIAT, and both lexical and
sentence-processing skills accounted for unique variance
in the GM-R. These results suggest that test characteristics
such as reading modality and question format can also
influence the cognitive skills measured by reading com-
prehension tests.

In a recent study, Keenan et al. (2008) tested 510 chil-
dren on four reading comprehension assessments (the
Peabody Individual Achievement Test, PIAT; the Qualitative
Reading Inventory-3, QRI-3; the GORT-3; and the
Woodcock-Johnson Passage Comprehension test, WJPC), as
well as oral language comprehension and word and non-
word reading. The four tests were chosen such that they
differed in reading modality (aloud: GORT-3 and QRI-3;
silent: PIAT and WJPC), text length (sentences: PIAT and
WJPC; passages: GORT-3, QRI-3, and WJPC), and com-
prehension task (picture selection: PIAT; cloze task: WJPC;
multiple-choice question: GORT-3; open-ended questions
and retell: QRI-3). They found that word and nonword
reading explained the most unique variance in reading
comprehension scores for the PIAT and WJPC, but that
oral language comprehension was a better predictor for
the GORT-3 and QRI-3. These findings further suggest
that multiple characteristics of reading assessments, such
as text length (e.g., sentence vs. passage) and format (e.g.,
reading aloud vs. silently), can influence the cognitive
skills measured by reading comprehension assessment. To
the best of our knowledge, similar studies on the cognitive
skills measured by reading comprehension tests have not
been carried out with adults, with the exception of studies
investigating the impact of passage-independent questions
(i.e., questions that can be answered correctly without the
text) on the construct validity of reading comprehension
tests for university students (Powers & Wilson Leung, 1995;
Roy-Charland et al., 2017).

It has been suggested that differences in task demands
between reading comprehension tests could impact per-
formance on these tests (Andreassen & Braten, 2010; Best
et al., 2008; Collins et al., 2019; Davey & Lasasso, 1984;
Innami & Koizumi, 2009; Ko, 2010; Shohamy, 1984;
Wolf, 1993), which, in turn, could explain why correlation
coefficients differ across tests and studies (e.g., 0.64 to 0.79,
Cutting & Scarborough, 2006; 0.75, Nation & Snowl-
ing, 1997; 0.31 to 0.70, Keenan et al., 2008; and 0.45 to 0.68
Keenan & Meenan, 2014).

More importantly, the fact that there is task variance in
the comprehension tests also means that different cogni-
tive skills and cognitive processes are engaged by and sup-
port reading comprehension in the various tests. This is

reflected by the variance in the explanation power of the
different cognitive skills. For example, oral language com-
prehension seems to be a more important predictor for
comprehension tests using reading aloud than reading
silently as the task modality (Keenan et al., 2008; Nation &
Snowling, 1997); in contrast, nonword reading (Keenan
et al., 2008) or sentence-processing skills (Cutting & Scar-
borough, 2006) explain more variance in silent than oral
reading task. In an ideal world, it would be possible to
measure reading comprehension without the confounding
influence of such task demands. This may be possible by
tracking readers’ eye movements while they read text.
Indeed, while eye movements are not entirely insensitive
to differences in task demands (e.g, Kaakinen &
Hy®6nd, 2010), eye-tracking does not require overt com-
prehension responses (e.g., comprehension questions)
such that it may be possible to develop a test that only
requires readers to read naturally with no additional com-
prehension tasks, thereby diminishing the effects of task
demands. In this study, we investigate the cognitive skills
and processes engaged and measured by reading compre-
hension assessments with varying task demands. In addi-
tion, we examine the relationship between eye-movement
behavior during reading comprehension tasks and reading
comprehension scores and explore the possibility of using
eye movements to predict reading comprehension
accuracy.

Using Eye Movements to Investigate
Reading Processes

The tracking of eye movements is a widely used, non-
invasive method to index online cognitive processing dur-
ing reading (Rayner, Chace, et al, 2006). Eye-tracking
provides two primary measures of eye-movement behav-
ior: saccades (i.e., rapid ballistic movements of the eyes
from one viewing location to the next) and fixations (i.e.,
the pauses between saccades where the eyes are relatively
stationary). Although most saccades move the eyes for-
ward through a text, 10-15% of saccades are regressions,
which move the eyes back to a previous part of the text.
According to the cognitive-control hypothesis (e.g.,
Rayner & Reingold, 2015), eye-movement measures can
be used to index the cognitive processing of linguistic
properties of words or texts, such as a sentence’s syntactic
complexity (Staub, 2010), regions of lexical or syntactic
ambiguity (Leinenger et al., 2017; Sturt, 2007), and word
frequency and predictability (Rayner et al., 2011; Schilling
etal, 1998). Eye-movement measures have thus been used
to investigate cognitive skills and processes involved in
reading comprehension, including processes that support
word reading (e.g., lexical processing: Rayner et al., 2011;
Schilling et al., 1998) and oral language comprehension
(e.g., making inferences: Cunnings et al., 2014; Kreiner
et al, 2008; Sturt, 2003). In addition, eye-movement
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measures have been shown to reflect individual differ-
ences in overall reading skills (e.g., children vs. adults:
Mancheva et al., 2015; Reichle et al., 2013; dyslexia: Hyona
& Olson, 1995; Jones et al., 2007), as well as cognitive skills
that support reading comprehension such as word reading
(e.g., Kuperman etal., 2018; Kuperman & Van Dyke, 2011),
making inferences (e.g., pronoun resolution: Eilers
et al., 2018; Murray & Kennedy, 1988), or working mem-
ory capacity (e.g., Clifton et al., 2003; Kuperman & Van
Dyke, 2011). Eye movements therefore provide an online
measure to investigate the cognitive processes that sup-
port reading comprehension, as well as individual differ-
ences in reading comprehension ability during natural
reading.

Eye-movement measures can be divided into “global”
and “local” measures. Global measures are aggregated over
regions within sentences or multiple sentences that form
texts. Some typical global measures include mean fixation
duration (i.e., mean duration of all fixations in a sentence
or text) and mean saccade length (i.e., mean length of all
saccades in a sentence or text). Global measures are pri-
marily informative about overall reading behavior such as
text-level effects of linguistic manipulations (e.g., overall
passage difficulty; Rayner, Chace, et al., 2006), or general
individual differences between groups of readers with
varying reading skills (e.g., children: see Blythe &
Joseph, 2012, for a review; older adults: Rayner, Reichle,
et al., 2006; dyslexic readers: Hyona & Olson, 1995). For
example, studies show that reading more difficult texts
results in longer average fixation durations (Rayner, Chace,
et al., 2006), or that less skilled readers tend to make more
and longer fixations compared to skilled readers (e.g., chil-
dren vs. adults; Blythe & Joseph, 2012; Reichle et al., 2013)
with longer fixations indicating longer processing times
and/or processing difficulties. Although global measures
are informative about overall reading behavior and differ-
ences in processing, they are not very informative as to the
specific cognitive processes that are affected by linguistic
manipulations or reading ability. For example, children’s
longer average fixation durations suggest that they require
additional processing time compared to adult readers, but
does not tell us whether these longer processing times
result from differences in low-level cognitive processes
(e.g., lexical access), higher-level processes (e.g., syntactic
processing), or non-linguistic processes (e.g., working
memory capacity). To investigate such cognitive processes
more directly, researchers typically calculate local
measures.

