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Abstract
Are linear paper-based and nonlinear computer-based reading comprehension measuring the
same cognitive constructs? Nonlinear hypertext reading may demand different skills than
linear text comprehension, as it requires synthesizing and integrating information from
multiple sources. However, research on whether these two forms of comprehension represent
distinct constructs remains limited. While conceptual distinctions exist between
understanding a single linear text and processing multiple texts, empirical evidence
supporting these differences is scarce. To address this gap, we examined the dimensional
structure of paper-based linear and computer-based nonlinear text comprehension using data
from the PIRLS 2016 international large-scale assessment. PIRLS 2016 evaluated reading
comprehension at the end of grade 4, with each student completing both a linear paper-based
test and a nonlinear electronic test. Comparing a unidimensional model, a 2-dimensional
correlated factor model, and a bifactor IRT model across 16 countries and benchmarking

entities showed that the bifactor model, which accommodates a general reading
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comprehension factor along with nonlinear reading as a specific factor, has a better fit than
the other models. The ECVs of the general factor ranged from .80 to .89 across all the
countries while the ECVs of the specific factor were between .07 and .18. Nevertheless, the
specific factor reliabilities ranged from .36 to .58 which indicates that the variations in the
specific factor cannot be just noise and could reflect variations in reading nonlinear texts.
These findings revealed that although linear paper-based and nonlinear computer-based
reading share a substantial amount of variance, as evidenced by a strong general reading
comprehension factor, understanding nonlinear hypertexts requires specific skills that cannot
be overlooked and should be explicitly addressed. The implications of the study for the

testing and teaching of reading comprehension are discussed.
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Introduction
The current study investigates whether sequential linear reading on paper is the same as
nonlinear reading on screen. Reading comprehension is a fundamental skill critical for
students’ academic success, personal growth, and lifelong learning (National Institute of
Child Health and Human Development, 2000). Beyond its immediate academic importance,
proficient reading fosters cognitive development (including language acquisition,
comprehension, and critical thinking), benefits individuals and society by promoting empathy
and communication (Cunningham & Stanovich, 1997; Kidd & Castano, 2013), and supports
mental, social, and emotional well-being (Billington et al., 2010; Zuckerman & Augustyn,
2011).

In recent decades, reading practices have evolved, largely driven by the internet and
the widespread use of digital devices (Empson, 2014; Cartelli, 2012). While paper-based
reading remains prevalent in many schools, the availability of digital learning platforms such
as Moodle, Brightspace, and Blackboard has fueled an increase in screen-based reading in
educational contexts. Additionally, research indicates that around 90% of teenagers are
regularly online, relying on devices such as computers, smartphones, and tablets for both
leisure and educational activities (Madden et al., 2013; OECD, 2011). As a result, nonlinear
digital reading is becoming increasingly important alongside traditional linear reading.

The distinction between linear and nonlinear texts is also increasingly reflected in assessment
practices. For example, as digital skills become increasingly vital in society and the
workforce, major international reading assessments—including the Progress in International
Reading Literacy Study (PIRLS), and the Programme for International Student Assessment
(PISA)—have begun evaluating students’ competencies in digital reading (OECD, 2023;

Mullis et al., 2017). Meanwhile, many educational systems are transitioning at least some of



their national exams to digital formats, reflecting the growing importance of screen-based

literacy in contemporary education (e.g., Daane et al., 2005; KMK, 2016).

Comparing paper and digital reading

Digital reading is often distinguished from traditional reading due to key differences in
format, components, and effects (Leu et al., 2004; Coiro, 2003). Physically, printed texts have
fixed pages that act as visual boundaries, while digital texts can be continuous, fragmented,
or multi-textual (Chen, 2017). Printed texts are limited to basic components like images,
whereas digital texts may integrate diverse elements such as images, sound effects, music,
and pop-ups, creating a holistic experience for the reader or viewer (Kress, 2003).
Distractions also differ between the two modes. In paper-based reading, distractions are
typically external, requiring readers to block out their surroundings to maintain focus.
Conversely, in digital reading, distractions may be internal, arising from features like
notifications, hyperlinks, and multimedia. These internal interruptions, combined with the
abundance of engaging content, can make it harder for readers to stay focused, even for
highly disciplined learners (Rosén & Gustafsson, 2016). Subsequently, the skills required for
these two modes may also differ. Managing distractions in digital texts demands not only
focus but also the ability to critically evaluate the relevance of incoming information,
requiring a more active engagement than traditional paper-based reading. Coiro (2011) argues
that traditional reading skills, while essential, are insufficient for comprehending online
information. Digital reading can require additional competencies, including generating
research questions, identifying important problems, navigating search engines efficiently, or
critically evaluating the reliability of sources. Moreover, readers must also synthesize
information from multiple sources and communicate effectively using tools suited to specific

platforms. In today’s information age, where vast amounts of online content are readily



accessible and anyone can publish, understanding the skills and strategies needed for reading
literacy is crucial for individuals and educational systems alike. The ability to navigate this
evolving landscape of reading is essential, as students’ academic success increasingly

depends on mastering these digital literacy skills (Coiro, 2003; Coiro, 2011).

