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b Unité de Recherche en Neurosciences Cognitives (Unescog), Center for Research in Cognition and Neurosciences (CRCN), Université Libre de Bruxelles (ULB), Belgium
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A B S T R A C T

Background: Narrative texts can support science comprehension. Yet, it remains unclear under which conditions 
they are beneficial.
Aims: We compared the comprehension benefits of science narrative versus expository texts across compre
hension levels and retention intervals and identified reader and activity characteristics predicting science 
comprehension.
Sample: A sample of 125 university students with low prior knowledge of the content of the texts volunteered to 
participate.
Methods: Participants read both a narrative and an expository text and then completed comprehension questions 
targeting different levels of comprehension. The contents were related to math or chemistry. Participants 
completed the comprehension items on that session, and one week after reading the texts. We also assessed 
participants' pre-reading perceived prior knowledge of the science topics and their post-reading perceptions of 
the texts’ difficulty and interest.
Results: Comprehension scores were higher for the narrative than for the expository text only with the chemistry 
topic, at all comprehension levels. Scores were higher in immediate comprehension assessments than in delayed 
assessments. Exploratory analyses suggest that narrative texts support comprehension in part by increasing 
perceived interest and lowering perceived difficulty.
Conclusion: The narrative advantage was specific to the less familiar content, boosting comprehension across all 
levels of representation, partly by reducing perceived difficulty and increasing interest — underscoring the 
importance of aligning text type with learners' prior knowledge and task demands.
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1. Introduction

Science education has a multifold nature which encompasses the 
understanding of science concepts and processes, coping with challenges 
in everyday life, preparing students for careers in science, and fostering 
informed participation in society (Stuckey et al., 2013).

Narrative materials combine elements from everyday life with sci
entific concepts and processes. As such, they have been proposed as a 
useful text type to make science meaningful and understandable for 
learners (e.g., Bruner, 1996; Golke et al., 2019; Zabel & Averdunk, 
2024). Teaching science with narrative texts can yield better results 
than relying on conventional expository texts, but evidence is mixed and 
seemingly dependent on the specific conditions in which it is applied (e. 
g., Dinsmore et al., 2017; Golke & Wittwer, 2024; Hong & Lin-Siegler, 
2012; Maley & Seyedi, 2022; Tobler et al., 2025; Wolfe & Mienko, 
2007; for a review, see Soares et al., 2023). To better understand 
these conditions, it is crucial to examine the psychological processes and 
the reader, text, and activity characteristics underlying comprehension. 
These can reveal how and why narrative texts help (or fail to help) sci
ence comprehension under specific conditions, thereby enabling the 
design of science materials that deliberately leverage the respective 
advantages of narrative and expository texts.

Existing research has prioritized comprehension outcomes over the 
processes and characteristics that drive them (Soares et al., 2023). The 
present study addresses this asymmetry by examining science compre
hension at different representational levels and retention intervals, 
using a theory-driven framework that integrates reader, text, and ac
tivity variables (Dinsmore et al., 2017; Soares et al., 2023). We also 
examined whether reader and activity characteristics predicted 
comprehension.

1.1. The case for narrative in science education

Expository materials and discourse have been the backbone of sci
ence education (Avraamidou & Osborne, 2009). Scientific ideas are 
often unfamiliar and counterintuitive for novices (e.g., Browning & 
Hohenstein, 2015). In expository texts, they are structured according 
to concepts or themes and their relations (e.g., Meyer, 1975). However, 
this removes them from their human and cultural context (e.g., Chappell 
& Varelas, 2020), often resulting in technical and dense texts (e.g., 
Plavén-Sigray et al., 2017; Snow, 2002).

In contrast, narration is a cross-cultural activity (Bruner, 1986) in 
which information is structured in sequences of temporally and causally 
linked actions and events (e.g., Adam, 2011). Bruner (1986) distin
guished between this narrative mode and the paradigmatic mode, built 
on general laws based on logic and abstract reasoning.

Although these modes are complementary (Bruner, 1986), narration 
plays a key role in making sense of the world and remembering infor
mation (Bruner, 1996; Newkirk, 2014). Narrative features, such as 
chronological or causal framing, aid comprehension (e.g., Bolkan et al., 
2020); simultaneously, the presence of human agents promotes 
engagement (e.g., Kubli, 2005) and makes narrative texts memorable 
(Hong & Lin-Siegler, 2012; Schank & Berman, 2002).

Following Brunauer's proposal of a narrative and a paradigmatic 
mode (Bruner, 1986), Dahlstrom (2014) argued that narratives can be 
used with non-expert adults for informational purposes. Bruner himself 
(1996) argued that the narrative mode, being more intrinsic to the 
human mind, can be useful at any age. This is an enticing idea, as 
narrative texts tend to be more common among younger students, who, 
by the time they reach university, have been exposed mainly to expos
itory texts and have developed corresponding reading strategies (Kloser, 
2013). This issue also connects back to calls for greater flexibility in 
science textual materials (e.g., Webb, 2010).

These claims supported our focus on university students. However, 
we also draw on studies with younger students whenever relevant.

1.2. Beyond outcomes, A multi-feature approach

In the present study, science comprehension refers to readers' ability 
to construct a coherent mental representation of the ideas expressed in 
science texts (Kintsch & Mangalath, 2010; Snow, 2002). This goes 
beyond decoding to encompass connecting concepts, inferring causal 
and mechanistic relations, and integrating text with existing scientific 
knowledge.

In the context of science comprehension, some authors have argued 
that science education should deliberately integrate literacy practices 
into science instruction and materials. These literacy practices include 
reading, writing, discussion, and argumentation (e.g., (Morais & 
Kolinsky, 2016)). In addition, this integration should involve working 
with a wider range of science text types rather than relying solely on 
traditional expository textbooks (e.g., May et al., 2020). Such an inte
gration is essential, as science texts are conceptually and linguistically 
complex and require specialized vocabulary, causal reasoning, evidence 
evaluation and active knowledge construction (e.g., Kintsch & 
Mangalath, 2010; McNamara et al., 1996; Morais & Kolinsky, 2016). 
LiterFollowing Brunauer's proposal of a narrative and a paradigmatic 
mode (Bruner, 1986), Dahlstrom (2014) argued that narratives can be 
used with non-expert adults for informational purposes. Brunauer 
himself (1996) argued that the narrative mode, being more intrinsic to 
the human mind, can be useful at any age. This is an enticing idea, as 
narrative texts tend to be more common among younger students, who, 
by the time they reach university, have been exposed mainly to expos
itory texts and have developed corresponding reading strategies (Kloser, 
2013). This issue also connects back to calls for greater flexibility in 
science textual materials (e.g., (Webb, 2010).acy practices systemati
cally develop these abilities by fostering decoding, vocabulary growth, 
inferencing, and strategic processing (e.g., Barth et al., 2014; Spencer 
et al., 2019). Moreover, textual variety trains flexibility and 
genre-specific reading strategies. An example is handling different 
cohesion patterns and discourse structures, which, in turn, enables more 
active and deeper construction of knowledge (e.g., Kulesz et al., 2016; 
McNamara et al., 1996).

The construction-integration model (Kintsch, 1998) is widely 
recognized and extensively applied in text and discourse comprehension 
research across cognitive psychology, education, and computational 
modeling (Graesser et al., 2011; McNamara & Magliano, 2009; Goldman 
et al., 2016). It has been used to investigate comprehension of both 
narrative and expository texts (e.g., Neri et al., 2023; Zhang et al., 2023).

According to this model, comprehension involves two processes, 
assumed to be dynamic and iterative: constructing (i.e., representing 
meanings) and integrating (creating a coherent representation) meaning 
from text. In the construction of a rough draft, everything related to each 
sentence is automatically activated and retrieved, such as text meaning, 
prior knowledge, and context. Integration acts like a selection mecha
nism: strongly connected ideas are more activated, reinforce each other, 
and are maintained, while less connected ideas (peripheral, weak or 
irrelevant) fade away, leaving a clear mental representation.

The model also assumes three levels of representation, each sup
ported by distinct cognitive processes. The surface level encodes literal 
wording and syntax (via lexical access and syntactic parsing) and is 
assumed to minimally contribute to understanding (McNamara & 
Magliano, 2009). The textbase level constructs an explicit representa
tion of the text meaning supported by processes such as local coherence 
inferencing and explicit meaning integration. This is done via a network 
of propositions – complete ideas that are interrelated and based on 
words, syntactic relationships, and cohesion-related inference genera
tion (Kintsch, 1998). These idea units are organized into larger meaning 
units according to global topics and their interrelationships, that link 
larger portions of the text. At the level of the situation model, proposi
tions are further elaborated and integrated with readers' long-term 
memory – such as prior science knowledge – to form a coherent 
mental representation of the phenomena described. This is supported by 
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knowledge retrieval and global coherence inferencing.
The textbase representation is usually assessed by literal recall, 

paraphrasing, and low-level inferencing, whereas the situation model 
assessment relies on higher level inferencing and transfer (Ferstl, 2001; 
Kintsch, 1994). Although Kintsch's model (1988) does not make text 
type-based specific predictions, some studies have investigated differ
ences between levels of representation using science narrative texts and 
expository texts.

Zwaan and collaborators (e.g., Zwaan & Radvansky, 1998) deeply 
investigated situational models in narrative texts and discuss how they 
enable rich, multidimensional models (time, space, causation, motiva
tion, protagonist). Wolfe and Woodwyk (2010) found that, among uni
versity students, narrative texts promoted a stronger textbase 
representation by directing the focus to the chronology of events 
(d = 0.4). However, expository texts provided a better situation model 
than narrative texts by facilitating connections between new informa
tion and prior knowledge (d = 0.4). Yet, Wannagat et al. (2022) found 
null results regarding the relative effectiveness of narrative and expos
itory texts for textbase and situation models in elementary school stu
dents (both r = 0.03). In an effort to highlight the underlying processes, 
Arya and Maul (2012) proposed different levels of comprehension based 
on the construction-integration model but did not include them as a 
factor in their analysis of middle school students.

Considering different levels of comprehension can yield important 
insights for understanding comprehension outcomes, as they are sup
ported by different cognitive processes. Findings in this area have been 
mixed (Soares et al., 2023). In general, however, there is evidence that 
narrative texts may benefit comprehension across different educational 
and comprehension levels (Arya & Maul, 2012; Browning & Hohenstein, 
2015; Dinsmore et al., 2017; Hadzigeorgiou et al., 2012; Hong & 
Lin-Siegler, 2012; Tobler et al., 2025; see Soares et al., 2023; Tobler 
et al., 2024 for reviews). Among university students, it has been found 
that biology students benefited from narrative texts in items measuring 
transfer of knowledge (i.e., open questions measuring students’ ability 
to transfer the learned knowledge to new contexts; d = 0.46) on enzyme 
energetics and molecular stochasticity (Tobler et al., 2025). Narrative 
texts also promoted knowledge complexity (i.e., conscious reflection on 
science evidence; pη2 = 0.14) on genetically modified organisms 
(Dinsmore et al., 2017). Both transfer and knowledge complexity pertain 
to the situational model level of representation.