Local measures focus on smaller units of text, usually
single words. These word-level measures can be further
divided into “early” measures that reflect rapid processes
involved in reading, such as lexical access, versus “late”
measures that reflect subsequent reading processes, such
as syntactic integration (Clifton et al., 2007; Vasishth
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etal., 2013). These word-level measures are typically used
to investigate specific cognitive processes, typically by
manipulating word-level linguistic variables. For example,
one of the most robust findings in the eye movement lit-
erature is the word frequency effect (i.e., words that occur
more frequently in text tend to receive shorter fixations
than less frequent words; Schilling et al., 1998), which can
be interpreted as indicative of the ease of lexical process-
ing with longer fixations reflecting lexical processing dif-
ficulty. This effect typically appears early (e.g., first fixation
on a word) indicating that word frequency affects early
cognitive processes in reading. Importantly, these word-
level effects can also be indicative of individual differ-
ences in processing. For example, studies have shown that
the word frequency effect is larger for children with dys-
lexia (Jones et al., 2007) and can be impacted by task
demands (Kaakinen & Hy6nd, 2010), thus reflecting dif-
ferences in lexical processing between readers and tasks.
Note that these dichotomies between global/local and
early/late measures are not strict; however, because word-
level measures have been used to study post-lexical inte-
gration (e.g., Warren et al,, 2009) and other higher-level
linguistic variables (e.g., violations of semantic plausibil-
ity; Rayner et al., 2004; Warren & McConnell, 2007), as
well as non-linguistic processing (e.g., gender stereotypes;
Sturt, 2003).

In sum, eye-movement measures can be used to suc-
cessfully investigate the cognitive processes that support
reading comprehension, as well as individual differences
in these processes and their relation to successful reading
comprehension. The combination of both global and local
measures of eye-movement behavior provides a more
detailed picture of readers’ cognitive processing during
natural reading, and can therefore be used to investigate
the predictive relationship between eye-movement behav-
ior and reading comprehension accuracy. In addition, the
relationship between individual local measures and read-
ing comprehension scores from assessments with varying
task demands will be informative as to the cognitive pro-
cesses engaged by and therefore measured by standardized
reading comprehension assessments. We expect that the
importance of individual eye-movement measures as pre-
dictors of comprehension scores across assessments will be
informative as to both differences and similarities in cog-
nitive processes across tasks, and aim to identify the pos-
sible common useful predictors across tasks. In this study,
we investigate whether eye-movement measures can suc-
cessfully predict reading comprehension accuracy. Specifi-
cally, we investigate the usefulness of measures indicative
of both overall reading behavior (i.e., global measures) and
individual cognitive processes that support reading com-
prehension (i.e., local measures). While it is likely that dif-
ferences in task demands between tasks will be apparent in
the relative importance of individual predictors, it is also
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plausible that one or more predictors will be commonly
useful across tasks.

Predicting Comprehension Accuracy
from Eye-Movement Behavior

Predicting reading comprehension ability from eye-
movement behavior is no easy task. Indeed, while the rela-
tionship between reading comprehension and eye-
movement behavior is well established, most eye-movement
studies of reading comprehension to date have systemati-
cally manipulated linguistic variables (e.g., syntactic com-
plexity) to determine their effect on eye-movement
measures. Few studies have directly investigated how eye-
movement behavior relates to reading comprehension
accuracy, with varying and sometimes conflicting results.
For example, some studies on the relationship between eye-
movement patterns and reading comprehension suggest
that more efficient eye-movement behavior (e.g., shorter
fixations, fewer regressions) tend to be associated with bet-
ter reading comprehension (e.g., Kim et al., 2019; Parshina
et al,, 2022). On the other hand, studies of the relationship
between regressions and comprehension accuracy find the
opposite pattern, suggesting that making more regressions
is associated with better reading comprehension (Schotter,
Tran, & Rayner, 2014; Wonnacott et al., 2016). And still
other researchers find no relationship (Christianson
et al.,, 2017). To date, eye-movement markers of successful
reading comprehension have not yet been clearly identified.
Early attempts at using eye movements to predict read-
ing comprehension accuracy come from studies using
machine learning methods (e.g., neural networks) to inves-
tigate the potential of eye-gaze data to predict performance
on comprehension assessed during or immediately after
reading. Copeland et al. (2014) had participants read short
slides of text from a university course tutorial followed by
two comprehension questions (one multiple choice, one
cloze task). They used artificial neural networks to predict
performance on the comprehension questions from multi-
ple global eye-movement measures (e.g., average fixation
duration), with 79-89% accurate classification rate.
Although this type of method does not allow for a clear
link to be established between specific eye-movement
measures and comprehension, the results do suggest that
eye movements can be used to successfully predict com-
prehension scores (see also Copeland et al., 2016; Cope-
land & Gedeon, 2013; Martinez-Gomez & Aizawa, 2014).
Inhoff et al. (2018) investigated the predictive relation-
ship between subsets of eye movements and comprehen-
sion ability more directly. They collected eye-movement
data from 37 participants reading single sentences. Com-
prehension was measured separately with comprehension
questions (yes/no answers) following filler items (not

included in the eye-movement data), and multiple-choice
questions following a short text. They grouped the eye-
movement measures into two latent variables to reflect
two processes of reading: “acquisition” (i.e., early measures
such as first-fixation duration) and “correction” (i.e., mea-
sures of returning to previous parts of the text to correct
reading or parsing errors, such as regression rate). They
found that the correction variable best predicted compre-
hension, and that acquisition was correlated with correc-
tion but had no direct effect on comprehension. These
results further suggest that eye-movement measures can
be used to predict comprehension scores, and that some
eye-movement measures may be more useful in predicting
comprehension than others.

In a recent study, Southwell et al. (2020) predicted
reading comprehension scores in three datasets using
global eye-movement measures. In all three datasets, par-
ticipants were given long passages of text to read silently,
followed by multiple-choice questions. To predict compre-
hension, they fit linear models with cross-validation (i.e.,
the dataset was partitioned, and the model run on part of
the data then used to predict the left-out data). Prediction
accuracy was calculated as the correlation between the
model-predicted scores and the observed scores. For all
three datasets, eye moments predicted comprehension
scores with correlations ranging from 0.35 to 0.40. In addi-
tion, the relationship between eye movements and com-
prehension was highly similar across datasets, with more
fixations and shorter fixations associated with better com-
prehension scores across datasets (see D’Mello et al., 2020
for similar results).

Taken together, these results suggest that eye move-
ments can be used to successfully predict reading compre-
hension. However, most studies have either grouped
measures into latent variables or focused only on global
measures. Hence, it is unclear whether other individual
local eye-movement measures (e.g., gaze duration) can also
be useful in predicting reading comprehension accuracy. In
addition, comprehension in these studies was typically
measured with multiple-choice questions. Because differ-
ences in task demands have been shown to affect both per-
formance on comprehension tasks and eye-movement
behavior (Bax & Chan, 2019; Kaakinen & Hyona, 2010;
O'Reilly et al., 2018; Radach et al., 2008; Schotter, Bicknell,
et al, 2014), it is important to investigate whether these
results can be replicated across comprehension measures
(e.g., open-ended questions). In this study, we examine
whether eye-movement measures can successfully predict
reading comprehension accuracy across reading assess-
ments with varying task demands.' In addition, we exam-
ine the influence of task demands on reading behavior and
the predictive relationship between eye-movement mea-
sures and reading comprehension accuracy.
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The Present Study