Linear vs. Nonlinear Reading
In the context of reading digital texts, a distinction is often made between linear and
nonlinear reading, and sometimes digital and nonlinear reading are even used interchangeably
(Hahnel et al., 2016). Nonlinear reading refers to the process of reading text in a non-
sequential manner, where the reader does not follow a traditional, top-to-bottom linear path
through the content. This type of reading is common in digital environments, where readers
interact with hyperlinked text, images, sidebars, and multimedia. Nonlinear reading allows
users to jump between sections, skim content, or explore different parts of a document or
webpage based on interest or need, rather than following a fixed order. It contrasts with
traditional linear reading, which involves progressing through a text from start to finish.
While the distinction between these modes is clear, not all digital reading is nonlinear.
For instance, reading a novel on an e-reader like Amazon’s Kindle is linear reading.
Nonlinear reading is mainly characterized by hypertext and interactivity. Hypertext refers to a
system of managing and organizing information through text that contains links (called
"hyperlinks") to other texts or resources. These links allow users to navigate between related
documents or pages by simply clicking on them. Hypertext creates a non-linear way of
accessing information, where readers can jump from one topic to another based on their
interests or needs. While hypertext has been noted for mirroring the associative nature of
human memory, providing a dynamic way of accessing and organizing information

(Shneiderman, 1989), research has also suggested that nonlinear reading demands additional



cognitive effort. Readers must continually make decisions about how to navigate the content
and assess the relevance of the information (Zumbach & Mohraz, 2007).

Although researchers have studied linear reading for many decades, there has been far
less research on nonlinear computer-based reading, despite the increasing prevalence of
digital reading material. Some researchers have argued that ““the strategies requisite for
comprehending traditional printed text are not the same strategies required to comprehend
computerized texts” (Murphy et al., p. 528). However, the psychometric distinctness and
separability of linear and nonlinear reading—specifically, reading hypertext versus reading

on paper—have not been extensively studied.

Does the mode of reading play a role in comprehension and learning?

Meta-analyses suggest that readers perform differently on reading assessments when reading
on paper compared to reading digitally (Furenes et al., 2021; Clinton, 2019; Delgado et al.,
2018; Kong et al., 2018). Specifically, Delgado et al. (2018), in their meta-analysis of 54
studies conducted between 2000 and 2017, highlight the advantages of paper-based reading,
including better concentration, memory retention, and deeper understanding. Their findings
emphasize that paper reading leads to more profound comprehension and learning for both
informational and mixed texts, although this advantage does not extend to purely narrative
texts. Similarly, Clinton (2019) conducted a meta-analysis and found a performance
advantage for paper-based reading over digital reading, particularly for expository or mixed
texts. However, like Delgado, Clinton observed no significant difference for purely narrative
texts. Kong et al. (2018) in their meta-analysis of 17 studies, found that reading on paper
outperformed reading on screen, although they did not distinguish between text genres. In the
same vein, Furenes et al. (2021) concluded in their meta-analysis that children generally

scored lower in comprehension when reading digital books compared to print books. They



also noted that traditional print books were more effective for comprehension, particularly
when an adult mediated the reading session. However, digital books with story-congruent
enhancements could, in some cases, surpass print books in effectiveness. Additionally,
Ronconi et al. (2022) conducted a smaller study with 150 eighth-grade participants, focusing
on informational texts to examine the effect of reading mode. Their findings revealed that
students performed significantly better in comprehending main ideas when reading on paper,
although the reading mode had minimal impact on understanding key points.

While the studies above highlight the benefits of paper-based reading, other research
has found favourable results for digital reading, particularly when interactive features are
included. Egert et al. (2022) conducted a meta-analysis of 17 studies focusing on researcher-
developed e-books with interactive digital features for children aged 3-7 years. Their findings
indicated that these digital books, particularly those designed to engage students, resulted in
better reading performance compared to traditional print books. The analysis revealed that e-
book interventions significantly improved language outcomes in young children, particularly
in preschool and kindergarten settings, with notable improvements over regular childcare
activities and print book reading. Similarly, Savva et al., (2022) in their meta-analysis of
experimental studies, spanning between 2008 and 2021 found a small positive effect for e-
books when compared with print books on language and literacy development (alphabet
knowledge, phonological awareness, print aware-ness, word reading and writing), though no
significant effect on story comprehension. Additionally, Kaman and Ertem (2018) used mixed
methods to examine the effect of digital reading on comprehension, fluency, and attitudes.
Their study, involving 75 4th grade students, found that digital reading significantly improved
both reading comprehension and fluency. Hsiao and Chen (2015) used data from 60 third-
grade Chinese pupils to examine the relationship between digital reading and reading

comprehension. Results indicated that e-book reading, when compared with paper-based



reading, is associated with higher comprehension. Aparicio et al (2022), in a small scale
study on the reading mode effect on both expository and narrative texts, involving 52
students in grade five, found no significant effect. Similarly, Schwabe et al. (2022) conducted
a meta-analysis of 32 studies examining also the reading mode effect on reading
comprehension of narrative texts. These results align with Clinton (2019) and Delgado et al.
(2018), who found no significant reading mode effect on comprehension for narrative texts,
but also with Egert et al. (2022) who highlight the potential advantage of digital texts when
multimedia and interactive functions are involved.