However, other studies have failed to find a narrative comprehension 
advantage among university students, observing no differences or even 
worse performance with narrative texts on biology topics (Golke et al., 
2019; Golke & Wittwer, 2024; Maley & Seyedi, 2022; Wolfe & 
Mienko, 2007) and technical and natural processes (Maley & Seyedi, 
2022). For instance, Golke and Wittwer (2024) found that comprehen
sion was significantly higher with the expository text when reading 
about hormones and blood circulation (pη2 = 0.14).

Studies have also investigated retention measures, which give in
formation on both initial encoding and the durability of memory traces 
(American Psychological Association, 2018; Kintsch & Mangalath, 
2010). Textbase representations decay more quickly than situation 
models, and differences in how readers construct meaning in working 
memory also shape what is retained over the long term (Kintsch & 
Mangalath, 2010).

One study using recall tasks found a narrative advantage primarily at 
the textbase level: narrative introductions on biological, technical, or 
natural processes were better recalled than expository ones among 
university students (Mensink et al., 2021; η2 = 0.06). In Negrete and 
Lartigue (2010), the expository group outperformed the narrative 
group on several immediate memory tasks for both the Crabs (biology) 
and Nitrogen (chemistry) texts, but the gap narrowed at the delayed test. 

For Crabs, the second-session differences were small to moderate across 
retell, identify, recall, and context, with the factual group still ahead on 
identify and recall. In Nitrogen, the narrative group did better on 
identify but the factual group retained an edge on recall and context.8

Studies that used broader comprehension measures give a more 
mixed picture, but they do not always separate recall from deeper 
comprehension, so they cannot be cleanly classified by representational 
level. Even so, these studies found narrative advantages in both imme
diate and delayed assessment (Arya & Maul, 2012, immediate assess
ment of Galilean telescope: d = 0.17; delayed assessment of both 
Galilean telescope and radioactivity: d = 0.95; Hadzigeorgiou et al., 
2012, immediate assessment of Nikola Tesla's story: d = 1.31, delayed 
assessment of Nikola Tesla's story: d = 1.72). Another study found 
narrative benefits for recall at the delayed assessment – students who 
read about scientists' struggles showed better recall and complex prob
lem solving of physics' topics than those who read the expository version 
(Hong & Lin-Siegler, 2012; d = 0.9). Others found no differences be
tween text types in immediate assessments of recall: Arya and Maul 
(2012; radioactivity topic: d = 0.17) and Wannagat et al., 2022
(various science topics; 2022; r = 0.03) for younger students and Wolfe 
and Mienko (2007; circulation system: d = 0.27) for undergraduates.

Whereas the construction-integration model specifies the cognitive 
architecture of comprehension, the RAND Reading Study Group 
framework (Snow, 2002), contextualizes it – mapping the reader, text, 
and activity variables that jointly determine comprehension outcomes. 
RAND is also an extensively used model (Kendeou et al., 2014; 
McNamara, 2010). Akin to the construction-integration model, reading 
comprehension is conceptualized as “the process of simultaneously 
extracting and constructing meaning through interaction and involve
ment with written language” (Snow, 2002, p. xiii). Achieving this 
comprehension is understood as a long-term developmental process, 
which culminates in proficient readers able to read varied materials for 
varied purposes with ease and interest, even when materials are not 
considered particularly easy or interesting.

RAND frames comprehension as a dynamic interaction between 
three factors: the reader, the text, and the activity. The reader brings to 
the table their cognitive abilities (e.g., memory, inferencing), motiva
tion (e.g., interest, need for cognition), knowledge (linguistic, topic, 
comprehension strategies), and experiences. These can present inter- 
individual differences as well as intra-individual differences (e.g., with 
different texts or activities). Research has shown that these character
istics can influence comprehension, yet how to enhance them during 
instruction is less well understood (Snow, 2002). Every text has specific 
features which may impact comprehension processes: differing struc
tures (e.g., temporal, conceptual), text types (e.g., narrative, expository) 
and contents (e.g., imaginary realms, scientific). Texts also vary in 
cohesion and coherence levels (McNamara et al., 2010).

It is important for educators to acknowledge these features and know 
how to apply (text features) or engage (reader features) them in specific 
activities. The activity concerns the purposes or tasks, the operations 
that sustain text processing, and the outcomes of that activity. Purposes 
can be multifold (e.g., entertainment, learning, passing time) and can 
change throughout reading. The cognitive operations refer to the pro
cesses that, according to Kintsch and Mangalath (2010), support the 
three levels of representation (e.g., decoding the text, inferencing, 
integration, and retention). The extent to which these processes are 
involved is highly dependent on reader and text features, which can 
make the text content more or less difficult or more or less novel. Out
comes may include satisfying curiosity, solving problems, increasing 
knowledge, and fostering emotional engagement, and they may not al
ways match the initial purpose. While learning outcomes guide 
instructional design, the comprehension processes that drive them 

8 Because the paper reports only summary percentages and standard de
viations, any effect-size estimate is approximate.
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remain underexplored. One example is precisely how text type affects 
textbase and situation-model construction.

Reader, text and activity are further embedded in a wider sociocul
tural context – shaped by values, socioeconomic background, and his
torical experience – which, while beyond the scope of the present study, 
forms part of the full RAND model (Snow, 2002).

Several studies have reviewed reader variables and text variables in 
general narrative texts (vs. expository texts). . The reviewed variables 
include, respectively, decoding, working memory (Hannon, 2022) and 
prior knowledge (Mar et al., 2021), and text length and difficulty 
(Hannon, 2022; Mar et al., 2021). However, evidence concerning sci
ence narrative texts remains sparse.

Some research looked at the impact of text, reader, and activity 
features when learning science from narrative and expository texts. 
Particularly of interest to the present study are studies that included 
personal, historical and/or a discovery element to the narratives; these 
seem to be particularly helpful for science comprehension among both 
middle school students (Arya & Maul, 2012; Hadzigeorgiou et al., 2012) 
and high school students (Hong & Lin-Siegler, 2012). As aforemen
tioned, narrative texts featuring scientists' struggles during their scien
tific work led to better performance not only compared with expository 
texts (d = 0.9; Hong & Lin-Siegler, 2012) but also compared with 
narrative texts describing only the scientists' achievements (d = 0.81). 
Adding features such as a sense of wonder and the questioning of con
ventions to the description of a scientist's achievements also led to better 
results than simply presenting the scientific content (d = 1.72; 
Hadzigeorgiou et al., 2012). Finally, focusing on the discovery aspect of 
science topics also proved useful for understanding scientific content 
(Arya & Maul, 2012; d = 0.43 and d = 0.17).

Still concerning the text factor, different scientific information may 
yield different comprehension outcomes, even within the same study 
(Arya & Maul, 2012; Cervetti et al., 2009; Hong & Lin-Siegler, 2012). 
For instance, for the topic of radioactivity, Arya and Maul (2012) found 
significant differences between the narrative and expository texts only at 
the one-week delayed assessment, whereas for the topic Galilean tele
scope differences were found both in immediate and delayed 
assessments.

Regarding reader features, studies have mostly examined the role 
that prior science knowledge plays in the comprehension of narrative 
and expository texts (e.g., Tobler et al., 2022; Tobler et al., 2025; Wolfe 
& Mienko, 2007; Wolfe & Woodwyk, 2010). Prior science knowledge is 
linked to the level of novelty and difficulty students feel while reading a 
text. Studies with university students tend to conclude that students with 
lower prior knowledge benefit more from the narrative version (Tobler 
et al., 2025; Wolfe & Mienko, 2007; Wolfe & Woodwyk, 2010). Wolfe 
and Woodwyk (2010) found a positive correlation between prior 
knowledge and learning from the expository text (r = .44; see Browning 
& Hohenstein, 2015 for younger students and Tobler et al., 2022 for the 
opposite result with university students). In contrast, students' own 
perceptions of their prior knowledge – how knowledgeable they feel 
before reading – have not been systematically examined in the narrati
ve–expository science literature. And yet, they are theoretically impor
tant as metacognitive indicators of knowledge availability and task 
readiness (Hattan, Alexander, & Lupo, 2023; Thiede et al., 2003).

Affective aspects, such as interest, are crucial in science education (e. 
g., Fredricks et al., 2018). Authors have consistently suggested that 
narratives have a positive effect on students' affective dispositions (e.g., 
Avraamidou & Osborne, 2009; Bruner, 1986; Norris et al., 2005). Yet, as 
regards science narrative texts, this effect is sometimes observed (e.g., 
Golke & Wittwer, 2024; Hong & Lin-Siegler, 2012), but is inconsistent 
(e.g., Cervetti et al., 2009; see the review by Mar et al., 2021; for nar
ratives in general).

Moreover, affective variables tend to be examined as an outcome 
rather than as a characteristic contributing to comprehension outcomes. 
Still, there is some evidence for such a relationship as regards science 
narrative texts. A positive correlation between interest in science 

materials and their comprehension has been observed (R2 = 0.61; Reuer, 
2012). A mediation of situational interest (including aspects like need 
for cognition, need for affect, and individual interest) in the effect of text 
type on science understanding was also reported (β = 0.10, b = 1.96, 
SE = 0.88, 95% CI [0.41, 3.87]; Golke & Wittwer, 2024). These exam
ples tapped into interest elicited by the text which, rather than reflecting 
a stable reader characteristic, operates here as part of the activity 
feature. This is because it emerges from the processing of the specific text 
during the task. Ease of reading, a proxy for subjective text difficulty, is 
another activity feature examined in one study on science narrative texts 
(Cervetti et al., 2009).

Drawing on the RAND framework and the construction-integration 
model, we propose that a multi-factor lens can reveal the conditions 
under which specific narrative texts benefit science comprehension. In 
the present study, this lens encompasses representational level, reten
tion interval, perceived prior knowledge, text difficulty, and interest in 
the text. Such an approach may reveal specific narrative effects that 
emerge under particular configurations of these characteristics.

1.3. The current study

We set out to answer three main research questions and a fourth 
exploratory one: 1) To what extent do narrative texts – specifically those 
featuring human agents doing science in a historical context – benefit 
science comprehension compared to expository texts?; 2) Is the differ
ence between narrative and expository texts more pronounced at more 
complex levels of representation?; 3) To what extent are narrative vs. 
expository texts effective at promoting delayed retention?; and 4) Do 
reader and activity characteristics (such as perceived pre-reading prior 
knowledge, and post-reading text difficulty and interest in the text) 
predict science comprehension from different text types?