As justified above, this study had three specific aims. The
first is to investigate the cognitive processes engaged by
and measured by reading comprehension assessments
with different task demands. The second is to investigate
whether eye-movement measures can successfully pre-
dict reading comprehension accuracy. The third is to
examine the influence of task demands on reading behav-
ior and the predictive relationship between eye-movement
measures and reading comprehension accuracy. We
addressed these aims by measuring global and local eye
movement measures while 79 undergraduates completed
three widely used reading comprehension tests for adults:
The York Assessment of Reading for Comprehension
(YARC), the GORT-5, and the sentence comprehension
subtest of the Wide Range Achievement Test (WRAT-4).
We chose this combination of tests because they are
widely used in both clinics and research, and are repre-
sentative of the different ways that reading comprehen-
sion assessments typically measure comprehension and
thus of the differences in task demands usually found
between standardized assessments of reading compre-
hension. We conducted two analyses of the comprehen-
sion test scores and eye movements. First, we calculated
descriptive statistics of eye-movement behavior and ran
correlations between eye movements and test scores to
compare eye-movement behavior between the three tests.
In line with previous studies, we expect that the three
reading assessments do not measure the same cognitive
skills to the same extent, and that participants may thus
perform differently across the three tests. In addition, it is
plausible that the strength of the correlations between eye
movements and comprehension scores will vary across
tasks. Second, we ran linear regression models within the
Bayesian framework to investigate the predictive relation-
ship between eye-movement measures and test scores.
The models were then compared using cross-validation
to identify the best predictors of performance on the three
comprehension measures. Based on previous research, we
expect that eye movement measures can be used to suc-
cessfully predict reading comprehension accuracy in all
three tests. In addition, we expect that differences in task
demands between the three tests will influence partici-
pant’s reading behavior, and may impact the usefulness of
individual predictors across assessments. Nevertheless, we
expect that one or more eye movement measures may be
identified as a useful predictor of comprehension accu-
racy across the three tests. The results of these two analy-
ses are discussed with regards to the cognitive processes
measured by reading comprehension assessments, the
usefulness of eye-movement measures as predictors of
reading comprehension accuracy, and the influence of
task demands on the relationship between eye-movement
measures and reading comprehension accuracy. Finally,

430 | Reading Research Quarterly, 58(3)

the implications of our findings for reading theories are
discussed.

Method

Participants

In all, 79 undergraduate students participated in our experi-
ment (65 females, mean age 22years) for course credit, as
approved by the Macquarie University ethics committee.
The sample size for this study was determined based on
previous research investigating individual differences with
eye-tracking data (e.g., Kuperman et al., 2018; Staub, 2021).
In all, 60 participants were monolingual native speakers of
English, 8 were birth bilinguals with English as one of their
native languages, and the remaining 11 were non-native
speakers of English. Native and non-native speakers were
included to ensure that we would have a range of reading
comprehension abilities. All participants lived and studied
in Australia at the time of testing.

Reading Comprehension Tests

The reading comprehension tests in this study were
selected to be a representative sample of the most com-
monly used test formats and tasks for such tests. Specifi-
call, we chose tests with differences in text length
(sentences vs. passages), reading modalities (aloud vs.
silent), availability of the test items (can vs. cannot return
to the text), and comprehension tasks (questions vs. cloze
procedure). The reasons behind choosing tests that vary in
the way that they measure comprehension were two-fold.
First, it allowed for possible differences in the cognitive
skills measured by reading comprehension assessments
with different task demands to be investigated in relation
to both test scores and eye-movement behavior. Second, it
allowed us to investigate the usefulness of eye-movement
measures as predictors of comprehension scores across
reading activities, and to uncover possible commonalities
and/or differences in this relationship across tasks. The
administration procedure for each test is described below,
based on the test manuals.

Three existing reading comprehension tests were
administered to participants while their eye movements
were monitored: (a) the YARC—Passage Reading Second-
ary, Australian Edition (Snowling et al., 2009); (b) the
GORT—5th  edition (GORT-5; Wiederholt & Bry-
ant, 2012); and (c) the word reading and sentence compre-
hension subtests of the WRAT—4th edition (WRAT-4;
Wilkinson & Robertson, 2006). All three tests have two
sets of forms for test-retest purposes. In this study, only
items from the YARC Form A, GORT-5 Form A, and
WRAT-4 Green Form were used.

For eye-tracking purposes, the test items were all pre-
sented on a computer screen. However, the tests were
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administered and scored according to the test manual proce-
dures with one exception: to obtain consistent eye-movement
data across participants, the baseline and discontinue rules
(e.g., stop participant after 7 consecutive wrong answers)
were not employed during testing. Instead, each participant
started with the baseline item recommended for adults and
ended with the last item on the test. During scoring, partici-
pants were given full marks for all items prior to the baseline
item. Additional information about scoring procedures and
test reliability can be found in Data S1.

YARC

In this test, participants read two passages silently. The
starting point for this test is based on participant’s grades.
Because our participants were adults, they were given pas-
sages 2.1 and 2.2. The passages were spread over four
screen pages, and participants could move forward and
backward between the pages (via buttons on a response
box) during reading. At the end of each passage, partici-
pants were asked 13 open-ended comprehension questions
about the text, and were able to return to the text to answer
them. In addition, participants were given a summary
question at the end of each passage but were not able to
return to the text for this question. All answers were tran-
scribed before they were scored. For this test, participants’
eye movements were tracked both while they read the pas-
sages and while they answered the questions. The compre-
hension questions were scored for accuracy, with a
maximum score of 13. The summary was scored separately,
based on the number of key events from the text partici-
pants provided in their summary. Reading time was calcu-
lated as the time participants took to read the text. Final
scores for reading time,?> comprehension, and summary
were obtained through the YARC online score conversion
tool (https://rgt.testwise.net/ YARC_Aust_Pri_index.htm).
This tool provided standard scores only for comprehension
and reading time. Standard scores have a mean of 100 and
a standard deviation of 15. The authors of the test manual
indicate that correlations between comprehension scores
and summary scores in their sample were low, and that the
summary scores may not be entirely reliable. For this rea-
son, we chose not to include the summary scores in our
comprehension measures in later analyses.

GORT-5

This test comprises 16 passages of text that increased in
length and difficulty as items progress. The passages are
adapted from works of fiction and non-fiction. The start-
ing item for each participant is based on their grade.
Because all participants in this study were adults, they
started at item 6 and continued to the final item 16.
Participants were instructed to read passages aloud as
quickly and accurately as possible and then answered five
open-ended questions. Each passage was presented on a

computer screen over 1-3 pages. Participants used a but-
ton on a response box to move to the next page of text;
they were not able to move backwards to a previous page
of text.

Raw scores were calculated for each participant’s read-
ing time (i.e., how long it took them to read the passage),
reading accuracy (i.e., total number of reading errors they
made while reading aloud; e.g., incorrect pronunciations,
hesitations), reading fluency (i.e., the sum of their reading
rate and reading accuracy scores), and reading compre-
hension (i.e., the total number of comprehension ques-
tions answered correctly). Raw scores for time, accuracy,
fluency, and comprehension were converted into scaled
scores provided by the manual of the GORT-5, with those
scores having a mean of 10 and standard deviation of 3.

WRAT-4

Participants were first given the word reading subtest of
the WRAT-4, because the score on this test is used to
determine participants’ starting point in the sentence com-
prehension subtest. This subtest comprises of 55 words of
increasing difficulty presented on a single screen that par-
ticipants are instructed to read out loud. Participants were
scored on the number of words that they could read cor-
rectly. This score was then used to determine the starting
point on the sentence comprehension subtest for scoring
purposes only.

The sentence comprehension subtest comprises 50
items of increasing difficulty. Each item consists of one or
two sentences with one word missing. The sentence com-
prehension subtest starts with two example items to famil-
iarize participants with the task. Participants were
instructed to read the sentences carefully to themselves
and say what they thought the missing word was. Each
item was scored for accuracy according to the answers
provided by the manual. Correct answers ranged from
only one possible answer to “anything denoting concept
X7 An early starting point (starting point D) was chosen
for all participants to ensure that participants read the
same number of items, and for comparing participants’
eye movements on the same items. Participants thus saw
items 20-50. The raw total score was the sum of all cor-
rectly answered items, and ranged from 20 to 50, because
all items prior to the starting point were scored as correct.
The raw scores were then converted into standard scores
provided by the test manual. These scores have a mean of
100 and a standard deviation of 15.