Regarding test results from international large-scale assessments, Mullis and Martin
(2015) in their report on the 2016 ePIRLS and PIRLS assessments, observed that students
from most participating countries who took both the electronic and paper-based tests
achieved higher scores in the electronic assessment compared to the paper-based assessment.
However, Jerrim et al.’s (2018) analysis of PISA 2015 field trial data from Germany, Ireland,
and Sweden showed an opposite pattern: students scored lower in digital assessments
compared to paper-based ones.

While the research on reading mode (digital vs. paper) remains inconclusive, it
highlights the need to carefully consider the cognitive processes involved in both /inear and
nonlinear text comprehension, particularly as digital texts become increasingly prevalent in

educational settings.

The Present Study
Research on the comparability of linear and nonlinear reading assessments is very scarce.
This gap in research highlights the need for further investigation into whether linear reading

assessments can be considered equivalent to nonlinear reading.



This study examines this issue within the framework of PIRLS, a major international
large-scale assessment that evaluates reading comprehension at the end of primary school.
Since its introduction as a paper-based assessment in 2001, PIRLS has been conducted in
five-year cycles, with up to 66 education systems participating worldwide. As the study is
repeated over time, there is strong interest in tracking changes in reading performance.
However, PIRLS 2016 introduced ePIRLS, a computer-based nonlinear component designed
to assess students’ comprehension of online-style informational texts.

This shift raises questions about the dimensionality and comparability of the
assessments across delivery modes. It remains unclear whether differences in format affect
test performance beyond reading comprehension as measured in the conventional linear
paper-based PIRLS assessments. Likewise, ePIRLS, designed for nonlinear reading, includes
graphical features, pop-ups, and a teacher avatar, potentially influencing students’
engagement and navigation strategies.

To address these uncertainties, this study examines the extent to which paper-based
linear and computer-based nonlinear reading assessments measure the same skills. By
comparing performance across PIRLS and ePIRLS, it evaluates whether computer-based and
paper-based reading comprehension involve the same underlying competencies or if distinct

cognitive demands come into play.

Data and Method
Progress in International Reading Literacy Study (PIRLS)
IEA’s PIRLS is an international trend study designed to measure and compare the
reading ability of fourth-grade students around the globe over time. Launched in 2001 as a
follow-up to IEA’s 1991 Reading Literacy Study and to the older IEA’s 1971 ‘The Reading

Comprehension Study’, this assessment is administered every five years to participating



countries. Its goal is to provide insights into students' reading achievement and their ability to
apply what they understand from texts in real-life contexts or school projects. It also gathers
data on factors that influence reading development, such as home environments, school
resources, and teaching practices. PIRLS provides comparative data across countries to
evaluate and improve educational outcomes related to reading literacy. PIRLS highlights two
broad reading purposes (Mullis & Martin, 2015): “literary experience” and reading to
“acquire and use information” (AUI) with 50% of the items allocated to each reading
purpose. The two reading purposes are fulfilled with the choice of the texts. For literary
experience, narrative fiction is used and for acquire and use information, scientific texts are
employed (Mullis & Martin, 2015).

In response to the widespread availability of digital media and the importance of
nonlinear reading on electronic devices, computer-based reading assessment was
incorporated in the fourth cycle of the Progress in International Reading Literacy Study in
2016 (PIRLS, Mullis et al., 2017). On the understanding that accurate assessment of digital
reading skill is vital to track students' reading progress and deliver suitable, timely instruction
and interventions, ePIRLS was introduced in 2016. ePIRLS is an extension of the PIRLS that
focuses specifically on assessing students' ability to read and comprehend online
informational texts, without including the ‘literary experience’ purpose. It evaluates how well
fourth-grade students can navigate and understand digital environments, such as websites,
and locate, interpret, and use information presented online. This assessment reflects the
growing importance of digital literacy in modern education and helps measure students'
proficiency in reading digital materials, which is increasingly relevant in today's technology-
driven world (Mullis et al., 2017). Table 1 highlights the similarities and differences between
PIRLS and ePIRLS.

Table 1
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Comparison of PIRLS and ePIRLS

PIRLS ePIRLS
Format Paper-based Computer-based
Structure Linear Nonlinear
Purpose acquire and use information + acquire and use information

literary experience?
Material 6 acquire and use information texts 4 school-based reading tasks each
+ 6 literary experience texts® consists of 2-3 different websites
totaling 5-10 web pages
Assignment 1 booklet (composed of 1 acquire Online reading tasks
and use information text and 1

literary experience texts®)

Type of Multiple choice (40%) + open- Multiple choice (40%) + open-
questions ended (60%) ended (60%)
Testing time 80 minutes 80 minutes

Note. * = literary experience material was not used in the present study

Both assessments use a combination of multiple-choice and open-ended questions to
evaluate the same four reading comprehension processes: retrieving explicitly stated
information, making straightforward inferences, interpreting and integrating ideas, and
evaluating and critiquing content. However, there are also differences across the assessments
because ePIRLS is administered in a simulated nonlinear online environment instead of on
paper (Mullis & Martin, 2015)!. Further, although both assessments target the same reading

comprehension processes, they differ in the content of their passages and questions. As such,

" For detailed information concerning the distribution of item formats and subskills refer to Mullis and
Prendergast (2017).
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ePIRLS should not be regarded as merely a digital version of PIRLS with identical materials.
It is important to avoid the misconception that ePIRLS is simply the computer-based format
of PIRLS.