Following Soares and collaborators (2023), we framed the variables 
according to the features of the comprehension process proposed by 
RAND, namely characteristics of the text (expository vs. narrative with 
scientists doing science), of the reader (perceived prior knowledge) and 
of the activity (levels of comprehension, retention interval, difficulty, 
interest). We based our understanding of different levels of compre
hension and their retention over time on the construction-integration 
model, which is shared by the RAND framework.

To investigate our research questions, we compared how university 
students understood science contents from a narrative text and a more 
conventional expository text. To ensure that each participant would read 
a text of each type, we created texts on two different science topics. 
Crucially, the different text types (narrative vs. expository) on a given 
topic presented the same contents. Beyond this methodological 
requirement, this diversity is also theoretically relevant, as the literature 
has shown that different topics may yield different results (Arya & Maul, 
2012; Cervetti et al., 2009).

Whereas most previous studies took place in schools, our context was 
the laboratory. Conducting the study in a controlled laboratory setting 
enabled precise isolation of text-type effects, independent of curriculum 
demands, teacher influence, or peer dynamics that characterize natu
ralistic classroom research. As participation is voluntary, students may 
also have been more motivated. Such an approach can reveal baseline 
conclusions for adult science comprehension, establishing causal 
mechanisms before designing practices and applying them in educa
tional settings.

As regards our theoretical background, it is not clear whether young 
adults would benefit more from the narrative or the expository text. On 
the one hand, they have learned to read expository texts and developed 
corresponding strategies, so expository texts may facilitate integration 
with prior knowledge (Kintsch, 1988; Snow, 2002; Wolfe & Woodwyk, 
2010). On the other hand, we selected our sample to ensure that prior 
knowledge of the presented topics was very low. It is therefore possible 
that narrative texts provide an advantage at both the textbase (Wolfe & 
Woodwyk, 2010) and situation-model levels, as they have the potential 
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to generate richer situation models (Zwaan & Radvansky, 1998).
The reviewed literature on comprehension points in the same di

rection, be it with university students (Dinsmore et al., 2017; Tobler 
et al., 2025; Wolfe & Woodwyk, 2010) or younger students, but using 
similar paradigms (Arya & Maul, 2012; Cervetti et al., 2009) or text 
features (Arya & Maul, 2012; Hong & Lin-Siegler, 2012). Thus, we ex
pected the narrative text to yield better comprehension than the 
expository text for at least one of the science topics, especially in 
questions targeting the situation level and its intersection with the 
textbase level.

Narrative texts’ causal/temporal structure can both aid proposition 
linking at the textbase level (Wolfe & Mienko, 2007) as well as building 
richer and more coherent situation models (Zwaan & Radvansky, 1998). 
Drawing on this rationale and similar studies, we expected information 
to be more integrated and consolidated with narrative texts than 
expository texts after a week (Arya & Maul, 2012; Hong & Lin-Siegler, 
2012).

Finally, we formulated some exploratory hypotheses concerning 
selected reader and activity characteristics. First, we expected pre- 
reading perceptions of knowledge (reader feature) to predict compre
hension. This relationship might vary across science topics, with par
ticipants who perceive themselves as having lower prior knowledge 
benefiting more from the narrative version (Negrete & Lartigue, 2010; 
Tobler et al., 2025; Wolfe & Mienko, 2007). Second, we expected 
post-reading evaluations of difficulty of the text and interest (activity 
features) to help explain a potential narrative advantage and, possibly, a 
topic-related advantage. The RAND framework proposes that compre
hension emerges from dynamic interactions between the reader, the 
text, and the activity. Accordingly, perceived cognitive demands of the 
task (e.g., difficulty) and motivational responses (e.g., interest) to texts 
should relate differently to actual understanding depending on the 
reader's prior knowledge and the characteristics of the text.

We expected narrative texts to be considered more interesting and 
less difficult, although the literature on this issue is mixed (e.g., Cervetti 
et al., 2009; Hong & Lin-Siegler, 2012; Reuer, 2012). By treating these 
three variables as subjective perceptions that may shape or reflect the 
unfolding of comprehension, we aim to help fill a gap in the literature 
concerning the processes underlying the comprehension of narrative 
science texts.

2. Method

2.1. Design and participants

The experiment employed a 2 (text type: narrative texts vs. expository 
texts) × 2 (topic: chemistry vs. math content) × 2 (session: 1 vs. 2) × 4 
(comprehension level: L1–L4) factorial design. The dependent variable 
was the comprehension score. Text type, session, and comprehension level 
were manipulated within participants. The expository text condition 
served as the control condition. The different text types presented the 
same content.

Sample size was informed by a power analysis using G*Power (Faul 
et al., 2009). We conducted an a priori power analysis for linear multiple 
regression model (random model) with six predictors – text type, topic, 
item level, session, text order; item set order – targeting 80% of power 
with a small to medium effect size (ρ2 = 0.13). Although the recom
mended sample size was 101 participants, we recruited a larger sample, 
to make it more robust to attrition (dropouts and excluded participants). 
Results were not analyzed until all data was collected.

A total of 143 university students from different universities and 
fields took part in the study. Participants were recruited through two 
universities’ study participation reward system and by flyers. Inclusion 
criteria were the following: being undergraduates, postgraduates, or 
Master students; not being enrolled in courses where chemistry, physics, 
biology, or history of math were core topics; being native speakers of 
European Portuguese; not having a diagnosed language or 

developmental disorder; completing both sessions.
For data analyses, we removed one participant who had a develop

ment disorder, five for problems in data collection or recording, two 
because of fundamental concerns regarding their comprehension of the 
texts, and 10 who did not complete the second session. The final sample 
included 125 participants (90 women, 35 men) aged from 18 to 25 years 
(Mage = 21 years; SD = 1.75; see Table S1 for socioeconomic informa
tion). Most participants (75%) had a low to moderate level of formal 
contact with exact and natural sciences, as determined by their chosen 
academic tracks in secondary school and university (see Table S2). This 
proportion targeted low-knowledgeable students on the evaluated topics 
(e.g., Prins et al., 2017) while ensuring some level of variability to avoid 
a floor effect.

2.2. Materials

2.2.1. Designing Principles
Across three pilot studies, material design was refined together with 

experts in text linguistics and science, using both quantitative (see FS1 
and Table S5) and qualitative (Table S4 and Fig. S2) analyses (for a 
detailed account, see subsection S1.2, pp. 3-22, of the Supplementary 
Materials).

In line with text linguistic models (e.g., Adam, 2011), expository 
texts were structured around conceptual relations, conveying contents 
in an abstract manner, whereas narrative texts were temporally struc
tured, embedding scientific reasoning within the sequence of actions (i. 
e., Pasteur's experiments; Leonardo Pisano's notation work). Narrative 
and science components were tightly integrated to ensure comprehen
sion was mediated by the narrative frame, with as few fictional elements 
as possible. Other criteria used in the development of the texts included: 
avoiding non-essential details, balancing the quantity and the 
complexity of contents, and making clear which ideas were central and 
how they were connected (see Table S3).

Despite the necessary differences between text types, we ensured 
textual equivalence across them. Namely, additional narrative infor
mation was matched by expository-congruent information, such as in- 
text citations, to ensure equal length, and texts were balanced in a set 
of psycholinguistic parameters (e.g., number of words, sentence length, 
frequency; see Table 1). Pilot ratings based on relevant literature (Arya 
& Maul, 2012; Limpo et al., 2014) confirmed that, in terms of text type, 
narrative texts were generally judged clearer, more globally coherent 
and interesting, and less difficult than expository texts (see Table 2; see 
Appendix A and Table A1 for more criteria). In terms of science topic, 
math texts were rated more familiar, easier and more interesting than 
chemistry texts; see Table 3).

Regarding the comprehension items that measure our main 
dependent variable, they were designed to cover a set of comprehen
sion levels using simple and direct sentences. This was important, as 
participants would give their responses after a first quick approach to 
these novel science contents. Four levels of comprehension items (L1 – 
L4) were developed by aligning item demands with levels of repre
sentation from the construction-integration model (Kintsch, 1998; see 
Arya & Maul, 2012 for a related approach). Item format (L1 – L4) 
varied to match the cognitive demands of each representation type to 
isolate specific processes. L1 items used direct, verbatim prompts to 
isolate surface-textbase access, avoiding inference demands. L2 items 
assessed a higher textbase level via multiple-choice to promote basic 
connections of low-level inferencing. Both L3 and L4 were open-ended. 
L3 items assessed the interface between levels of representation, as 
they targeted understanding and explaining key conceptual ideas (both 
meaning and integration based). L4 items asked participants to transfer 
and apply these key ideas to novel contexts, targeting the situation 
model level (Ferstl, 2001; Kintsch, 1994). By administering them both 
immediately and after a delay, we were able to assess retention over 
time.

Texts and comprehension items underwent independent evaluation 
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by science and linguistics experts based on the final criteria for devel
oping the materials (see Table S3 of the Supplementary Materials).

2.2.2. Texts
The following concerns the “text” component of the RAND frame

work. Two pairs of texts (chemistry and math, each in an expository and 
narrative version) were developed. The chemistry texts dealt with the 
concept of molecular chirality, explaining that some crystals have the 
same molecular composition yet different molecular structures, and 
describing the methods used to examine these parameters. Math texts 
dealt with mathematical notation, describing three different notations in 
terms of representation of quantities and basic arithmetic, with a 
particular focus on their challenging and advantageous aspects. The 
science topics selected for the texts should not be taken as representative 

of their broader fields. Full texts and English translations are available at 
https://osf.io/jr89m/overview?view_only = 04bd14106be74371afce 
cd9d9a024287; excerpts are provided in Table 4.

2.2.3. Comprehension items
The comprehension items (item levels and retention interval of 

application) pertain to the cognitive operations underlying compre
hension, and hence are part of the “activity” element of the RAND 
framework. For each topic, two sets of different but equivalent items 
(one for each session) were created following the construction- 

Table 1 
Values and Averages and Standard Deviations (When Possible) of the Psycholinguistic Parameters Controlled for.

Text N WRD N SNT N PAR N WRD/SNT WRD LNT WRD FREQ N SUB PAR

M SD M SD M SD M SD

Math NT 785 25 6 31.96 9.81 5.31 3.22 2.70 1.42 15.83 5.42
Math ET 780 26 6 30.31 9.88 5.21 3.37 2.78 1.39 7.33 4.93
Chemistry NT 785 27 7 29.04 12.13 5.34 3.12 2.62 1.50 11.0 3.79
Chemistry ET 783 24 7 32.92 12.27 5.36 3.28 2.67 1.45 8.71 3.50
​ F(3, 2840) = 1.35, p = .257 F(3, 3113) = 0.33, p = .807 F(3, 98) = 1.62, p = .605 F(3, 22) = 4.36, p = .015

Note. N WRD: number of words, N SNT: number of sentences, N PAR: number of paragraphs; N WRD/SNT: number of words per sentence; WRD LNT: word length; WRD 
FREQ: word frequency; N SUB PAR: number of subordinate clauses per paragraph; NT: narrative text; ET: expository text. The respective count, or mean and standard 
deviation, values are presented. There were no differences in word frequency, word length, and number of words per sentence (all p's > 0.257). The math narrative text 
had significantly more subordinate clauses (M = 15.83, SD = 5.42) than both the math expository text (M = 7.33, SD = 4.93, p = .02) and the chemistry expository text 
(M = 8.71, SD = 3.5, p = .05); this is likely because many conjunctions that introduce subordinate clauses (e.g., if, that, however, because, in order to, though) were 
inserted to present arithmetic procedures from Leonardo Pisano's point of view.