Eye-Tracking Procedure

All the texts were presented in Courier New font with a
size of 24, and in black color on a gray background (RGB:
204, 204, 204) on a BenQ Zowie X1.2540 screen with a
screen resolution of 1920 x 1080 pixels and a refresh rate of
240Hz. The items from the YARC and GORT (ie,
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passages) were spread over the whole screen, and the items
from the WRAT (ie., sentences) were presented in the
middle of the screen. Participants were instructed to press
a button to move along the pages, and when they had fin-
ished reading. They were then asked to answer the com-
prehension questions. In the WRAT, the experimenter
moved to the next trial as soon as the participant gave the
missing word. The three tests were administered in ran-
dom order.

Eye movements were recorded using an EyeLink
1000+ eye tracker (SR Research, Toronto, Ontario, Can-
ada) located in a sound-proof lab. Participants were seated
approximately 95cm from the display screen such that
each letter occupied approximately 0.24° of visual angle on
the screen. The experimenter sat behind the participant to
give instructions and ask the comprehension questions
throughout the experiment. A headrest was used to mini-
mize head movements.

Data Collection

A 9-point calibration process was used at the beginning of
each test to ensure the tracking accuracy of participants’
eye movements. Participants were also re-calibrated as
necessary (e.g., if they moved, or if the calibration became
poor) at the end of a given item. The maximum allowance
for the calibration error for all points was 0.45°, with only
one participant exceeding this cutoff with a maximum of
0.48°. This calibration process was repeated at the start of
each reading test, and between the two items of the YARC
test. Each test item also started with a drift correction
point, placed at the very beginning of the first sentence.
The eye-tracker collected fixation positions and durations.
This information was then used to calculate various eye-
movement measures for data analysis.

Data Pre-Processing

Tests

Items for which participants did not read the whole text
were excluded from analysis and thus not scored. For these
participants, final test comprehension scores could not be
calculated accurately and were treated as missing data (7
GORT scores, and 2 WRAT scores). Scoring was done
based on the test manual guidelines, as described above.

Eye Movements

The eye-movement data were pre-processed in Data
Viewer (SR Research, Toronto, Ontario, Canada). We
excluded participants and trials with poor calibration from
this analysis based on visual inspection of the data. This
resulted in the data exclusion of two participants, and a
total loss of 7% of trials. In addition, all words around
punctuation marks were excluded from analysis (except
for calculating the wrap-up effect). For each participant,
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fixations shorter than 80ms or longer than 800ms were
excluded. In addition, forward saccades longer than the
perceptual span (20 characters; Rayner, 2009) were
excluded from analysis (3% of all forward saccades). For
the YARC test, only eye movements collected during the
initial reading of the text was included; any eye move-
ments collected while answering the questions were
excluded from analysis.

Data Analysis

We ran two sets of analyses. Because the nature of this
work is exploratory, we first investigated differences
between the tests both in terms of the test scores and par-
ticipants’ eye movements using descriptive statistics and
correlations. As the correlations between eye movements
and test scores are descriptive and not used for making
inferences, we only looked at the correlation coefficients
and confidence intervals. In the second analysis, we used
eye-movement measures to predict test scores. For both
analyses, local eye-movement measures were first calcu-
lated for each word in the text and then aggerated over all
words in the text prior to analysis. We included nine vari-
ables: (a) reading speed (i.e., number of words read per
minute) and eight eye-movement measures: (b) average
fixation duration (i.e., mean duration of all fixations in a
given text); (c) average forward saccade length (i.e., mean
length of all rightward saccades in a text, in character
spaces); (d) first-pass skipping rate (i.e., the proportion of
words skipped in a text during first-pass); (e) first-fixation
duration (i.e., the duration of the initial fixation on a
word); (f) gaze duration (i.e., the sum of all first-pass fixa-
tions on a word); (g) regression rate (i.e., the proportion of
all regressions made in a text); (h) go-past time (i.e., the
sum of fixations on a word up to when it is exited to its
right, including all regressions to the left of the word); and
(i) total-reading time (i.e., the sum of all fixation durations
on a word). The latter three measures, contrary to first-
pass measures (d, e, and f), are posited to reflect higher-
level processes such as syntactic processing and the
integration of word meanings. Although measures (d) to
(i) were calculated based on each word within the tests,
these measures were aggregated per participant per test. In
addition, we calculated two linguistic effects on eye move-
ments: (a) word-frequency effects on gaze duration (Schil-
ling et al., 1998) and (b) wrap-up effects on total-reading
time (i.e., words tend to be fixated longer when they are at
the end of a clause or sentence than when they are in the
middle; Just & Carpenter, 1980). The wrap-up effect is
argued to reflect integration processes that occur at the
end of clauses/sentences. In this study, the effect was calcu-
lated as the difference between total-reading time on
words at the end of clauses compared and the average
total-reading time of all “middle” words in a sentence
(excluding the first word of a sentence). Because the items
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from the WRAT-4 contained missing words, which were
often at the end of the sentence, we did not calculate the
wrap-up effect for this test.

Transparency and Openness

We report how we determined our sample size and all data
exclusions, manipulations, and measures in the study. The
materials of this study are not available, as they are copy-
righted. The data and analysis code for this study are avail-
able by contacting the corresponding author. All analyses
were conducted in the R system for statistical computing,
version 4.0.2 (R Core Team, 2020), and the packages brms
version 2.15.2 (Burkner, 2017, 2018), lme4 version 1.1.26
(Bates et al., 2015), tidyverse version 1.3.1 (Wickham
etal,, 2019), and patchwork version 1.1.1 (Pedersen, 2020).
This study was pre-registered on the Open Science frame-
work. Pre-registration of the design and analysis plan can
be found here: https://osf.io/d7apz. The analysis presented
in this study deviates partly from the pre-registration on
the Open Science framework, as the planned analyses were
less suited to answer our research questions.

Results

Correlations Between Reading
Comprehension Test Scores

In the first analysis, we investigated correlations
between the three comprehension scores, calculated
descriptive statistics, and looked at correlations between
test scores and eye-movement measures. The results of
correlations between comprehension scores showed that
participants could receive quite different scores on the
three tests, as shown in Figure 1. Specifically, while most
participants received scores within the average range (i.e.,
within one standard deviation from the mean: 85-115) in
each test, many participants performed differently in at
least two of the tests. Of our 78 participants,’ only 29
received scores in the same range for all three tests (37%).
These participants all performed within the average range
(85-115) on all tests except for one participant who per-
formed below average on all tests (<85). Of the remaining
49 participants, 31 (63%) performed below the average
range on one test but within the average range or higher on
another.We investigated the differences in participants’
test performance statistically by running Pearson r correla-
tions between individuals’ scores on each test. These cor-
relations are shown in Figure 2. Participants’ scores on the
GORT were transformed from scaled scores into stan-
dardized scores to allow for easy visual comparisons
between the three tests (mean = 100; standard devia-
tion = 15). Summary statistics for the three tests are shown
Table 1. All the correlations were statistically significant

(p<0.001) but moderate in strength (GORT-WRAT:
r=0.62; GORT-YARC: r = 0.57; YARC-WRAT: r = 0.57).