The technology-enhanced features of ePIRLS introduce new skills not required in
paper tests, such as navigating between pages, evaluating digital sources, and managing
screen-based distractions. As a result, test performance might reflect not just reading
comprehension, but also students’ digital literacy and familiarity with computer-based
environments. This introduces potential threats to comparability, as differences in digital
navigation skills can affect test outcomes even if reading ability is the same.

PIRLS strives for comparable trend measures to trace reading achievement
progression over time. The structure of PIRLS 2016, i.e., the combination of paper-based
linear and computer-based nonlinear texts, raises questions about the assessments'
dimensionality and comparability across delivery modes. While the PIRLS assessment itself
is considered linear, the ePIRLS incorporates nonlinear elements, such as clickable images
and interactive features. However, despite these nonlinear components, the ePIRLS
assessment is structured with linear guidance, as a teacher avatar instructs students to follow
a specific linear path/sequence. This means that students do not have the autonomy to
navigate freely but are directed by the avatar. This makes the ePIRLS test neither purely
linear nor fully nonlinear. It remains uncertain whether the digital mode introduces construct-
irrelevant variance compared to the traditional paper-and-pencil format. There is also
ambiguity about whether ePIRLS, designed for nonlinear reading with its graphical features,
pop-ups, and teacher avatar, adds construct-irrelevant factors beyond reading ability. This

research intends to address these uncertainties.

Sample
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Publicly available data PIRLS were used for the present study
(https://www.iea.nl/data-tools/repository). All the 16 countries and bench marking entities
who took the PIRLS and ePIRLS 2016 were included in the analyses. In each country, only
the students who had taken both tests was entered into the analyses. The data for Canada
(n=8871), Denmark (n=2506), Georgia (n=5557), Ireland (n=2473), Israel (n=3798), Italy
(n=3767), Norway (n=3610), Portugal (n=4558), Singapore (n=6320), Slovenia (n=4303),
Sweden (n=3879), Taiwan (n=4326), United Arab Emirates (n=15566), Abu Dhabi (n=3980),
Dubai (n=7471), and USA (n=4090) were analyzed. A pooled analysis with all the countries

combined (n=85075) was also run.

Instruments

PIRLS 2016 employed multiple-matrix sampling and a rotated booklet design to
ensure broad content coverage and overcome limited testing time. In multiple-matrix
sampling, frequently used in large-scale assessments, a large pool of items is divided into
different "blocks," and each participant is randomly assigned only a subset of these blocks.
This reduces the testing load on individuals while still covering a wide range of content
across the overall population. In PIRLS 2016, there were 12 blocks of reading passages and
items, organized across 16 booklets. Each booklet included one literary and one informational
passage with associated items. Some blocks were reused from previous PIRLS assessments,
serving as “trend” items to track changes in reading achievement.

By grouping the items into blocks and randomly rotating these blocks within booklets,
the testing time per student was limited to 80 minutes while allowing each item to be
answered by a representative sample without overburdening any single student. To connect
PIRLS booklets internally and with PIRLS Literacy (a simplified version for countries with

lower reading proficiency), each literary and informational block appeared in three different
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booklets, paired with a different block each time. The ePIRLS assessment, grounded in the
PIRLS 2016 Assessment Framework, emphasized evaluating students' online reading skills.
The ePIRLS 2016 included five tasks (comprising 90 items), with each student completing
two tasks, each lasting around 40 minutes. These tasks focused on topics in science and social
studies. Two of the tasks are publicly available on the IEA website
(https://pirls2016.org/epirls/take-the-epirls-assessment/)

PIRLS 2016 contained 175 items in paper-and-pencil mode, 90 of which targeted the
literary experience purpose of reading, and 85 items measured the acquire and use
information (AUI) purpose. The ePIRLS 2016 contained 90 items all measuring the acquire
and use information reading purpose. To avoid the conflation of construct and testing mode,
only the 85 AUI items of PIRLS were used in the analysis. The ePIRLS featured interactive
tasks and a modern user interface allowing navigation between texts and answering
questions. It contained simulated online projects with multiple websites, videos, and
navigational features like links and pop-ups. Thus, all the items in the current study measured
the same construct and only differed in testing mode. Items with partial credit were rescored
to dichotomous items (correct = 1; incorrect or partially correct = 0) to simplify the analyses.
A total of 175 AUI items (85 paper and 90 electronic) were analyzed.