Table 2 
Averages (and Standard Deviations) of Part of the Post-Reading Evaluations 
Made by Participants of each Text Type Read.

Parameter Question NT ET t

M SD M SD

Clarity On a scale of 1 
(not clear at all) 
to 5 (very clear) 
please rate how 
clearly the 
contents were 
presented

3.88 0.93 3.44 1 3.6 ***

Comprehension 
difficulty

On a scale of 1 
(not difficult at 
all) to 5 (very 
difficult) please 
rate how 
difficult it was 
for you to 
understand the 
text

2.61 1.05 3.06 1.12 − 3.12 **

Interest On a scale of 1 
(not interesting 
at all) to 5 (very 
interesting) 
please rate how 
interesting you 
found the text

3.39 1.21 2.84 1.18 2.9 ***

Global 
Coherence 
(text as a 
whole)

On a scale of 1 
(totally 
fragmented) to 5 
(totally 
integrated) 
please rate the 
extent to which 
you felt that the 
text was a 
unified whole

4.13 0.90 3.73 0.99 3.29 **

Note. The df were 123. ET = expository text, NT = narrative text.

Table 3 
Participants’ Ratings of the Post-Reading Perceived Difficulty and Novelty of 
each Text they Read, as Well as of Their Pre-Reading Perceived Prior Science 
Knowledge.

Measure Chemistry 
texts

Math texts t

M SD M SD

Level of difficulty of the text 
(evaluation scale)

3.04 1.16 2.62 1.01 − 2.91 **

Novelty of the text (evaluation 
scale)

4.45 0.88 3.54 0.92 − 7.71 ***

Perceived prior knowledge on the 
text's contents

1.10 0.39 1.82 1.13 − 14.3 ***

Interest in the text 2.96 1.24 3.27 1.19 2.10 *

Note. The df were 124. These measures were evaluated on 5-point increasing 
scales.

Table 4 
Excerpts of each of the used texts.

Text Excerpt

Chemistry 
ET

Different methods can be used to study organic compounds (Clayden 
et al., 2012). Chemical composition can be determined by 
calculating the atomic weight of the molecules that make up the 
crystals of the compounds, as well as by analyzing the solubility level 
of crystals when dissolved in a liquid solution.

Chemistry 
NT

Louis used different methods to study these organic compounds: 
First, he calculated the atomic weight of the molecules that made up 
the crystals and wrote down the values on his notebook. Next, he 
dissolved the crystals in a liquid solution, to compare their solubility, 
and wrote down the values as well.

Math ET Following this logic, each column represents a value 60 times higher 
than the one that precedes it, rendering the position in which 
symbols appear, along with their value, paramount to determine the 
represented quantities.

Math NT Because each column's value was 60 times higher than the one that 
preceded it, when Leonardo used the Babylonian notation, he had to 
consider not only the value of the symbol but also the position in 
which he placed it, for the represented quantities differ drastically.

Note. ET = expository text, NT = narrative text. Each text had one and a half 
pages. The original texts and their English translations can be found at https://os 
f.io/jr89m/overview?view_only=04bd14106be74371afcecd9d9a024287.
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integration model (see Table 5 for examples). These were applied right 
after the reading of the texts and one week later.

2.2.4. Tasks measuring Reader's characteristics
Participants completed a set of tasks directed at reader and activity 

features (see the complete set of tasks in https://osf.io/jr89m 
/overview?view_only=04bd14106be74371afcecd9d9a024287). The 
focal tasks pertained to knowledge (perceived prior knowledge) and 
activity (difficulty, interest).

Participants' perceived prior science knowledge was assessed with a 
questionnaire in which participants rated 30 science topics (including 
the ones from the texts) on a 5-point scale. The scale ranged from not 
knowing anything at all to being able to make elaborate applied anal
ysis. Five of these topics pertained to the contents of the chemistry text, 
five to the contents of the math text, and the remaining to one of the 
following topics: general chemistry (4), math (4), biology (4), physics 
(4), and astronomy (4). General topics were taken from science books. 
Mixing the texts' topics with general science topics had the double 
purpose of getting a sense of participants' general knowledge about 
science and avoiding calling attention to the texts’ topics. Such a ques
tionnaire naturally evaluates perceived prior science knowledge, so to 
ensure truthful answers participants were told that they could be eval
uated on the mentioned topics during the session.

2.2.5. Tasks measuring activity characteristics
We included the items from the difficulty and interest evaluation 

scales. As explained in the Designing Principles (see 2.2.1) and can be 
seen in Table 2, these items were measured on a 5-point scale (1: no 
interest or no difficulty; 5: a lot of interest or difficulty), right after 
participants read each text.

2.3. Procedure

The study was approved by the institutional review board (agree
ment 47/2019). Participants were treated in accordance with APA 
ethical guidelines. All signed an informed consent form prior to 
completing the study activities and were free to skip any part of the 
study or drop out without penalty. They received either course credits or 
two 10€ vouchers for their participation.

The first session took place in two universities. For most participants, 
the second session took place in one of these universities. However, due 
to the declaration of a state of emergency during the COVID-19 
pandemic and the subsequent closing of universities, 19 participants 
completed the second session online. To ensure equivalence with in- 
person data collection, all online sessions were conducted via video 
call, following the same procedure, timing, and instructions. This pro
tocol maintained direct experimenter oversight and allowed for real- 
time clarification of instructions, minimizing procedural differences 
between collection conditions.

All sessions were conducted by the first author and adhered to the 
planned duration and procedure. Participants were individually and 
randomly assigned to one of the two main conditions, which served as 
the unit of analysis. Participants started session 1 by completing the 
science background items, as they contained information that was to be 
acquired through the texts. They then read the texts. Given that they 
read both text types, topic and text type combinations were counter
balanced between participants to control for topic effects (see Arya & 
Maul, 2012; Cervetti et al., 2009). Participants thus read one combina
tion, either chemistry narrative text with math expository text, or 
chemistry expository text with math narrative text.

Participants were instructed to read each text at their own pace. They 
were allowed to underline or re-read portions of the text if they felt 
insecure. Permitting re-reading aimed at reducing test anxiety and 
approximate naturalistic reading conditions (e.g., Peterson, 1991), 
thereby improving ecological validity within the controlled setting.

Once they had read the text, the experimenter collected it, and 
participants completed the evaluation scale for that text (which included 
difficulty and interest in the text). They then answered the compre
hension items from the first text. The procedure was then repeated for 
the second text. Presentation order of texts and item sets was counter
balanced across participants to minimize order and practice effects. At 
the end of the session, participants filled out individual measures per
taining to literacy and sociodemographic variables (see Materials sec
tion above for details).

The second session took place one week after the first, a common 
interval in the relevant literature (e.g., Arya & Maul, 2012; Hong & 
Lin-Siegler, 2012; Negrete & Lartigue, 2010). Participants completed a 
second set of different but matched comprehension items, with pre
sentation of item sets also counterbalanced across participants. The 
session ended with individual measures pertaining to motivational 
dispositions.

Most tasks were presented and completed on a computer via Qual
trics at the participants’ own pace. Detailed instructions were provided 
on the Qualtrics tabs, but the experimenter provided general in
structions and encouraged participants to clear any doubts.

For an illustration of the flow of the procedure, see Appendix B
(Table B1).

3. Results

To test the focal hypotheses, we fitted a linear mixed model on the 
comprehension scores, with text type, topic, item level, and session as 
fixed effects,8 and with random intercepts and slopes of topic and item 
level per participant, using afexmixed() (Singmann & Kellen, 2019) with 
Kenward-Roger denominator degrees of freedom. For exploratory pur
poses, we fitted two mixed models. First, we examined how text type and 
topic predicted participants' ratings of perceived prior knowledge, 

Table 5 
Example of Items of each Level of Comprehension.

Item 
Level

Example Level of representation (C-I model)

L1 Fill in the gaps. 
In the Babylonian notation there 
was a symbol for the quantity ___ 
and a symbol for the quantity ___.

building coherence at the level of 
individual propositions (micro 
propositions)

L2 Choose the correct option about 
tartaric crystals: 
1 their mirror-image crystals 

deviate polarized light to the left
2 they do not deflect polarized 

light
3 their mirror-image crystals have 

a different chemical composition
4 they do not have the same 

solubility level as paratartaric 
crystals

establishing coherence between 
propositions (macro propositions)

L3 One of the numeric representations 
presented in the text is the one from 
Ancient Babylon. Present and 
explain the main representation 
features of this notation.

establishing the propositional 
meaning of the text (textbase 
macrostructure)

L4 Glucose is sugar's basic molecule, 
and it is absorbed by the human 
body. When analyzed with a 
polarimeter, its structure deflects 
polarized light to the right. In 
medical conditions such as 
diabetes, people should not absorb 
much glucose. Taking this 
information and the text you read 
into account, do you think it could 
be possible to create a molecular 
alternative that allowed these 
people to consume sugar? Explain 
how and justify your explanation.

integrating key text ideas with 
participants' own knowledge and 
understanding (situation model)
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difficulty, interest, and novelty, with measure, text type, and topic as 
fixed effects, and random intercepts and slopes for topic by participant. 
Second, we fitted a similar model, replacing text type with standardized 
comprehension scores as a continuous fixed predictor. Estimated mar
ginal means, trends, and multiple comparisons were computed using 
emmeans (Lenth, 2024). No outliers were detected in any model (all 
Cook's distances <0.08). The datasets and data analysis scripts are 
available at https://osf.io/jr89m/overview?view_only=04bd14106b 
e74371afcecd9d9a024287.

3.1. Preliminary analysis

Participants were attributed a new randomly generated number, and 
their order in the database was shuffled according to it. Missing re
sponses were rare and were treated as missing values (10.8% for 
chemistry and 6.16% for math). Although some individual item re
sponses were missing, no participant omitted all items. Mean scores 
were calculated based on the available valid items. We addressed reli
ability at two levels: inter-rater reliability for the subjectively scored 
items, and internal consistency for the full comprehension battery.