Differences in Eye Movements Between
Tests

We then calculated descriptive statistics for the eye-
movement measures. Table 2 shows the mean values for
reading speed, the eye-movement measures, and word fre-
quency. Values for the word-frequency effect on gaze
duration are estimates of mixed linear models. In these
models, gaze duration was log-transformed to control for
differences between tests, and the effect of frequency was
controlled for length, with a random effect for partici-
pants. The wrap-up effect was calculated as the difference
between the average total-reading time on words within
the sentence (excluding the first word of the sentence) and
the total-reading time on words at the end of clauses and
sentences. As we did not find evidence for a wrap-up
effect, we do not discuss this effect further. We also investi-
gated differences in eye-movement behavior between the
three tests. For this purpose, we examined four types of
eye-movement measures: global measures (average fixa-
tion duration and forward saccade length), first-pass mea-
sures (skipping rate, gaze duration, and first-fixation
duration), late measures (regression rate, go-past time, and
total-reading time), and word frequency. Participants
tended to read at a slower pace in the GORT, with slower
reading speed, longer fixations, and larger word frequency
effects on gaze duration. This is in line with previous find-
ings showing slower reading speed and longer fixations
when reading aloud compared to silently (e.g., Ashby
et al., 2012; Inhoff & Radach, 2014; Vorstius et al., 2014).
The reading rates for all three tests are lower than the 248-
260 wpm (silent reading, non-fiction and fiction respec-
tively) and 183 wpm (oral reading) from a recent meta-
analysis conducted by Brysbaert (2019). A possible expla-
nation for this discrepancy is that reading rates may be
slower when reading to answer questions and remember
the text (Brysbaert, 2019), as readers may read more care-
fully in such cases. Notably, the estimates do not differ
when only native speakers are included; hence, the lower
reading rates cannot be attributed to the multilingual and
non-native speakers in our sample. Eye-movement behav-
ior in the YARC and WRAT were more similar to each
other, although participants tended to read faster in the
YARC, with higher skipping rates and longer go-past
times.

Faster reading speed in the YARC, also reflected in
higher skipping rates and fewer regressions, may result from
the fact that readers could re-read the text while answering
the questions. As such, contrary to the GORT, which
required them to remember the text in detail, or the WRAT
which required them to make predictions about upcoming
linguistic material, the YARC did not require readers to

Using Eye-Tracking Measures to Predict Reading Comprehension | 433

85UBD 17 SUOWILLOD) SAIES1D 3(qedl dde au Aq pausenoh aJe sajolLe YO ‘9sn JO S3|n. 10} Aeid 18Ul UO AS|IAA UO (SUONIPUOD-PUR-SLLLIBY WD AS | IM" Ale.q 1l Juo//:SANy) SUoNIPUOD pue swie 1 8Y1 88S *[7202/L0/G2] uo Aeiqi auljuo A8|I ‘S8ainosay 21u0198 (3 - Areuq1 AISIeAIUN d1joymeD Uelensny Ag 86t'b1i/z00T 0T/I0p/wiod A im Ariqipuliuoe|l//sdny wouy papeojumoq ‘s ‘€202 '22.29€6T


https://osf.io/d7apz

FIGURE1
Distribution of Comprehension Scores
0.04 -
0.03 -
Test
2 GORT
c 0.024
I
o !h"_! WRAT
! 1 YARC
0.014
0.00 -
80 100 120
Comprehension Scores
Note. Figure 1 shows the distribution of comprehension scores for the three tests.
FIGURE 2
Correlations between Comprehension Scores
0.62 0.57 0.57
o 8§ ° o ° 9% °
4 e
120 ®e 09y 120 eeoe 120 ® oo moo
oo o0 ®e ° oo o %
= ° oo:g O "' ':( o egswme
=100 ege8Ste X 100 $ o °, X100 Sajuydls o
= 3 ' oo ; XXX = °
°, (XX X X J L LI 4
egos e Iy
80 —1-® g0 o g8 80 e
°® .
[ XX XX R
80 100 80 100 120 80 100 120
GORT GORT YARC

Note. Figure 2 shows the correlations between comprehension scores.

construct as detailed a representation of the text during the
initial reading of the text, which may have led participants
to use more shallow processing strategies of the text mean-
ing (e.g., skimming or reading for the gist). The higher
regression rates for the GORT and WRAT are also likely due
to the specific task demands of these tests. The GORT
required the text to be read aloud, leading to more regres-
sions both within and between words in order to keep the
eyes apace with the articulation of the text (i.e., to maintain
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the eye-voice span; Inhoff et al., 2011). On the other hand,
the WRAT required readers to make predictions about a
missing word in the sentence, for which readers sometimes
had to read (part of) the sentence again; for example, to
think of an appropriate answer or to check that a word that
had been generated fit into the sentence. Hence, the differ-
ences that were observed in readers’ eye-movement behav-
ior during the three tests can be explained, at least in part, by
the differences in task demands between the tests.
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TABLE1
Summary Statistics of Comprehension Scores
Test Mean (SD) Range
YARC 90.25 (13.5) 70-127
GORT 90.35 (9.43) 70-110
WRAT 105.78 (12.07) 82-131
TABLE 2
Average Eye Movement Measures per Test
Measures YARC GORT WRAT
Global
Reading Speed (wpm) 208 142 157
Average Fixation Duration 230 253 236
Average Forward Saccade 8.9 7.5 8.8
Length (chars)
First-Pass
Skipping Rate 0.62 0.41 0.39
First-Fixation Duration 232 258 230
Gaze Duration 267 340 262
Late
Regression Rate 0.15 0.20 0.19
Go-Past Time 509 556 468
Total-Reading Time 359 454 424

Linguistic Effects

Word-frequency Effect on 0.0007 -0.018 -0.014
Gaze Duration (log)

Note. wpm = words per minute; chars = characters; values for the word-
frequency effect are model estimates.

Correlations Between Test Scores and
Eye Movements

We investigated the relationship between test scores and eye
movements by running a series of Pearson r correlations
between participants’ test scores and their eye movements
while taking the tests. Because the comprehension scores
were calculated for the whole test and per participant, all
eye-movement measures were aggregated per test and par-
ticipant. For the word frequency effects, participants’ ran-
dom slopes were extracted from the models to run the
correlations with test scores, and these estimates were then
aggregated across tests for the correlations with measures
averaged across tests. As noted earlier, we did not find wrap-
up effects and hence do not report correlations for this mea-
sure. All correlation coefficients are shown in Table 3. As
these correlations were not used to make inferences but are

intended to be descriptive in nature, only the correlation
coefficients and confidence intervals are reported. Because
the pattern of results in these correlations differed widely
between tests, we also calculated the correlations between
each participant’s averaged score across tests and eye move-
ments averaged across the three tests. In addition, we looked
at the correlations between the standard deviation in the test
scores and the averaged eye-movement measures to investi-
gate whether reading comprehension ability was associated
with consistency in eye-movement behavior.

Predicting Reading Comprehension
Scores from Eye Movements

In the second analysis, we investigated whether eye move-
ments could predict reading comprehension scores.* In
this analysis, we first fitted linear regression models with
reading speed and eye-movement measures as predictors
of reading comprehension scores. Model assumptions
were checked visually with the full model for each of the
four datasets (Gelman & Hill, 2007). Then, we evaluated
and compared these models to identify the subset of pre-
dictors that best predicted comprehension scores. Note
that in this approach the usefulness of a predictor is deter-
mined by its presence in the best-performing models.

We fitted linear regression models within the Bayesian
framework using the “brms” package (Biirkner, 2017,
2018) in R, and report predictors’ effects based on 95%
credible intervals®. We considered reading speed and eight
eye-movement measures as predictors: mean fixation
duration, mean forward saccade length, skipping rate,
first-fixation duration, gaze duration, regression rate, go-
past time, and total-reading time. We had no expectations
about which subsets of predictors were most important for
predicting comprehension, and so we ran a linear model
for every possible subset of our nine predictors (512 mod-
els in total).® The number of predictors in the models
therefore ranged from no predictors (i.e., the null model)
to the full model with all nine predictors. All predictors
were scaled such that the estimated effects would be
directly comparable across variables (i.e., a model estimate
of 4 is half an estimate of 8). We ran this set of models four
times: once for each of the three tests, and once with data
aggregated across the three tests (giving a total of 2048
models). Given the multicollinearity between measures,
estimates in models with multiple predictors should be
interpreted with caution and in relation to the other pre-
dictors in the model (see Discussion).