Analyses

To examine the latent structure of the paper-based and digital tests, we estimate a
series of Item Response Theory (IRT) models incorporating both general and specific factors.
As a reference model, we first estimate a unidimensional 2PL model and compare it to a two-
factor correlated multidimensional 2PL model and a bifactor 2PL model. The analyses are
conducted separately for each country, followed by a pooled analysis combining data from all
participating countries. The following models were estimated:

1. A unidimensional 2PL IRT model where a general reading comprehension factor was
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modeled. Here the roles of mode and construct are ignored, and it is assumed that all
the variances can be accounted for by a general reading ability factor (Figure 1, Panel
A).

2. A correlated two-factor model where linear (paper-and-pencil) items loaded on one
factor and nonlinear (digital) items loaded on another factor. This model assumes that
the two types of reading are distinct but correlated constructs (Figure 1, Panel B).

3. Abifactor (S-1) model where a general reading factor for all items along with an
orthogonal nested factor for the digitally administrated ePIRLS items was modeled

(Figure 1, Panel C).

In a traditional bifactor model, there is a general factor (which represents the shared
variance across all items in a test or questionnaire) and several specific factors (which
represent variance that is unique to subsets of items). Each item loads onto the general factor
and one specific factor. The (S-1) bifactor model (Eid et al., 2017) is a particular variant
where one specific factor is designated as the general factor for the analysis. The other factors
are constrained to be uncorrelated with the designated general factor but can correlated with
each other. The model is particularly useful when there is a need to test the dominance of a
specific construct (often a well-established dimension of interest) over others in the data,
effectively setting one specific construct as the reference domain.

Eid et al. (2017) argue that in a traditional bifactor model, the general factor may not have
a clear meaning or interpretation. They illustrate this with an example from medicine and
state that, for instance, a G factor composed of height and weight could be modeled, but it
may lack clear interpretative value. In contrast, the (S-1) bifactor model defines one domain
as a reference, clarifying the G factor's meaning. In our example, using height as a reference,

the G factor would reflect an individual's height corrected for measurement error, while the
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specific factor would capture variations in weight relative to height. This makes the specific
factors meaningful as they show differences that remain after the influence of the general,
reference-based factor is accounted for. This approach is particularly useful when one domain
significantly influences others, such as fluid intelligence in intelligence research. In the
current study, the ability to read linear texts on paper is designated as the reference domain
which specifies the G factor while electronic nonlinear reading factor indicates whether
examinees have a higher or lower nonlinear reading ability than expected given their linear
reading scores. The mirt package (Chalmers, 2012) in R (R Core Team, 2023) was used to
estimate the models.

To compare the three candidate models depicted in Figure 1, we use the Akaike
Information Criterion (AIC, Akaike, 1974) and Bayesian Information Criterion (BIC,
Schwarz, 1978). For model evaluation, we assess how much variance the different factors
explain in the items. To this end, we compute the Explained Common Variance (ECV;
Bentler, 2009), which represents the proportion of common variance explained by each
factor. An ECV of 1 indicates that a factor accounts for all variance in the items it loads on.
ECYV for specific group factors refers to the proportion of common variance explained by a
specific factor. Dueber and Toland (2023) suggest that for low sub-score reliabilities (0=.60),
ECYV should be .45 to have added value. Bonifay et al. (2015) demonstrated that when ECV
of the general factor is >.70, the relative bias in factor loadings is less than 10% which is
trivial according to Reise et al. (2013). They also showed that when ECV>.80, the relative
bias is less than 5%. Bias here is defined as the difference between the true loadings on the
general factor in the bifactor model and the loadings in the unidimensional model when

multidimensional data are forced to a unidimensional structure.

16



PIRLS PIRLS PIRLS
itemg, itemyg, itemg,
PIRLS PIRLS PIRLS
ditem ditem item
02 0z linear o2
reading
PIRLS PIRLS PIRLS
itemy itemy itemy
general general
reading reading
ePIRLS ePIRLS ePIRLS
itemg, itemp itemg,
ePIRLS ePIRLS ePIRLS
itemgy itemyg, on-linear itemgy hon-linear
reading reading
ePIRLS ePIRLS ePIRLS §
item item item
Panel A: Panel B: Panel C:
Unidimensional model Correlatd two-factor model Bi-factor (S-1) model

Figure 1.

Candidate Models

Results

Table 2 shows the information criteria (AIC and BIC) and factor reliabilities for the
three estimated models across the countries. Information criteria show that the unidimensional
model has the worst fit and the bifactor (S-1) model has the best fit. The correlated factor model
has a better fit compared to the unidimensional model which is evidence that the two factors
of linear and nonlinear reading can be better represented with two correlated factors rather than
a single factor. Nevertheless, the better fit of the bifactor model compared to the correlated
two-factor model indicates that perhaps the best representation of the data is a general reading
factor along with a specific factor to account for nonlinear reading. This trend was uniformly
observed across all the countries and in the pooled data. Specific factor reliabilities in the
bifactor model ranged from .36 to .58 which indicate that the specific factor is not redundant.