For the open-ended items (L1, L3 and L4), which required rater 
judgment, one independent rater scored a random subset of 697 item 
responses. Inter-rater reliability between the independent rater and the 
first author was excellent: ICC(1) = 0.97, 95% CI [0.966, 0.974], with 
91.8% exact agreement [p. 29]. The L2 (multiple-choice inference) 
items were objectively scored and required no rater judgment. Internal 
consistency of the comprehension instrument was estimated separately 
for each version of each topic (chemistry/math x v1/v2), as each version 
× topic combination constitutes a distinct instrument. Cronbach's α was 
acceptable for both chemistry versions (v1: α = .72; v2: α = .76) but 
lower for the math versions (V1: α = .52; V2: α = .63). These lower 
values are partly attributable to the structure of the battery: the 10 items 
deliberately span four distinct comprehension levels (L1–L4), each 
tapping different cognitive processes.

Participants' perceived familiarity with the overall science contents 
was low (M = 1.64, SD = 0.93), but higher for math than for chemistry 
(see Table 3). Participants' interest and perceived difficulty was mod
erate for both the chemistry and math texts (see Table 3). Narrative texts 
were perceived as less difficult and more interesting than expository 
texts (see Table 2), and interest was higher for the math than for the 
chemistry texts (see Table 3). We averaged, separately, the four items of 
each of the scales measuring participant's pre-reading perceived prior 
knowledge on the math and chemistry texts' topics. For the math 
perceived knowledge items, responses were somewhat variable, though 
still clustered toward the lower end of the scale. This matched our aim of 
low (perceived) prior knowledge (M = 1.82, SD = 1.13, Min = 1.00, 
Max = 4, Range = 3). Internal consistency was modest (Cronbach's 
α = .63).

For the chemistry perceived knowledge items, responses showed a 
likely floor effect, with very low ratings and little dispersion (M = 1.10, 
SD = 0.22, Min = 1.00, Max = 2.50, Range = 1.50). Moreover, internal 
consistency was low (Cronbach's α = .36). This variable was excluded as 
it was expected to cause range restriction issues in the analysis. For each 
science topic, we combined participants' ratings of the narrative and 
expository versions into single composite scores for perceived difficulty 
and interest.

Responses to the comprehension items were blindly scored using a 
rubric summarizing five levels of completeness and accuracy (0%, 25%, 
50%, 75% and 100%; see Table 6). We used five levels to allow for finer 
differentiation between levels of partial understanding, as open-ended 
responses often show gradations in conceptual accuracy. At least 30% 
of items from each science topic were also scored by a research assistant, 
with inter-rater agreement at 91.8% (and ICC = 0.97). Discrepancies 
were resolved through discussion. Scores were normalized and averaged 
separately per participant and per item level to yield comprehension 
scores—the dependent variable in the analyses.

3.2. Main analysis

3.2.1. Overview
We first report the focal mixed-model results organized by research 

question (3.2.1–3.2.5), followed by exploratory analyses of reader and 
activity characteristics (3.2.5).

The model revealed no significant evidence of higher-order in
teractions, topic × item level × session interaction: F(3, 1427.9) = 0.86, 
p = .461, ηp

2 = 0.005; all other Fs < 1). Similarly, the interactions be
tween text type and session, text type and item level, as well as item level 
and session, were all non-significant, respectively, F < 1; F(3, 
1427.9) = 1.63, p = .181, ηp

2 = 0.003; F < 1.9 Fig. 1 depicts the results 
from this model, showing the estimated marginal means, and 95% CI for 
comprehension scores across topic, text type and item level.

3.2.2. Comprehension differences between narrative and expository texts
Narrative texts outperformed expository texts when aggregating 

across topic, item level, and session. Overall, comprehension was better 
for math than chemistry.

Importantly, there was a significant interaction between text type 
and topic, F(1, 123) = 6.10, p = .015, ηp

2 = 0.047. Multiple comparisons 

Table 6 
General scoring guidelines.

Score Evaluation Criteria Example

0 No response or response is 
incorrect

(a) I do not remember (b) I think I 
would not be able to analyze those 
characteristics using the 
polarimeter, seeing that there are 
other methods/procedures to do so.

25% There is a correct idea a) One just has to direct the 
polarimeter, in a place with light, 
towards a crystal because the latter 
reflects polarized light. b) I do not 
know

50% It is incomplete or there are more/ 
bigger imprecision

a) It is a device that can emit a 
directed light beam. b) No, using this 
device one could just observe the 
direction that light takes after 
hitting the compounds

75% There is an important element 
missing, a huge imprecision, or the 
explanation is not clear

One must project the polarized light 
into the crystal and verify the 
direction in which the light that 
comes through the crystal is 
deflected. It shows the side to which 
and the way in which the molecules 
are connected among themselves, 
therefore we can understand more 
about their chemical composition

100% The response has all required 
elements and they are completely 
correct or with minor imprecision

(a) One must project the polarized 
light into the crystal to observe the 
deviation that it causes (b) It only 
provides information on the 
molecular structure, different light 
deflections, or no deflection at all, 
indicate different molecular 
structures

Note. To match their different levels of complexity, L1 items were initially scored 
between 0 and 1 point, L2 items between 0 and 2 points, L3 items between 0 and 
3 points, and L4 items between 0 and 4 points. An example of scoring translated 
from the Portuguese original is provided, using a L3 question from chemistry. 
The question stated: “The polarimeter is an instrument that can be used to 
analyze crystals. Chemical composition and molecular structure are two char
acteristics of crystals that can be analyzed. a) Explain how to perform analyses 
using a polarimeter b) These analyses provide information about the chemical 
composition and the molecular structure of crystals? Explain why.

9 The patterns are similar across data collection modes, suggesting no online- 
specific deviation in performance (see pp. 22-24 of the Supplementary 
Materials).
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revealed that narrative texts led to better comprehension than exposi
tory texts for chemistry, but not math, t(176) = 3.61, SE = 0.03, 
p < .001; t < 1, respectively.

3.2.3. Narrative–expository differences across levels of representation
When we look at comprehension for each item level (aggregating 

across topic, text type, and session), we see that it was progressively 
lower, tL2-L1(560) = − 2.45, SE = 0.02, p = .015; tL3-L2(553) = − 7.78, 
SE = 0.02, p < .001; tL4-L3(131) = − 2.58, SE = 0.02, p = .015. Moreover, 
the model revealed a significant interaction between topic and item 
level, F(3, 1427.9) = 31.89, p < .001, ηp

2 = 0.063. Chemistry and math 
differed significantly at all levels.

Math outperformed chemistry at three of the four levels (L1, L3, L4); 
the exception was L2, where chemistry comprehension was higher, 
tchemistry-math L1(565) = − 6.28, SE = 0.02, p < .001; tchemistry-math 

L2(565) = 5.07, SE = 0.02, p < .001; tchemistry-math L3(565) = − 3.60, 
SE = 0.02, p < .001; tchemistry-math L4(565) = − 3.04, SE = 0.02, p = .002. 
Multiple consecutive comparisons (with adjusted p-values, Benjamini & 
Hochberg, 1995) showed that, for math, comprehension was always 
better for the previous level than the next, except between the second 
and third levels, tL2-L1(1178.95) = − 8.03, SE = 0.02, p < .001; 
tL3-L2(1149.87) = − 1.17, SE = 0.02, p = .242; tL4-L3(336.19) = − 2.31, 
SE = 0.02, p = .033. However, for chemistry, comprehension was 
significantly better for the second than the first level, tL2-L1(1179) = 4.4, 
SE = 0.02, p < .001. It then declined significantly from the second to the 
third level, tL3– L2(1150) = − 10.51, SE = 0.02, p < .001, although the 
decline from the third to the fourth level is not significant at the con
ventional alpha of 0.050, tL4–L3(336) = − 1.75, SE = 0.02, p = .082.

3.2.4. Narrative–expository differences in delayed retention
Comprehension was better in the first session than in the second, F(1, 

1427.9) = 33.56, p < .001, ηp
2 = 0.02; MFirst = 0.48, 95% CI [0.44, 0.52]; 

MSecond = 0.42, 95% CI [0.38, 0.46]. This decline is qualified by a 
topic × session interaction, F(1, 1427.9) = 7.37, p = .007, ηp

2 = 0.005: 
the decline is significant for both chemistry and math, t(1428) = 6.02, 
p < .001; t(1428) = 2.18, p = .029, respectively, but larger in chemistry 
than math, t(1428) = 2.71, p = .007. Consequently, topic domains are 

comparable in Session 1, t < 1, but math outperforms chemistry in Ses
sion 2, t(247.9) = − 3.97, p < .001.

3.2.5. Reader and activity predictors of comprehension
We began by conducting two analyses. First, we explored how text 

type (narrative vs. expository) and topic (chemistry vs. math) affected 
participants' ratings of difficulty, interest, knowledge, using mixed- 
effects models (Analysis 1; see Appendix C). Narratives were rated as 
less difficult and more interesting than expository texts across both topic 
domains; these contrasts were larger for chemistry,where prior knowl
edge was near floor, consistent with the idea that narrative framing has a 
stronger experiential impact when content is unfamiliar (see Tables C1- 
C3).

Following these results, we tested whether comprehension perfor
mance predicted participants' ratings of difficulty, interest, knowledge, 
and novelty as a function of content (chemistry vs. math) using a linear 
mixed-effects model (Analysis 2; see Appendix D). Higher comprehen
sion performance is associated with lower perceived difficulty 
(b = − 0.285, 95% CI [− 0.362, − 0.208]) and higher interest (b = 0.427, 
95% CI [0.350, 0.504]) in chemistry, and with higher interest in math 
(b = 0.246, 95% CI [0.160, 0.332]). Higher comprehension is also 
associated with lower perceived novelty in both chemistry (b = − 0.110, 
95% CI [− 0.186, − 0.033]) and math (b = − 0.178, 95% CI [− 0.263, 
− 0.092]). There is no significant evidence that comprehension perfor
mance is related to prior knowledge in chemistry (b = 0.003, 95% CI 
[− 0.074, 0.079], p = .948), whereas there is significant evidence of a 
positive relationship in math (b = 0.117, 95% CI [0.031, 0.203], 
p = .007; see Table D1). Predicted ratings at three comprehension levels 
are presented in Table D2.

Analysis 2 identifies which subjective perceptions most reliably 
signal comprehension success, setting up a mediation analysis to test 
whether those perceptions help account for the narrative advantage 
observed with chemistry.