Within each set of 512 models individual models
were evaluated and compared using leave-one-out cross-
validation (LOO; Gelman et al., 2014; Vehtari et al., 2017).
The LOO estimates a model’s ability to predict new data by
fitting the model as many times as there are data points,
leaving out a different data point each time, and then eval-
uating how well the left-out data point is predicted by the
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model, which is quantified by the estimated log predictive
density (elpd).” Importantly, the LOO-elpd is a measure of
how well the model predicts new data, and not a measure
of how well it explains the data that were used to train the
model. To compare how much variance each of the models
explained in the data, we calculated the Bayesian R? for all
models (Gelman et al., 2019). Note that the “best” model
according to LOO-elpd is not necessarily the model that
explains the most variance in the training data as mea-
sured using R2 Selection of the best model based on R? is
prone to overfitting. LOO guards against overfitting and is
therefore preferable as measure of the goodness of a model.

To investigate which set of eye-movement measures (if
any) best predicted reading comprehension scores, we
then looked at the output of the 10 best models according
to the results of the LOO comparison, and the full model.
We chose to look at the best 10 models rather than a single
model because we did not have enough data to identify a
single best model with sufficient certainty. Although 10 is
an arbitrary number, it appears to be sufficient as the gen-
eral pattern of results is relatively stable across models.
Because reading speed was the most robust predictor of
comprehension scores in the correlation analysis, we also
looked at the output of models with only speed as a predic-
tor, and the models with only eye-movement measures as
predictors (i.e., all predictors except reading speed). This
allowed us to compare the performance of reading speed
and eye-movement measures alone in predicting compre-
hension. All models are shown in Tables 4-7.2

YARC

Results from the YARC (Table 4) suggest that gaze dura-
tion (ﬂ —13.1),” go-past time (ﬁ 9.4), reading speed (ﬁ 7)s

and skipping rate (f: —4.7) are the best predictors of per-
formance on this test, with gaze duration and go-past time
explaining the most variance. These results differ from the
correlation analysis which showed a relationship only with
reading speed and gaze duration. In addition, the elpd val-
ues suggest that eye movements coupled with reading
speed predict comprehension better than reading speed
alone, with higher elpd values for models with both eye-
tracking measures and speed (~307.16) than for the speed-
only (-309.83) or eye-tracking only (-313.66) models.
This shows that having eye-movement measures in addi-
tion to reading speed considerably improves predictions of
the comprehension scores. The R? for the full model is
0.29, indicating that the full model explains 29% of the
variance in the test scores.

GORT

The output of the GORT models (Table 5) suggests that
first-fixation duration (ﬁ 14.5), average fixation duration
(ﬂ —12.4), and average saccade length (ﬁ 4.1) are the best
predictors of performance on this test, followed closely by

total-reading time (B: —6.5). These results differ again
from the correlation results, which showed a relationship
with gaze duration rather than first-fixation duration, and
did not show a relationship with average fixation duration.
This indicates that some measures may be predictive of
comprehension, but only when evaluated jointly with
other variables. Hence, regression analyses may be more
revealing of the predictive relationship between eye move-
ments and comprehension than correlations. Interestingly,
the effect of reading speed is significant in the speed-only
model, and not in models that include eye-movement
measures, suggesting that any explanatory power reading
speed may have is subsumed by the eye-tracking mea-
sures. In line with this, elpd is also much higher for the
eye-movements-only model (-246.88) than for the
reading-speed-only model (-250.31). The R* for the full
model is 0.42, indicating that the full model explains 42%
of the variance in the test scores.

WRAT

The output of the WRAT models (Table 6) suggests that
reading speed (ﬁ 11.1), skipping rate (ﬂ —4.4), and regres-
sion rate (ﬁ 4.1) are the best predictors of performance on
this test. This pattern is again different from the correla-
tions, although contrary to the other tests, it suggests that
fewer predictors are important compared to the correla-
tion analysis which showed most measures as related to
comprehension. This suggests that although predictors are
correlated to comprehension, they may be redundant and
thus not all of them are needed. The eye-movements-only
model has only one significant predictor, total-reading
time, which is the measure typically most highly correlated
to reading speed. Similar to the YARC, models with both
reading speed and eye-tracking measures as predictors
perform better than models with only reading speed or
only eye-tracking measures, with higher elpd values for the
top model (-281.01) than for the speed-only (-284.42) or
eye-movement-only (—294.02) models. This strongly sug-
gests that eye movements substantially improve predic-
tions over reading speed alone. The R? for the full model is
0.46, indicating that the full model explains 46% of the
variance in the test scores.

Average Data

The output for the models fit on data aggregated across the
three tests (Table 7) shows reading speed (f: 7.4) and skip-
ping rate (B: —4.7) as the best predictors of performance on
the comprehension tests, closely followed by go-past time
(ﬂ 9.5) and total-reading time (ﬂ 6.8). The importance of
speed as a predictor is particularly clear from the fact that
the model with only reading speed as a predictor is also the
second-best model according to the LOO. The R® for the
full model is 0.37, indicating that the full model explains
37% of the variance in the test scores.
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Discussion

The Cognitive Skills Measured by
Reading Comprehension Assessments
In this study, our first aim was to investigate whether three
standardized reading comprehension tests (YARC, GORT,
and WRAT) measured the same cognitive skills to the
same degree within individuals. The moderate correla-
tions between test scores within individuals are consistent
with previous studies reporting modest correlations
between reading comprehension tests for both compre-
hension measures (Andreassen & Braten, 2010; Keenan
et al., 2008; Nation & Snowling, 1997) and diagnosis out-
come (Keenan & Meenan, 2014).

We used eye-tracking to investigate the relationship
between test scores and the cognitive skills involved in
reading. Results yielded different patterns of results
between the three tests, suggesting that they do not all
measure the same cognitive skills to the same extent. These
patterns are summarized in Table 8. Specifically, YARC
scores were most strongly associated with early eye-
movement measures, which suggests that this test may be
more a measure of lexical processing skills (e.g., word
identification). This is comparable to findings by Cutting
and Scarborough (2006) for the WIAT, which has a similar
design to the YARC (i.e., passages read silently followed by
open-ended comprehension questions with access to the
text), as this test was more strongly associated with word
reading ability as opposed to oral language comprehension
skills. On the other hand, GORT scores were best predicted
by global and early measures. This also suggests that the
task demands of this test put more emphasis on lexical
processing skills. This appears in contrast with previous
findings for comparable tests (e.g., GORT-3, Cutting &
Scarborough, 2006; Keenan et al., 2008; NARA, Nation &
Snowling, 1997), which suggest that such tests (reading
aloud with comprehension questions) tend to be more
strongly associated with oral language comprehension
skills rather than word reading skills. However, it is in line
with Cutting and Scarborough’s finding that, within their
oral language comprehension component, only lexical
skills (e.g., vocabulary) contributed unique variance above
sentence processing skills (e.g., syntax) in GORT-3 scores.
This suggests that although oral language comprehension
explained more variance than word reading (0.093 vs.
0.075), most of this variance is related to lexical skills as
opposed to sentence processing skills.

Although this suggests that both the YARC and the
GORT are most strongly related to lexical processing skills,
results from the linear models yielded opposite patterns
between the two tests, as all measures useful for predicting
YARC scores were seemingly not useful in predicting
GORT scores, and vice versa. Therefore, although there
were some similarities between the two patterns in that both
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TABLE 8
Summary Table of Relationship between Eye
Movements and Comprehension

YARC GORT WRAT Average

Measure

Global

Speed (wpm) +1 ++1 +1
Average Fixation Duration +1
Saccades Length +1
Early
First-Pass Skipping +1 +1 +1
First Fixation Duration ++1
Gaze Duration ++]
Late
Regression rate +1

Go-past Time +1 ++1

Total-Reading Time + +

Note. Table 8 summarizes the results of the linear models. “+”:
significant relationship, “++”: strongest relationship, {: negative
relationship, t: positive relationship.

included early and late measures as predictors, there were
no similarities in terms of which specific measures best pre-
dicted comprehension scores. This suggests that differences
in task demands between the two tests led to differences in
the extent to which they measure the same cognitive skills,
which is consistent with previous studies suggesting that
reading comprehension tests with similar designs do not
measure the same cognitive skills to the same extent (e.g.,
WIAT vs. GORT-3; Cutting & Scarborough, 2006).