In fact, the reliable variance left in the specific factor after the influence of the general factor
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is conditioned out is not negligible and probably arises from differences in the ability to read

nonlinear texts. Specific factor reliabilities show the proportion of variance in the items within

a factor that is attributable to the factor itself, independent of the general factor. A high specific

factor reliability means that the specific factor explains a considerable amount of variance in

its items, beyond what is explained by the general factor (Baghaei, 2016).

Table 2. Information criteria for the three models by country

Unidimensional Correlated two-factor Bifactor (S-1)
model model model
AlIC BIC AIC BIC AlIC BIC
Canada 13,544,300 13,547,957 13,519,330 13,522,998 13,504,515 13,509,113
Denmark 2,801,675 2,804,796 2,797,102 2,800,233 2,793,010 2,796,934
Georgia 2,163,657 2,166,665 2,151,732 2,154,749 2,149,639 2,153,416
Ireland 3,101,402 3,104,562 3,098,238 3,101,406 3,094,513 3,098,485
Israel 5302191 5,305,531 5,292,696 5,296,045 5,288,762 5,292,961
Italy 27,652,174 27,656,082 27,584,582 27,588,501 27,555,834 27,560,747
Norway 2,871,688 2,874,802 2,867,499 2,870,621 2,864,272 2,868,191
Portugal 4,883,162 4,886,467 4,875,825 4,879,139 4,868,837 4,872,992
Singapore 1,878,652 1,881,636 1,877,321 1,880,313 1,874,615 1,878,371
Slovenia 1,018,375 1,021,132 1,016,657 1,019,422 1,015,789 1,019,255
Sweden 4,678,900 4,681,615 4,673,868 4,676,592 4,667,740 4,671,316
Taiwan 10,013,606 10,017,174 10,003,449 10,007,028 9,992,276 9,996,762
UAE 3,789,820 3,793,051 3,778,659 3,781,900 3,776,918 3,780,981
Abu Dhabi 1,287,067 1,289,943 1,284,517 1,287,402 1,283,668 1,287,284
Dubai 1,130,711 1,133,503 1,127,460 1,130,260 1,126,978 1,130,489
USA 186,008,472 186,013,054 185,660,940 185,665,535 185,473,713 185,479,473
Pooled 277,737,204 277,741,920 276,988,499 276,993,228 276,868,789 276,874,717
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Table 3 shows the Explained Common Variance for the bifactor model across the
countries and in the pooled data. The overview suggests that the general factor in the bifactor
model, across all the counties and in the pooled data, accounts for the highest proportion of the
variance while the specific factor for the nonlinear items have smaller ECVs. The ECVs of the
general factor are greater than .80 across all the countries and the ECVs of the specific factor
are smaller than the criteria of .45 set by Dueber and Toland (2023). This is evidence for a
strong general factor and weaker specific factors. In other words, the specific factor for the
electronic test mode (or nonlinear reading) accounts for a small percentage of the entire
variance in the item responses and the test is essentially unidimensional (Liaw et al., 2025).
The highest specific factor ECV and reliability was observed for Georgia and the lowest for
Singapore. This may be interpreted as the sharper distinctness between linear and nonlinear
reading in Georgia and an overlap of the two types of reading in Singapore. The differences in

countries may be explained by students’ computer familiarity back in 2016.

Table 3. Reliabilities, correlation, and explained common variance for the three models by

country
Unidimensional Correlated two-factor Bifactor (S-1)
model model model
Rg Ry Re Corns Rg Ry ECVs ECVx
Canada 912 .902 .844 .883 .861 425 0.894 .105
Denmark .899 .889 .829 .885 .846 439 0.891 .108
Georgia .891 .875 796 767 .807 .584 0.814 185
Ireland 903 .894 .851 919 .867 395 0.928 071
Israel 922 913 .870 .909 .881 415 0.921 .078
Italy .886 .874 791 .822 .800 .507 0.843 156
Norway .889 .878 .824 .890 .858 .389 0.921 .078
Portugal .892 .882 817 .874 .835 451 0.880 110
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Singapore 908 .902 .867 .942 .894 .360 0.950 .050

Slovenia .900 .889 831 .882 .849 429 0.896 .103
Sweden .893 .887 799 .876 .842 392 0.881 118
Taiwan .894 .886 .882 .900 .850 390 0.915 .084
UAE 927 917 872 .894 877 462 0.905 .094
Abu Dhabi 916 .906 .865 910 .875 403 0.920 .079
Dubai 926 916 .865 881 .870 474 0.894 .105
USA 910 900 .845 .887 .867 431 0.908 .091
Pooled .920 910 .853 .857 .855 .504 0.870 120

Note: R=reliability, ECV= explained common variance, Cor=correlation, subscripts

G=general factor, subscripts N=nonlinear/electronic factor, subscripts L= linear/paper factor.

Table 4 shows the means of the Rasch model item difficulty parameters for the two
sections of the test, i.e. electronic nonlinear items and paper-and-pencil linear items. It is
important to reiterate that the test items differ in content. As the table shows, the nonlinear
items are more difficult in most of the countries except for Sweden. A t-test was run to compare
the two means across the countries. We recommend caution in interpreting the differences in
difficulty between paper-based and computer-based tests, as variations in test content make it
impossible to separate administration mode from content effects. However, interestingly, the
mean differences vary considerably across countries: in all the countries (except for Sweden),
computer-based items are more challenging than the paper-based ones. The mean differences

were statistically significant for Georgia, Italy, Portugal, Slovenia, and Taiwan (p<.05).