To examine whether subjective text experiences help explain the 
text-type effect on comprehension, we conducted mediation analyses 
with difficulty and interest as mediators using the mediation R package 
(Tingley et al., 2014; Analysis 3; see Appendix E). This analysis was 

Fig. 1. Comprehension by text type and topic across item level (Normalized proportion of correct answers). 
Note. NT = narrative text, ET = expository text. Dots represent the marginal means estimated from the linear mixed model, and the error bars depict the 95% CI for 
those means. The narrative advantage is visible only for the chemistry topic across all comprehension levels; no reliable difference emerges between text types for the 
math topic.
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restricted to the first-session data, as ratings were collected immediately 
after reading, and to chemistry comprehension, as the text-type effect 
(the one that might be mediated) appeared only for that topic. 
Comprehension scores were averaged across item levels within each 
participant × text type combination, and the resulting values were 
standardized. Both the mediator model (rating ~ text type) and the 
outcome model (comprehension ~ text type + rating) were estimated 
using ordinary least squares regression. Text type (narrative text vs. 
expository text) was specified as the treatment, the rating (difficulty or 
interest, also standardized) as the mediator, and comprehension as the 
outcome. All indirect effects were estimated via 5000 bootstrapped 
samples. There was clear evidence that both difficulty and interest 
mediated the narrative effect.

For difficulty, the average causal mediation effect (ACME) was 
0.150, 95% CI [0.04, 0.30], p = .003, indicating that narrative texts 
supported comprehension in part by reducing perceived difficulty rela
tive to expository texts. The corresponding direct effect (ADE) remained 
significant after adjusting for difficulty (0.43, 95% CI [0.07, 0.76], 
p = .019), and the total effect of text type on comprehension was 0.58, 
95% CI [0.23, 0.90], p < .001, with approximately 26% of this effect 
mediated by difficulty. For interest, the mediation pattern was even 
stronger: ACME = 0.25, 95% CI [0.08, 0.44], p = .005; ADE = 0.32, 95% 
CI [0.015, 0.625], p = .040; total effect = 0.58, 95% CI [0.245, 0.911], 
p = .001; approximately 44% of the chemistry text-type effect on 
comprehension was mediated by interest. Both results indicate partial 
mediation, consistent with the interpretation that narrative texts in 
chemistry boosted comprehension partly by making the text feel less 
difficult and more interesting, while additional mechanisms may also 
contribute (see also Tables E1 and E2).

4. Discussion

The present study aimed at investigating how specific text charac
teristics, namely science narrative texts featuring scientists doing sci
ence, impact different levels of comprehension and delayed retention in 
non-expert young adults. We also sought to provide exploratory clues on 
reader and activity features contributing to comprehension.

The experimental manipulation of text type produced a content- 
dependent pattern of comprehension: narrative texts yielded clearer 
benefits in the chemistry texts than in the math texts. While interpreting 
our findings, we will also include possible alternative explanations that 
are derived from our design's characteristics and possible limitations.

Regarding the characteristics of the narrative texts, temporality and 
causality were built through the scientists' actions according to the 
specificities of each science topic. The chemistry narrative text is mostly 
focused on temporal and causal links, connected to the human character. 
The math narrative text is more focused on the history and features of 
notation than on operations, and richer in characters and settings than in 
causal relations. Given the lack of difference with the expository text, 
the text features from the math narrative text may have been less helpful 
in making sense of information compared with the expository structure. 
The chemistry texts’ more sequential and time-bounded structure may 
have proved particularly helpful to make sense of the science content, as 
compared to the expository text. This is because in low-knowledge do
mains temporal and causal scaffolding may be especially critical, as 
readers lack the prior knowledge base needed to generate bridging in
ferences autonomously (Kintsch, 1998). The chemistry narrative pro
vided exactly this scaffolding; the math narrative, while temporally 
structured, was richer in characters and settings than causal relations, 
offering less inferential support.

These facts point to an alternative explanation to the narrative 
advantage. It may be that the chemistry content was more “narrativiz
able” than the math one. Because text type and topic are necessarily 
entangled in the chosen within-participants design, it is difficult to 
ascertain whether the observed advantage reflects the narrative struc
ture, the scientific content, or their interaction. Future studies should 

include multiple topic domains per text type to disentangle specificities 
of particular texts from text type effects, enabling stronger generaliza
tion and external validity.

The math narrative text also had more subordinate clauses per 
paragraph than any other text, a feature that has been suggested to in
crease complexity and processing difficulty (e.g., Lord, 2002; Wang, 
1970). The absence of a narrative advantage in the math topic could 
thus be due to syntactic factors. However, the impact of subordination 
varies according to the specific type of subordinate clause, as well as 
other text factors (e.g., Costa, 2005; Gayraud & Martinie, 2008). The 
idea that subordination per se necessarily makes processing more diffi
cult has therefore been questioned (e.g., Baten & Håkansson, 2015; de 
Ruiter et al., 2020). In fact, comprehension was overall higher for 
math than for chemistry, but the possibility that the higher number of 
subordinate clauses contributed to the absence of a narrative text 
advantage cannot be completely excluded.

Additionally, despite our best design efforts, the chemistry narrative 
text was overall better evaluated than its expository counterpart. A 
better equivalence was achieved for math, as the narrative text was only 
rated as more interesting. This introduces a potential confound, as it may 
imply that we are witnessing a coherence advantage, not necessarily tied 
to text type. However, the mediation analyses are informative in this 
regard: both difficulty and interest only partially mediated the text type 
effect on chemistry comprehension, with a significant direct effect 
remaining. This suggests that narrative structure contributed to the 
comprehension advantage beyond what can be accounted for by these 
evaluative differences.

Critically, participants had substantially less prior knowledge of the 
chemistry content and rated it, accordingly, as more difficult and as less 
interesting. Participants held more prior knowledge on the math texts’ 
topics. A previous study also observed differences between text types 
only with the most difficult content (Cervetti et al., 2009) and a few 
studies have observed that narrative texts are particularly beneficial for 
participants with lower prior knowledge (e.g., Wolfe & Woodwyk, 
2010).

This content-specific pattern actually offers a theoretically coherent 
account that weakens the content-specific explanation presented above: 
the narrative advantage emerged precisely in the domain where prior 
knowledge was near floor and was absent where prior knowledge was 
substantially higher. This pattern is consistent with the construction- 
integration model's predictions, regardless of topic. This result sug
gests that narrative structures are most helpful when readers have 
limited domain knowledge: when familiar content provides sufficient 
scaffolding for integration, the structural benefits of narrative may be 
less necessary.

Converging with this interpretation, the comprehension-knowledge 
slope was negligible in chemistry (b = 0.003) but significantly positive 
in math (b = 0.117). This suggests that in the more familiar domain, 
individual differences in prior knowledge were more predictive of per
formance – consistent with readers drawing on existing knowledge to 
integrate text content, independently of how that content was struc
tured. These patterns are consistent with the construction-integration 
model's prediction that prior knowledge facilitates integration when 
text content is familiar (Kintsch, 1998), and with the RAND framework's 
view that reader, text, and activity characteristics interact dynamically 
to shape comprehension outcomes (Snow, 2002). This convergence 
makes a purely content-based explanation less parsimonious, though it 
cannot be fully ruled out (as testing if knowledge moderates the 
text-type effect is beyond the scope of this paper).

The effects of the level of comprehension and of the retention in
terval provide further important information on activity features. 
Although we predicted narrative texts would be more beneficial at 
higher representational levels, the narrative advantage in chemistry 
emerged uniformly across all levels. These results stand in contrast with 
some reports from the literature (Wannagat et al., 2022; Wolfe & 
Woodwyk, 2010) but are consistent with Hong and Lin-Siegler's 
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(2012) finding of broad narrative benefits. Results further suggest that 
when some prior knowledge is present, the text types may not signifi
cantly differ at any item level, as in the math content. In contrast, when 
prior knowledge is sufficiently low, narrative scaffolding may support 
comprehension processes at every level – from proposition building to 
situation model transfer. While it is possible that the comprehension 
items were insufficiently sensitive to detect subtler level-specific dif
ferences, the items did reliably differentiate between comprehension 
levels within each topic. This result suggests that the items were sensi
tive to representational differences, even if text-type by level in
teractions did not emerge.

The variability across item levels offers further insight into the 
cognitive processes underlying comprehension, independently of text 
type. Increasing item elaboration does not necessarily correspond to 
increasing difficulty, as L1 scores (i.e., recall item) were higher with the 
math content but not with the chemistry content, in which L2 scores (i. 
e., inference items) were higher. It is possible that chemistry L1 items 
were more challenging because they required retrieving more technical 
terms (e.g., atomic weight; polarized light; solubility) than the math L1 
items (e.g., empty space; 1 and 10; 59).

As for the effect of retention interval, regardless of text type, 
comprehension was significantly better in the first session. The decrease 
in comprehension scores was more evident with the chemistry topic than 
with the math topic, which may be related to the fact that the former was 
perceived as more difficult and yielded overall lower scores. Contrary to 
our hypothesis – and to previous arguments that narrative texts promote 
better retention (e.g., Mandler, 1984; Mar et al., 2021) – the interaction 
between text type and session was not significant, suggesting that 
comprehension of both text types decayed comparably across the week.

Previous studies reported a wide range of findings, including losses 
in the information retained from narrative texts (e.g., Prins et al., 2017; 
Wolfe & Woodwyk, 2010). A single brief reading, as used here, may not 
provide sufficient initial encoding depth for text type to differentially 
influence memory consolidation over one week (Squire et al., 2015). 
Studies reporting longer-term narrative advantages typically involved 
multiple exposures or extended texts (e.g., Hong & Lin-Siegler, 2012). 
Moreover, we cannot exclude the possibility of memory interference 
beyond mere decay. The counterbalanced presentation order of texts 
and the use of matched but distinct item sets across sessions were 
intended to minimize interference effects. Yet, both interference be
tween information from the two texts read in the first session and 
interference between sessions (due to reading experiences during the 
intervening week) may have occurred.

4.1. Limitations

We note that our power analysis provides only an indicative estimate 
of statistical sensitivity. This is because it was based on a multiple 
regression approximation rather than a simulation-based approach 
tailored to mixed-effects models. This means that power estimates for 
interaction effects may have been overoptimistic, and some null inter
action results should be interpreted with appropriate caution. Future 
research should employ simulation-based power analyses for more 
precise design optimization. Also, the students who chose to participate 
were from a relatively homogeneous sociodemographic and socioeco
nomic background. These aspects raise issues concerning the difference 
between statistical and educational significance that should be kept in 
mind when interpreting the present findings. Likewise, the experimental 
nature of our study, while providing control and internal validity, limits 
the ecological validity of the findings. More ecologically valid in
terventions can better investigate how narrative texts’ benefits translate 
to applied contexts.

The measures of prior knowledge, text difficulty, and text interest 
used were all based on participants’ self-reports, capturing perceived 
rather than objective properties of reader–text–activity interactions. 
While subjective ratings of this kind are ecologically valid – reflecting 

the experience of reading as it unfolds – they may induce response 
biases. Future work might complement these self-report indices with 
objective assessments, such as pretested domain knowledge scores or 
independent ratings of text difficulty, to better isolate the mechanisms 
underlying the observed patterns. Even so, the comprehension differ
ences observed were in line with the differences in perceived prior 
knowledge, and our focus was not conceptual change, but text 
comprehension processes.