In addition, patterns of results for the WRAT differed
widely from that of the YARC and GORT. This is not
unexpected as previous studies have shown that tests with
cloze tasks and comprehension questions can differ in the
cognitive skills they measure (e.g., Nation & Snowl-
ing, 1997). The results for this test show a clear pattern:
faster reading speed, whether it reflects overall reading
speed or simply reduced fixation durations, is associated
with better performance. Previous studies on the cognitive
skills measured by cloze tasks suggest this type of task is
typically more strongly related to word reading skills than
to oral language comprehension skills (e.g., Suffolk Read-
ing Scale: Nation & Snowling, 1997; WJPC, Keenan
et al., 2008). Our results suggest that WRAT scores were
best predicted by reading speed and not by any measure of
fixation duration. This vast difference between the WRAT
and the other two tests likely stems at least in part from the
fact that cloze tasks measure comprehension from one’s
ability to make accurate predictions about linguistic
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material, which is rarely the case of comprehension ques-
tions. From our data, it is unclear whether the WRAT
scores are most strongly associated with lexical or higher-
level processes (e.g., sentence processing). However, it sug-
gests that the best predictor of success in this test is the
ability to make fast predictions about linguistic material.

Taken together, our results are in line with previous
research on the validity of reading comprehension tests
and suggest that reading comprehension tests vary not
only in the extent to which they measure both word read-
ing and oral language comprehension skills, but also addi-
tional skills such as reading aloud or making accurate
predictions about linguistic material.

Using Eye Movements to Predict
Reading Comprehension Accuracy

The second aim of this study was to investigate the poten-
tial of eye movements to predict reading comprehension
ability. Our results show that eye movements predict read-
ing comprehension and explained (on average) 39% of the
variance in our data. This performance is similar to the
models of Southwell et al. (2020) who reported correla-
tions between predicted and observed values around 0.37.
Our results therefore provide further evidence that eye-
movement measures collected during reading can success-
fully predict performance on reading comprehension
assessments. However, as discussed in the previous section,
the results from our statistical modeling analyses yielded
significantly different patterns in the relationship between
eye-movement measures and reading comprehension tests
across the three tests.

The results from the linear models did not yield any
predictor common to the three comprehension tests. As
such, no single eye-movement measure, or set of mea-
sures, could be identified as a good predictor of reading
comprehension ability across the three tests. Reading
speed and first-pass skipping rate were the most robust
predictors, followed by two late measures (go-past time
and total-reading time). Although the results differed
widely for the YARC, GORT, and WRAT, it is important to
note that all three tests included both early and late mea-
sures as “best” predictors, suggesting that the comprehen-
sion scores were generally best predicted by a combination
of measures associated with both early processes of read-
ing (e.g., lexical processing), and higher-level processes of
reading (e.g., sentence integration or discourse process-
ing). This is consistent with theories of reading compre-
hension which suggest that efficient word-processing and
higher-level language comprehension skills are necessary
for successful text comprehension (Catts et al, 2006;
Cromley et al,, 2010; Cromley & Azevedo, 2007; Gough &
Tunmer, 1986; Kim, 2020a, 2020b). In addition, both global
and local measures tended to be useful predictors of

performance across tests, suggesting that including local
measures as predictors improves predictions over and
above the global measures that have typically been used in
previous work.

The finding that global measures such as average fixa-
tion durations or saccade length are useful predictors of
comprehension for the YARC and GORT is in line with pre-
vious studies showing that these two measures are useful in
predicting performance on reading comprehension mea-
sures (D’Mello et al., 2020; Martinez-Gémez & Aizawa, 2014;
Southwell et al., 2020). This finding suggests that global
measures may be useful in predicting performance on read-
ing comprehension tests using multiple-choice and/or open-
ended questions. However, the direction of this relationship
differs between studies and tasks. Indeed, previous studies
suggest that making more and shorter fixations on average is
predictive of better performance on the comprehension
tasks. While we did replicate this finding in our correlations
and in the models for the GORT, the opposite was found for
the YARC with longer fixations associated with better per-
formance (when other variables are included in the model).
Similarly, the findings for saccade length are contradictory
between studies and tasks, with shorter saccades predicting
better comprehension scores in some studies (D’Mello
etal., 2020; YARC in this article) while others find the oppo-
site association (Martinez-Gémez & Aizawa, 2014; correla-
tions and GORT in this article). These discrepancies in
findings between studies and comprehension measures sug-
gest that while average fixation durations and saccade length
may be useful predictors of performance on comprehension
questions, the direction of the relationship may be influ-
enced by task demands. We note however that such com-
parisons between studies should be taken with a grain of salt
given the important methodological differences between
studies, as correlations between eye-tracking measures limit
our interpretation to the predictors included in our models
which differ from those used in other studies.

Importantly, the results from the correlations and the
linear models yielded different patterns of the relationship
between eye movements and comprehension scores. The
difference between the results from the correlations and
those of the linear models can be explained by the fact that
some measures may be correlated with the comprehension
scores but not be useful when trying to predict compre-
hension. In addition, the correlations were run individu-
ally for each measure, whereas the linear models included
multiple measures. Hence, because eye-movement mea-
sures tend to be highly correlated to one another, it is less
likely that two highly correlated measures are both impor-
tant predictors, even though they may both be correlated
with comprehension. In addition, the correlations between
eye-movement measures underscore the fact that the out-
put of the linear models should be interpreted in relation
to the eye-movement measures present in the model.
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Reading Speed as a Predictor of Reading
Comprehension

Across both analyses, reading speed appeared as one of the
most robust correlate of reading comprehension. Reading
speed was generally positively correlated to comprehen-
sion, such that faster readers tended to perform better in
the comprehension tasks. However, while faster readers
may often be better comprehenders, reading speed alone
may not be a good predictor of comprehension, as fast
reading speed does not necessarily entail that comprehen-
sion is taking place. This is most clearly shown by the fact
that, for all tests, adding eye movements to the models sig-
nificantly improved predictions, and the amount of vari-
ance explained, over a model using reading speed alone.
This is in line with Southwell et al’s (2020) finding that
models with only reading speed as a predictor performed
at chance level, whereas models with both eye movements
and reading times outperformed the reading time only
models. Therefore, while reading speed may be a robust
correlate of reading comprehension, it is not necessarily a
strong predictor of reading comprehension skills.

The Influence of Task Demands on the
Relationship Between Eye Movements
and Reading Comprehension Accuracy

Finally, the third aim of this study was to examine the
influence of task demands on reading behavior and the
relationship between eye-movement measures and read-
ing comprehension accuracy. Our results highlight the
complexity of the relationship between reading compre-
hension and eye-movement behavior. The relationship
between eye movements and reading comprehension var-
ied with the different task demands of the three tests. This
can be attributed, at least in part, to participants adapting
their reading strategies to the varying task demands.

As noted earlier, an important feature of the YARC is
that readers were able to return to the text to answer the
comprehension questions, such that readers were not
required to construct a detailed mental representation of
the text during initial reading, and may have used more
shallow processing strategies of the text meaning. The use
of such strategies would be in line with our finding that
participants spent less time reading the text on average
compared to the GORT and WRAT (i.e., shorter fixations,
high skipping rates, few regressions). This may also explain
the pattern we see in the predictive relationship between
eye-movement measures and comprehension scores.
Indeed, useful predictors for the YARC scores include
both measures indicative of efficient processing (e.g., short
gaze duration indicative of efficient lexical processing)
together with features indicating careful reading of the text
(e.g., longer go-past times indicative of re-readings neces-
sary for comprehension). This suggests that while efficient
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reading processes were predictive of good comprehension
as might be expected (i.e., efficient readers are good com-
prehenders), the degree to which readers engaged in
behavior necessary for successful comprehension during
the initial reading of the text (e.g., re-reading) is also an
important predictor of their comprehension, as readers
may have read the text less carefully knowing they could
return to it later.