Table 4. Mean item difficulty parameters for linear and nonlinear items by country

My M; Mn-M; t p
Canada -274 -618 .345 1.82 .07
Denmark -.537 -.643 .105 49 .61
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Georgia .644 128 515 2.58 .01

Ireland -.643 -1.010 366 1.75 .08
Israel -.220 -452 231 1.17 24
Italy -.130 -.796 .665 3.02 .00
Norway -.708 -951 242 1.11 26
Portugal .009 -461 470 1.99 .04
Singapore -.958 -1.216 257 1.31 .19
Slovenia -.009 -.689 .680 3.17 .00
Sweden -.564 -.488 -.076 -29 77
Taiwan -.295 -1.061 .766 3.50 .00
UAE .649 437 212 1.17 74
Abu Dhabi 1.079 901 178 .96 .33
Dubai -.098 -.395 297 1.60 11
USA -.498 -.654 156 .82 41
Pooled -.386 -.594 208 1.13 25

Note: Mrx= mean of nonlinear/electronic items; ML= mean of linear/paper items

Discussion

The emergence of new digital technologies has consequences for how we access,
consume, and interact with information. Unlike traditional linear forms of reading, where
content is presented in a fixed sequence, the digitization enables nonlinear reading through
the use of hypertext—a system that links various texts, media, and resources.

This shift from linear to nonlinear reading has encouraged reading researchers to
measure nonlinear reading ability alongside the traditional linear reading competence. PIRLS
2016 incorporated nonlinear reading into its assessment by launching the computer-based
ePIRLS. The ePIRLS simulated an interactive web environment with several texts connected
with hyperlinks, popups, and other graphical features to measure students’ ability in reading

nonlinear text.
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Summary of key findings

A major concern with these new developments is the psychometric dimensionality of
the reading tests composed of both linear and nonlinear texts and the equivalence of the
constructs measured by the two types of reading measures. This study aimed to examine the
psychometric distinctness and separability of linear versus nonlinear reading—that is, reading
hypertext compared to reading on paper. To achieve this, we used data from the 2016 cycle of
PIRLS and ePIRLS, which provided a large, cross-national sample of 4™ grade students who
completed both paper-based and digital assessments. This design allowed us to explore
potential mode and construct differences across countries. In this study, the dimensionality
was examined using bifactor IRT models. A unidimensional IRT model, a correlated two-
factor model, and a bifactor (S-1) IRT model was estimated and compared in terms of overall
fit, factor reliabilities, and the proportion of the variance they explain.
Findings showed that the bifactor (S-1) model which accounted for a general reading factor
along with a specific factor for electronic test mode (nonlinear) had the best fit. This pattern
was observed uniformly across all the 16 countries/benchmarking entities with very divergent
school systems and learning experiences and in the pooled data. This suggests that it is
plausible to assume that reading comprehension is composed of a general linear reading
factor along with a specific ability for reading nonlinear texts. This specific factor could be an
additional skill related to the ability to navigate and find information in online environments.
However, variations in reliabilities and ECVs for the specific factor across countries indicate
that the separability of the nonlinear reading factor varies across countries. Findings also
showed that the correlated two-factor model had a better fit compared to the unidimensional
model. This suggests that representing the data with two separate, but correlated factors is a
better representation than a unidimensional structure. Nevertheless, this conclusion is scaled

down when the factor correlations are examined. The correlations between paper-based linear
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and computer-based nonlinear reading ranged from .76 (Georgia) to .94 (Singapore) with a
mean of .88 (SD=.03). This finding suggests that the distinction between linear and nonlinear
varies across countries. A possible explanation is that computer familiarity might moderate
the correlation between linear reading on paper and nonlinear reading on the computer (Cho
et al., 2021). However, we could not test this hypothesis due to the absence of a computer
familiarity measure. Future research should explore this further, particularly in educational
systems where a digital gap exists. Additionally, differences across countries could be
influenced by variations in keyboard layouts and typing difficulty, as some languages require
different input methods. Bi et al. (2012) highlight the challenges posed by existing keyboard
layouts for different language users, suggesting that keyboard design could affect typing

performance and, potentially, digital reading tasks as well.