The mediation results should be interpreted as evidence consistent 
with an experiential pathway, not as definitive proof of causality, 
because post-reading mediators can still be subject to unmeasured 
mediator–outcome confounding.

Finally, although several effects were small in magnitude, the whole 
pattern of results aligns with prior research showing that effect sizes in 
science comprehension and discourse processing are typically modest 
but theoretically meaningful, reflecting the multifactorial nature of 
these cognitive phenomena (e.g., Soares et al., 2023).

4.2. Implications for education and research

Narrative framing can offer a measurable comprehension advantage 
for unfamiliar science content – and this advantage is partly driven by 
subjective experience: when a text feels less difficult and more inter
esting, comprehension is facilitated.

The complexity of text comprehension observed here helps specify 
who, and under which conditions, can particularly benefit from narra
tive science materials. This understanding helps reveal specific narrative 
effects that may emerge under that specific configuration of character
istics. Importantly, it can provide clues for future research on science 
narratives, as well as on how educators can more meaningfully integrate 
these materials in science education in formal and non-formal 
education.

The present results indicate that people's proclivity to temporal 
structures, cause and effect, and human context (Bruner, 1986; Newkirk, 
2014) may benefit science comprehension even among young adults (i. 
e., from 18 years onward), albeit less knowledgeable ones. The fact that 
narrative texts supported comprehension even in young adults with 
well-developed expository processing strategies suggests they can serve 
as a useful tool for lifelong learning. Like previous similar reports (e.g., 
Wolfe & Mienko, 2007), the present study examined specific narrative 
features, namely differences in how temporality is built and woven with 
characters and settings.

The comprehension differences produced by the two science topics 
are also a relevant hint, as authors had previously proposed that some 
contents may lend themselves more to be conveyed by narratives than 
others (Frisch, 2010) and that a narrative advantage might only be 
observed in the most challenging content (Cervetti et al., 2009). Future 
studies should continue to disentangle the comprehension processes 
associated with the comprehension of different text types and science 
topics and their specific contents.

Narrative texts may thus be particularly useful for tackling unknown 
content, serving as an entry point during its first stages of learning. 
Additionally, subjective reading experience and prior knowledge have a 
differential role: in low-familiarity contexts, perceived difficulty and 
interest are stronger correlates of comprehension success, whereas prior 
knowledge becomes a more meaningful predictor when content is more 
familiar. This indicates that activity characteristics do not influence 
comprehension uniformly – their effects are contingent on the famil
iarity of the content and the subjective experience of the reader. The 
post-reading ratings (text difficulty and interest in text) may themselves 
be mechanisms through which text type affects comprehension out
comes: reduced perceived difficulty could enable deeper processing, 
while increased interest may sustain attention and motivation. The 
content-specific pattern observed in the main analysis – where narrative 
texts showed comprehension advantages only in chemistry – may be 
partly mediated by these differential subjective experiences.
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Both difficulty and interest emerged as partial mediators of the 
chemistry narrative advantage, consistent with the interpretation that 
subjective reading experience is both a consequence of successful 
comprehension and a potential mechanism facilitating it. Instructional 
designers targeting unfamiliar STEM content may gain more from 
narrative framing that increases engagement and reduces perceived 
difficulty.

Narrative texts may promote interest even in the absence of 
measurable comprehension gains – which in itself is a reason to consider 
their use. While it might not necessarily translate into increased 
comprehension in the short term, as seen with the math content, this 
engagement might plant seeds for comprehension gains in the longer 
term (a question also raised by (McQuiggan et al., 2008)). Longitudinal 
designs can test whether initial interest elicited by narrative framing 
translates into sustained engagement and future comprehension gains.

Narrative texts can be used to increase the variety of science 
educational materials, contributing to the development of more diver
sified language types (May et al., 2020; Newkirk, 2014) and to the 
tightening between literacy and science comprehension processes. 
Narrative texts are not proposed as a substitute for expository texts; 
rather, they can be a powerful complement as a scaffolding tool, while 
more dense expository texts continue to fulfill a role in more advanced 
learning stages.

In the specific context of this line of research, the RAND framework 
offers a useful lens for framing research questions and designing 
instructional tasks, given its explicit attention to reader, text, and ac
tivity as interacting sources of variability in comprehension outcomes. 
Similarly, the construction-integration model provides a theoretically 
motivated basis for developing and evaluating comprehension items in 
science comprehension research, as its distinction between text-based 
and situation model representations maps directly onto the kinds of 
comprehension differences that narrative and expository text types may 
differentially support.

Rather than asking whether narrative science texts support 
comprehension, future research can now ask more precisely which do, 
when, for whom, and through which mechanisms – questions that the 
present findings begin to address by situating narrative effects within 
the dynamic interaction between text, reader, and activity features.

5. Conclusion

Science education requires understanding when, why, and how 
different texts support comprehension. Narrative texts can benefit 
comprehension of unfamiliar science content across different compre
hension levels, and this advantage operates partly through subjective 
reading experience – reduced perceived difficulty and heightened in
terest – a mechanism that appears most consequential when domain 

knowledge is low. Together, these results advance our understanding of 
science comprehension by showing that text-type advantages are 
modulated by reader knowledge and mediated by experiential responses 
to the activity. They also offer educators a principled basis for inte
grating narrative texts as scaffolding tools when introducing unfamiliar 
content in science curricula.
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Appendix F. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.learninstruc.2026.102436.

Appendix A. Text Evaluation Scales Values Averaged as a Function of Text Type

After reading each assigned text, we also asked participants to rate it in terms of novelty of the information, cohesion, and local coherence; this 
allowed us to check for further significant differences on these features between texts (see Table A1). The fact that narrative texts were rated as more 
novel than expository texts might be because these texts presented scientific information but also personal/historical information.
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Table A1 
Averages (and Standard Deviations) of the Remaining Evaluations Made by Participants of each Text Type Read

Parameter Question NT ET t

M SD M SD

Novelty of 
information

On a scale of 1 (not novel at all) to 5 (totally novel) please rate how novel the contents were for you 4.07 0.99 3.92 1.02 − 0.05 **

Cohesion (sentences) On a scale of 1 (totally disperse) to 5 (totally related) please rate how well connected the sentences were 
among themselves

3.98 0.93 3.62 1.04 3.11 **

Local Coherence 
(ideas)

On a scale of 1 (totally disperse) to 5 (totally related) please rate how well connected the ideas were among 
themselves

4.05 0.87 3.76 1.01 3.04 **

Note. The df were 123. ET = expository text, NT = narrative text.

Appendix B. Flowchart of the Procedure

Fig. B1. Flowchart of the Procedure Representing the Timing of the Sessions, the Number of Participants, and the Variables and Timing of the Applied Tasks 
Note. Ma: math, Ch: chemistry, comp: comprehension, hh: household, sci: science, ed: education. As indicated by the icons on top of each task block, all tasks were 
presented in sequential order.

Appendix C. Analysis 1

Participant Ratings of Text Characteristics

Participants' ratings of text characteristics were analyzed using a mixed-effects model with measure (difficulty, interest, knowledge, novelty), text 
type (expository text, narrative text), and topic (chemistry, math) as fixed effects, and random intercepts and slopes for topic within participant. 
Ratings of difficulty, interest, and novelty were collected after reading; perceived prior knowledge was collected before. Consequently, post-reading 
measures may reflect not only inherent text properties but also participants’ subjective experiences shaped by the text type manipulation.

Omnibus Effects
Type III tests (Kenward-Roger) revealed significant evidence of a measure × text type × topic interaction, F(3, 3738) = 6.55, p < .001, ηp

2 = 0.005. 
The main effect of measure was the only large effect in the model, F(3, 3738) = 1444.90, p < .001, ηp

2 = 0.537. There was no significant evidence of 
main effects of text type, F(1, 123) = 1.03, p = .312, ηp

2 = 0.008; or topic, F(1, 123) = 2.25, p = .136, ηp
2 = 0.018. There was significant evidence of a 

two-way interactions of measure × topic, F(3, 3738) = 173.49, p < .001, ηp
2 = 0.122, and measure × text type, F(3, 3738) = 57.42, p < .001, 

ηp
2 = 0.044. There was no significant evidence of a text type × topic interaction, F(1, 123) = 0.52, p = .474, ηp

2 = 0.004.

Decomposing the Three-Way Interaction

Primary Decomposition: Text Type Effects Within Each Measure and Topic. Table C1 presents text type comparisons for each measure within each topic 
— the theoretically focal decomposition addressing whether expository texts and narrative texts differ on each characteristic in each topic.

Difficulty. There is significant evidence that expository texts elicited higher difficulty ratings than narrative texts in both topics (see Table C1). In 
chemistry, where perceived prior knowledge was low, M = 1.10, 95% CI [1.00, 1.20], expository ratings were near the scale midpoint while narrative 
ratings fell below it. In math, where prior knowledge was higher, M = 1.82, 95% CI [1.73, 1.92], both text types were rated as less difficult than in 
chemistry, though the text type difference persisted.

Interest. There is significant evidence that narrative texts elicited higher interest ratings than expository texts in both topics (see Table C1). 
Narrative text ratings were above the scale midpoint in both topics; Expository text ratings were near or below it.
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Prior Knowledge. There is no significant evidence that text type affected perceived prior knowledge ratings in either topic (see Table C1). As these 
ratings were collected before reading, this indicates that participants assigned to expository texts and narrative texts for each topic were comparable in 
prior knowledge at baseline.

Novelty. In chemistry, there is no significant evidence that text type affected novelty ratings, with both versions rated near the scale maximum (see 
Table C1). In math, there is significant evidence that narrative texts elicited higher novelty ratings than expository texts.

Secondary Decomposition: Topic Effects Within Each Text Type and Measure. Table C2 presents topic comparisons for each measure within each text 
type. There is significant evidence that chemistry was rated as more difficult, more novel, and lower in prior knowledge than math for both text types. 
Conversely, there is significant evidence that math was rated as more interesting than chemistry for both text types (see Table C2).

Tertiary Decomposition: Measure Comparisons Within Each Text Type and Topic. Table C3 presents ratings across the four measures for each text type ×
topic combination. In the chemistry expository text, difficulty and interest ratings converged near the scale midpoint, each about 0.35 from the 
midpoint on opposite sides. In the chemistry narrative texts, there is significant evidence that interest exceeded difficulty (see Table C3). This reversal 
illustrates the three-way interaction: the chemistry expository text was experienced as both difficult and uninteresting, whereas the chemistry 
narrative text was experienced as easy and interesting. In both math conditions, difficulty was low and interest was relatively high. Knowledge ratings 
were consistently lowest across all combinations, and novelty ratings were consistently highest, except in the math narrative text where interest and 
novelty did not significantly differ (see Table C3).