On the other hand, a critical feature of the GORT is that
readers were required to read the text aloud, hence putting
an emphasis on accurate word reading and speech produc-
tion which was not there in the YARC or WRAT. This
emphasis on lexical processing can also be seen in the pre-
dictive relationship between eye-movement measures and
comprehension scores. Indeed, good performance on the
GORT was predicted by longer first-fixation durations and
shorter total-reading times. This suggests that good com-
prehenders spent more cognitive resources on word read-
ing processes (e.g., lexical access) and required less time
re-reading the text. Hence, results for both the YARC and
GORT suggest that measures associated with ease of lexical
access and re-readings of the text are useful predictors of
comprehension. However, differences in the direction of
the relationship between predictors and comprehension
suggest that it is mediated by the differences in task
demands between the two comprehension measures as
readers used different reading strategies in the two tests.

Lastly, the WRAT primarily assesses a reader’s ability
to make accurate predictions about linguistic material, as
opposed to answering comprehension questions in the
YARC and GORT. As noted earlier, the best predictor of
performance on the WRAT is how quickly readers were
able to do the task, and the best predictors do not include
any measure of fixation duration. Instead, the pattern of
results suggests that participants who were able to do the
task quickly (i.e., short reading speed), while still reading
the sentence carefully (i.e., few skips and some regressions)
tended to perform better in the task.

Opverall, we do find some similarities in both the type
of measure that best predict comprehension accuracy (i.e.,
early and late measures) and the type of reading behavior
that are predictive of better reading comprehension scores
(e.g., efficient and careful reading). Nevertheless, the
results suggest that readers adapt their reading strategies
and cognitive processes to the varying task demands,
which, in turn, influences both the usefulness of individual
predictors and the direction of the relationship between
predictors and comprehension accuracy (e.g., “efficient”
lexical access predicts better performance in the YARC but
poorer performance in the GORT), although the latter can
only be interpreted with in the limited scope of the predic-
tors that are included in the model. This has implications
for the interpretation of eye-movement behavior in read-
ing studies, whereby longer fixation times are often inter-
preted as signs of longer processing time and hence higher
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processing difficulty. Our results suggest that the specific
task demands may need to be considered when interpret-
ing standard eye-tracking measures in reading experi-
ments. In the final two sections of this article, we will
discuss implications of our results for theories of reading
comprehension.

Implications for Reading Theories

This study highlights the complexity of reading compre-
hension as a theoretical construct, and the difficulties that
come with trying to measure it as such. The moderate cor-
relations between the three tests, and the clear differences
in reading behavior across comprehension tasks as illus-
trated by readers’ eye movements during reading, provide
further evidence for the idea that to understand and define
reading comprehension one must also consider character-
istics of the reader, the text, and the reading task. The
results from this study highlight the fact that readers adapt
their reading strategies and cognitive processing to the
reading task and goal, such that the processes that are
engaged by and support successful reading comprehen-
sion can vary not only across reading tasks (e.g., proof-
reading versus reading for comprehension; Kaakinen &
Hy6nd, 2010), but also across comprehension tasks. For
example, one might consider differences in the processes
engaged by everyday reading tasks such as understanding
text messages compared to reading a textbook for learning
with the delayed goal of passing a test. Although both these
reading tasks require successful comprehension of written
text, and hence may be assumed to engage a similar core
network of cognitive processes necessary for successful
comprehension and retention of the text meaning (e.g.,
lexical processing, making inferences), the goals are very
different and likely put different demands on cognitive
processes that support comprehension. However, the influ-
ence of the reading task such as the reading goal or charac-
teristics of the text are not yet well understood, and are
rarely included in theoretical models of reading compre-
hension (although see Kim, 2020a, 2020b). Further
research is therefore necessary to better understand the
role that task demands play on the cognitive processes that
support reading comprehension, which is critical for the
development of reliable measures of reading comprehen-
sion ability.

Limitations and Future Directions

One of the limitations of this study relates to the validity of
reading comprehension measures. As noted in earlier sec-
tions, reading comprehension assessments vary in what
they measure, which, in turn, made the identification of
eye-movement markers of reading comprehension skills
across assessments challenging. An important next step
toward the overarching goal of developing a reading

comprehension assessment based on eye-movement
behavior is to investigate this relationship using reading
tasks that more closely resemble natural reading. In addi-
tion, this article focused on differences in task demands at
the whole test level, and the use of existing reading com-
prehension assessments that differ in multiple aspects of
their design made it impossible to disentangle whether
and how individual aspects of the test (e.g., reading modal-
ity) affected reading behavior and comprehension. As such
factors can influence reading behavior and comprehen-
sion, future research should investigate item-level factors
when investigating the influence of task demands on eye-
movement behavior during reading.

Conclusions

We close by again noting the enormity of reading compre-
hension, and that its measurement is tantamount to mea-
suring “thinking in general” (LaBerge & Samuels, 1974, p.
320). Our results highlight the influence of the reading
task and goal on reading behavior, and the fact that these
should be considered when trying to investigate, define, or
measure reading comprehension and the cognitive pro-
cesses that support it. The consideration of task demands
is of particular importance for the development and inter-
pretation of reading comprehension assessments used in
research, schools, and clinics, since task demands heavily
influence the cognitive processes that are engaged, and
hence measured, by a particular reading comprehension
assessment. We believe progress can be made by more
clearly defining what is meant by reading comprehension
in broad academic contexts (e.g., reading with the goals of
being able to remember and reason about the text con-
tent), and we also predict that eye-tracking may ultimately
provide a useful way to measure this type of comprehen-
sion in a direct, unobtrusive manner.
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NOTES

!'In this article, we use the term task demands to refer to whole-test task
demands including reading modality, comprehension task, and text.
Existing reading comprehension assessments typically differ in more
than one of these aspects such that it is not possible to investigate the
effect of individual factors such as reading modality independently of
the others.

2 The test manual refers to this score as “reading rate” However, because the
raw score is calculated as reading time (i.e., how long participants took to
read the passage), we use reading time instead of reading rate for clarity.

* For one participant, only one score out of three was available.

* The eye-movement measures used as predictors in the models tend to
be highly correlated to each other. However, while multicollinearity of
predictors can affect hypothesis testing, this is not the case when mod-
els are used to make predictions as is done in this analysis. See McEI-
reath (2020) for a discussion of collinearity in predictive modeling
compared with hypothesis testing.

> While the credible interval is not the same as the confidence interval,
their interpretations are similar. Note that while we report credible
intervals, they do not inform our conclusions as to the usefulness of
our predictors.

¢ Note that in these models, the order in which the predictors are entered
into the model does not affect the results.

7 This is a Bayesian measure of predictive accuracy that takes uncertainty
about the model parameters into account and which naturally penal-
izes model complexity. When comparing multiple models, the one
with the highest elpd score is the best.

¢ This analysis was also run with only monolingual speakers to check for
any possible influence of including non-native and multilingual speak-
ers in the sample. As the results of this analysis was highly similar, they
are not reported here but can be found in Data S1.

° This number can be interpreted as: one standard deviation in the mea-
sure (e.g., gaze duration) translates to an average (across models) of
—13.1 points on the YARC scale.
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Supporting Information as well as reliability information about the tests. In addi-

" . ) ) tion, it contains tables of results for models run with only
Ad(_htlonal supporting 1nformat1on may be f_o‘m‘? inthe e monolingual English speakers in our sample (Tables
online version of this article on the publishers web- p; p 4),
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Data S1. This file contains additional information about
the scoring procedures for the YARC, GORT, and WRAT,
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