This study explored similarities and differences between paper-based linear and
computer-based nonlinear reading. Our findings, based on high ECVs (> .80) for the general
factor across all countries, indicates that general reading comprehension is fundamental for
both reading linear texts on paper and nonlinear texts on a computer. While our analyses
show fundamental similarities between linear and nonlinear reading, we also find notable
differences. The nonlinear factor for nonlinear items have ECVs ranging from .07 to .18 with
reliabilities ranging from .36 to .58, indicating that a portion of the variance in test
performance is not solely explained by general reading ability but also requires specific skills.
In the same vein, we found that computer-based nonlinear items are more difficult than
paper-based linear items in some countries and these differences amount to .50-.70 logit in
some countries. This could be an indication that the specific factorof nonlinear reading could
still be a relevant factor that affects performance. While these differences exist in some

countries but not in others is subject of future investigations.
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The better fit of the bifactor (S-1) model, the emergence of a group factor with
reliabilities as high as .50, and the differences in mean item difficulty parameters all suggest
that multidimensionality in these data cannot be ignored at least in some countries. Reflecting
on all the information and evidence would help us see the nuances and the complexity of a
construct and avoid falling in the trap of simplicity and reductionism which potentially leads
to oversimplified or incomplete theories. These findings are in line with Mahlow et al. (2020)
who compared the dimensionality of what they referred to as STC (single text
comprehension) and MDC (multiple documents comprehension). Their study showed that
while single text reading and multiple texts reading are separable, they are highly correlated
with a latent correlation coefficient of .84. They concluded that STC and MDC are distinct
constructs, suggesting that single-text and multiple-text reading scenarios place different
demands on readers. However, the strong correlation between these constructs suggests that
the core skills underlying the two types of readings are the same. The better fit of the bifactor
(S-1) model in this study supports Mahlow et al.’s conclusion.

Limitations

It is important to exercise caution when interpreting the findings of this study, as they
must be considered within the constraints imposed by both test mode and trait factor. As
previously outlined, nonlinear reading items were administered via computer, whereas linear
reading items were presented in a traditional paper-and-pencil format. Consequently, the factor
identified as the "nonlinear reading factor" may, in fact, reflect a test mode effect linked to
participants' familiarity with computers and computer-based assessments rather than an
inherent characteristic of nonlinear reading itself. In other words, the observed
multidimensionality may stem from differences in test administration modes (paper vs.
computer) rather than genuine distinctions between the cognitive processes involved in linear

and nonlinear reading. Given the structure of the data, it is not possible to definitively determine
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the precise nature of this factor. Future research employing a consistent test mode while varying
test constructs (linear vs. nonlinear) is necessary to establish whether nonlinear reading
constitutes a distinct construct from traditional linear reading.
Implications of the findings

The findings of the current study have several theoretical and practical implications. It
showed that linear and nonlinear reading tests measure an essentially unidimensional
construct but the nonlinear assessment introduces a notable secondary factor at least in some
countries. The findings of the present study promote more refined and accurate reading
theories that reflect the complexity of the construct, which can inform both research and
practice. It also highlights that learners may need targeted interventions for reading nonlinear
texts and helping educators design more focused instructional strategies. It also implies that
reading assessments should measure the ability to read nonlinear texts. That is, a more precise
test development that can offer richer, more diagnostic information about test-takers’ abilities
is required.

Our findings provide important insights into the role of general reading competence in
PIRLS assessments. We observe that general reading ability is the dominant factor in
measuring reading comprehension in both paper and digital PIRLS. This suggests that for
many research questions, such as those investigating the determinants of reading proficiency,
it may not be critical whether PIRLS assessments are administered on paper or digitally.
However, we caution against an uncritical merging of concepts when interpreting results
across formats.
Certain covariates of reading competence may interact differently with paper-based and
digital assessments. A possible example is familiarity with digital texts. Research suggests
that using digital devices for schoolwork, rather than leisure, is linked to better reading

performance in both formats (Grammatikopoulou et al., 2025). Moreover, children who
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engage with digital devices for educational purposes may perform better on digital reading
than paper-based reading. This suggests that while general reading ability remains the
primary factor, digital reading assessments may introduce additional influences that should

not be overlooked.

It is also important to acknowledge an alternative interpretation of our findings. While we
argue that nonlinear digital reading introduces additional skills related to navigation and
synthesis, it could equally be the case that linear paper-based reading places greater demands
on sustained memory, concentration, and the integration of longer continuous texts. In this
sense, the distinction we observe might not solely arise from digital reading requiring “extra”
skills, but from both modes tapping into partly different sets of cognitive resources.
Nevertheless, the empirical outcome remains the same: despite the dominance of a general
reading factor, linear and nonlinear assessments each capture unique aspects of

comprehension that warrant careful consideration in research and educational practice.

Finally, we advise caution when comparing reading scores over time, particularly between
older paper-based PIRLS cycles and newer digitally administered PIRLS cycles. Even small
differences in performance across cycles could be partially attributed to text linearity rather
than genuine shifts in reading ability. In PIRLS 2016, the computer-based ePIRLS test
components were administered for the first time alongside the traditional paper-based
assessments. However, the results were reported on separate scales, meaning that students
received one score based on the paper-based PIRLS test and another based on the digital
ePIRLS test. At the country level, significant differences emerged in students’ performances
between the two assessments, indicating that they measured different constructs. Despite this,
PIRLS 2021 combined the linear test items from PIRLS with the non-linear tasks from
ePIRLS into a single test score. However, in 2021, the linear PIRLS items were presented to
students on computer screens, ensuring that the mode of presentation was consistent across
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all test components. Future research should explore these potential text effects in greater

depth to ensure that longitudinal comparisons remain valid.
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