Table C1 
Text Type Comparisons for Each Measure Within Topic Domains

Measure Chemistry Math

ET NT t ET NT t

Difficulty 3.35 [3.21, 3.50] 2.73 [2.59, 2.87] 6.16*** 2.76 [2.63, 2.90] 2.48 [2.35, 2.62] 2.81**
Interest 2.65 [2.50, 2.79] 3.27 [3.13, 3.41] − 6.16*** 3.03 [2.90, 3.17] 3.52 [3.38, 3.65] − 4.89***
Knowledge 1.08 [0.94, 1.23] 1.12 [0.98, 1.26] − 0.38 1.90 [1.76, 2.03] 1.75 [1.61, 1.89] 1.48
Novelty 4.45 [4.31, 4.59] 4.44 [4.30, 4.58] 0.07 3.40 [3.26, 3.53] 3.69 [3.56, 3.83] − 2.99**

Note. ET: expository text; NT: narrative text. Values are estimated marginal means [95% CI]. df = 391 for chemistry, 421 for math. ***p < .001, **p < .01.

Table C2 
Topic Domain Comparisons for Each Measure Within Text Types

Measure Expository Texts Narrative Texts

Chemistry Math t Chemistry Math t

Difficulty 3.35 [3.21, 3.50] 2.76 [2.63, 2.90] 5.91*** 2.73 [2.59, 2.87] 2.48 [2.35, 2.62] 2.46*
Interest 2.65 [2.50, 2.79] 3.03 [2.90, 3.17] − 3.85*** 3.27 [3.13, 3.41] 3.52 [3.38, 3.65] − 2.46*
Knowledge 1.08 [0.94, 1.23] 1.90 [1.76, 2.03] − 8.10*** 1.12 [0.98, 1.26] 1.75 [1.61, 1.89] − 6.25***
Novelty 4.45 [4.31, 4.59] 3.40 [3.26, 3.53] 10.52*** 4.44 [4.30, 4.58] 3.69 [3.56, 3.83] 7.49***

Note. Values are estimated marginal means [95% CI]. df = 769 for ET, 770 for NT. ***p < .001, *p < .05.

Table C3 
Measure Ratings Within Each Text Type × Topic Combination

Combination Difficulty Interest Knowledge Novelty

Chemistry ET 3.35 [3.21, 3.50] 2.65 [2.50, 2.79] 1.08 [0.94, 1.23] 4.45 [4.31, 4.59]
Chemistry NT 2.73 [2.59, 2.87] 3.27 [3.13, 3.41] 1.12 [0.98, 1.26] 4.44 [4.30, 4.58]
Math ET 2.76 [2.63, 2.90] 3.03 [2.90, 3.17] 1.90 [1.76, 2.03] 3.40 [3.26, 3.53]
Math NT 2.48 [2.35, 2.62] 3.52 [3.38, 3.65] 1.75 [1.61, 1.89] 3.69 [3.56, 3.83]

Note. ET: expository text; NT: Narrative text. Values are estimated marginal means [95% CI]. All pairwise comparisons among measures within each com
bination are significant (p < .001; Tukey-adjusted) except for the math narrative text comparison interest vs novelty (t = − 2.26, p = .11).

Appendix D. Analysis 2

Relationships Between Comprehension Performance and Text Characteristic Ratings

To examine whether the relationships between comprehension performance and text characteristic ratings varied by measure and topic, we fitted a 
mixed-effects model with measure, topic, and comprehension (standardized comprehension performance) as fixed effects, including all interactions, 
and random intercepts and slopes for topic within participant.

Omnibus Effects
Type III tests using the Kenward-Roger method revealed significant evidence of a three-way interaction of measure × topic × comprehension 

(scaled), F(3, 3736.08) = 10.02, p < .001, ηp
2 = 0.008, indicating that the relationship between comprehension performance and ratings varied across 

measures and topics. The largest effect was the main effect of measure, F(3, 3736.08) = 1474.59, p < .001, ηp
2 = 0.54. There was significant evidence of 

two-way interactions: measure × comprehension (scaled), F(3, 3736.08) = 74.08, p < .001, ηp
2 = 0.06; and measure × topic, F(3, 3736.08) = 171.96, 

p < .001, ηp
2 = 0.12. There was no significant evidence of main effects of topic, F(1, 123.67) = 2.35, p = .128, ηp

2 = 0.02, comprehension (scaled), F(1, 
2973.65) = 1.07, p = .301, ηp

2 < 0.001; or topic × comprehension (scaled) interaction, F < 1.
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Decomposing the Three-Way Interaction: Slopes by Measure and Topic

To interpret the three-way interaction, we examined the slopes (relationship between comp_scaled and ratings) for each measure × topic com
bination using estimated marginal trends. Table D1 presents the complete pattern of slopes.

Note. Slopes represent the change in rating (1-5 scale) per 1-SD increase in comprehension performance. Negative slopes indicate that higher 
comprehension is associated with lower ratings; positive slopes indicate higher comprehension is associated with higher ratings.

Difficulty Ratings
There is significant evidence that higher comprehension performance was associated with lower difficulty ratings in chemistry, b = − 0.29, 95% CI 

[− 0.36, − 0.21], and no significant evidence of such a relationship in math, b = − 0.08, 95% CI [− 0.17, 0.01]. There is significant evidence that these 
slopes differed between topics, t(3860) = − 3.52, p < .001.

Interest Ratings
There is significant evidence that higher comprehension performance was associated with higher interest ratings in both chemistry, b = 0.43, 95% 

CI [0.35, 0.50], and math, b = 0.25, 95% CI [0.16, 0.33]. There is significant evidence that this relationship was stronger in chemistry than math, t 
(3860) = 3.10, p = .002.

Prior Knowledge Ratings
In chemistry, there is no significant evidence that comprehension performance related to prior knowledge ratings, b = 0.00, 95% CI [− 0.07, 0.08]. 

In math, there is significant evidence of a positive relationship, b = 0.12, 95% CI [0.03, 0.20]. Evidence for a difference between slopes across topic 
was weak, t(3860) = − 1.96, p = .050.

Novelty Ratings
There is significant evidence that higher comprehension performance was associated with lower novelty ratings in both chemistry, b = − 0.11, 95% 

CI [− 0.19, − 0.03], and math, b = − 0.18, 95% CI [− 0.26, − 0.09]. There is no significant evidence that these slopes differed between topics, t 
(3860) = 1.17, p = .244.

Illustrative Predicted Means at Representative Comprehension Levels
Table D2 presents predicted ratings at low (− 1 SD), mean (0), and high (+1 SD) comprehension performance to illustrate the pattern of slopes.

Table D1 
Relationship Between Comprehension Performance and Ratings by Measure and Topic

Measure Chemistry Topic Math Topic

Slope [95% CI] SE t Slope [95% CI] t SE

Difficulty − 0.28 [− 0.36, − 0.21] 0.039 − 7.29 *** − 0.08 [− 0.17, 0.01] − 1.81 0.044
Interest 0.43 [0.35, 0.50] 0.039 10.932 *** 0.25 [0.16, 0.33] 5.63 *** 0.044
Knowledge 0.00 [− 0.07, 0.08] 0.039 0.07 0.12 [0.03, 0.20] 2.68 ** 0.044
Novelty − 0.11 [− 0.19, − 0.03] 0.039 − 2.80 ** − 0.18 [− 0.26, − 0.09] − 4.07 *** 0.044

Note. Slopes represent the change in rating (1-5 scale) per 1-SD increase in comprehension performance. Negative slopes indicate that higher comprehension is associated with 
lower ratings; positive slopes indicate higher comprehension is associated with higher ratings. ***p < .001, **p < .01.

Table D2 
Predicted Ratings by Comprehension Level, Measure, and Topic

Measure Chemistry Math

Low (− 1 SD) Mean High (+1 SD) Low (− 1 SD) Mean High (+1 SD)

Difficulty 3.32 [3.19, 3.44] 3.03 [2.93, 3.13] 2.75 [2.62, 2.87] 2.71 [2.58, 2.84] 2.63 [2.53, 2.72] 2.55 [2.42, 2.67]
Interest 2.54 [2.42, 2.67] 2.97 [2.87, 3.07] 3.40 [3.27, 3.53] 3.02 [2.89, 3.15] 3.27 [3.17, 3.36] 3.51 [3.38, 3.64]
Knowledge 1.10 [0.98, 1.23] 1.10 [1.01, 1.20] 1.11 [0.98, 1.23] 1.70 [1.57, 1.83] 1.82 [1.72, 1.92] 1.94 [1.81, 2.07]
Novelty 4.55 [4.43, 4.68] 4.44 [4.35, 4.54] 4.34 [4.21, 4.46] 3.73 [3.60, 3.86] 3.55 [3.45, 3.65] 3.37 [3.24, 3.50]

Note. Values are estimated marginal means [95% CI]. Low = − 1 SD below mean comprehension, High = +1 SD above mean comprehension.

Appendix E. Analysis 3

Mediation analysis for the chemistry topic in the first session

Table E1 
Domain-Specific Mediation Effects of Difficulty and Interest for Chemistry

Domain Mediator Effect Estimate 95% CI p

Chemistry Difficulty ACME 0.15 [0.04, 0.30] 0.003
ADE 0.43 [0.07, 0.76] 0.019
Total Effect 0.58 [0.23, 0.90] <0.001

(continued on next page)
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Table E1 (continued )

Domain Mediator Effect Estimate 95% CI p

Prop. Mediated 0.26 [0.07, 0.74] 0.003
Interest ACME 0.25 [0.08, 0.44] 0.005

ADE 0.32 [0.02, 0.62] 0.040
Total Effect 0.58 [0.24, 0.649] 0.001
Prop. Mediated 0.44 [0.17, 0.94] 0.006

Note. ACME = average causal mediation effect (indirect effect); ADE = average direct effect. N = 125 observations per domain.

Table E2 
Domain-Specific Mediation Effects of Difficulty and Interest for Math

Domain Mediator Effect Estimate 95% CI p

Math Difficulty ACME 0.02 [− 0.03, 0.10] 0.502
ADE − 0.15 [− 0.51, 0.20] 0.405
Total Effect − 0.13 [− 0.49, 0.22] 0.466
Prop. Mediated − 0.15 [− 1.88, 1.76] 0.791

Interest ACME 0.15 [0.02, 0.31] 0.022
ADE − 0.28 [− 0.60, 0.04] 0.091
Total Effect − 0.13 [− 0.48, 0.22] 0.473
Prop. Mediateda − 1.18 [− 12.56, 11.09] 0.492

Note. ACME = average causal mediation effect (indirect effect); ADE = average direct effect. N = 125 observations per domain.
a Prop. Mediated values are undefined when the total effect is non-significant.
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