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A B S T R A C T

The interleaving effect refers to the finding that repeatedly switching between categories during study or practice 
enhances learning relative to focusing on only one category at a time. Two studies investigated whether this 
effect is moderated by individual differences in fluid intelligence (gF), episodic memory (EM) ability, and/or 
working memory capacity (WMC). In Study 1 (undergraduate students) and Study 2 (adult online participants), 
higher gF scores were associated with larger interleaving effects for perceptual categories (artists' painting 
styles). Additionally, higher EM ability was associated with larger interleaving effects for perceptual categories in 
Study 1, whereas an analogous pattern was observed for WMC in Study 2. There were no indications that the 
investigated cognitive abilities moderated the interleaving effect for text-based categories (psychological dis-
orders). Overall, these findings suggest that higher-ability learners benefit especially from interleaving in the 
case of perceptual category learning, with attendant theoretical and pedagogical implications.

Educational relevance and implications statement

A growing body of research suggests that repeatedly switching be-
tween to-be-learned categories as they are learned, or interleaving, can 
benefit learning in a variety of circumstances. The extent to which that 
phenomenon, which is formally known as the interleaving effect, may 
vary among learners of differing cognitive abilities has yet to be fully 
explored. We found that the interleaving effect for learning perceptual 
categories (artists' painting styles) varied based on fluid intelligence (the 
capacity to reason, think abstractly, and solve problems), with in-
dividuals scoring higher on measures of fluid intelligence exhibiting a 
larger interleaving effect. Moreover, there were also some indications 
that individuals scoring higher on measures of episodic memory (the 
ability to remember prior experiences) or working memory capacity (the 
ability to focus on memories that are relevant to a goal or task at hand) 
also exhibited a larger interleaving effect. Together, these results suggest 

that interleaving may be an especially effective learning tool for in-
dividuals with higher cognitive ability scores, while still offering bene-
fits to those with lower scores.

1. Individual differences in fluid intelligence moderate the 
interleaving effect for perceptual category learning

In many educational contexts, students engage in inductive learning 
(i.e., learning from examples) of a series of categories. For instance, in 
geology classes, different types of rocks are often learned, whereas in 
many clinical courses, various health conditions are learned. What is the 
optimal way to arrange learning activities in such situations? A popular 
and intuitive approach is to engage in blocking (or blocked practice), 
which involves focusing on one category at a time (e.g., studying mul-
tiple examples of igneous rocks before moving on to metamorphic 
rocks). A lesser-known alternative, interleaving (or interleaved practice), 

☆ Thanks to Aruna Kandasamy, Josiah Hoo, Kaigene Chen, Nathaneal Teo, and Zihan Cui for assistance with data collection, Andy Teo for help with experimental 
programming, and Jolynn Pek for analysis suggestions. Thanks also to Nate Kornell, Gene Brewer, and Alexander Burgoyne for sharing stimulus materials, as well as 
Faria Sana for assistance with software resources. This research was supported by a National University of Singapore Faculty of Arts & Social Sciences (FASS) grant to 
S. C. Pan.Data and analysis code are available at the Open Science Framework (OSF) and can be accessed at https://osf.io/ng8wd/, whereas materials are accessible 
at https://osf.io/dqprv/

* Corresponding author at: Department of Psychology, Faculty of Arts and Social Sciences, National University of Singapore, 9 Arts Link, Singapore City 117572, 
Singapore.

E-mail address: scp@nus.edu.sg (S.C. Pan). 

Contents lists available at ScienceDirect

Learning and Individual Differences

journal homepage: www.elsevier.com/locate/lindif

https://doi.org/10.1016/j.lindif.2024.102603
Received 28 May 2024; Received in revised form 27 October 2024; Accepted 26 November 2024  

Learning and Individual Diϱerences 117 (2025) 102603 

1041-6080/© 2024 Elsevier Inc. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

https://osf.io/ng8wd/
https://osf.io/dqprv/
mailto:scp@nus.edu.sg
www.sciencedirect.com/science/journal/10416080
https://www.elsevier.com/locate/lindif
https://doi.org/10.1016/j.lindif.2024.102603
https://doi.org/10.1016/j.lindif.2024.102603


involves switching between categories repeatedly during learning (e.g., 
studying randomly intermixed examples of different rock types). Inter-
leaving is often more difficult and challenging for students to use, at 
least initially, but can ultimately yield better learning than blocking. 
That phenomenon is known as the interleaving effect (for reviews see 
Carpenter, 2014; Carpenter & Pan, 2024; Carvalho & Goldstone, 2017; 
Kang, 2017; Rohrer, 2012); for meta-analyses, see Brunmair & Richter, 
2019; Firth et al., 2021).

Studies of the interleaving effect usually involve the study of cate-
gory exemplars using interleaving or blocking (e.g., examples of land-
scape artists' painting styles as in Kornell & Bjork, 2008; images of bird 
families as in Wahlheim et al., 2011). With interleaving, there is 
repeated alternation between categories such that each study or practice 
attempt addresses a different category than the previous one. In 
contrast, blocking concentrates all study or practice attempts for each 
category together, moving on to the next category only after the current 
one is completed. After a delay ranging from a few seconds to several 
days, learning is assessed via a classification test or other assessment, 
and on that test, an interleaving effect—i.e., better performance for 
interleaved versus blocked materials—is usually observed for most 
participants. According to Brunmair and Richter (2019), the inter-
leaving effect varies in magnitude depending on the types of materials (i. 
e., categories) being learned; it is most potent for learning artists' 
painting styles (Hedges' g = 0.67) and is less potent for naturalistic 
photographs (g = 0.36) or expository texts (g = 0.21). The interleaving 
effect also tends to be stronger when the categories being learned are 
relatively similar or confusable with one another.

1.1. Theoretical accounts of the interleaving effect

Multiple theoretical accounts have been proposed to explain the 
interleaving effect (for reviews see Brunmair & Richter, 2019; Carvalho 
& Goldstone, 2019). Arguably the most prominent explanation is the 
discriminative contrast hypothesis, which posits that interleaving enables 
learners to compare and contrast different categories, thereby enhancing 
their ability to recognize and differentiate categories. First proposed by 
Kang and Pashler (2012) and later refined by Carvalho and Goldstone 
(2017) as the sequential attention theory (which suggests that interleaving 
and blocking focus learners' attention on between-category and within- 
category features, respectively), it is consistent with the findings that the 
interleaving effect is strongest for very similar or confusable categories 
(Brunmair & Richter, 2019), interrupting interleaving with filler tasks 
reduces learning outcomes versus conventional interleaving (e.g., 
Birnbaum et al., 2013; Zulkiply & Burt, 2013), and that the simultaneous 
presentation of different categories—presumably facilitating compar-
ison—yields learning outcomes similar to that of interleaving (e.g., Kang 
& Pashler, 2012; see also Sana et al., 2017).

Another class of accounts attributes the interleaving effect to the 
well-established spacing effect (Ebbinghaus, 1885; Kornell & Bjork, 
2008; see also Carpenter et al., 2022; Carpenter & Pan, 2024; Cepeda 
et al., 2006; Delaney et al., 2010), wherein learning opportunities that 
are spread out (or “spaced”) in time enhances memory. Spacing is an 
inherent property of interleaving as each category is not revisited until 
other categories are introduced first. Spacing effect-based explanations 
for the interleaving effect include the attention attenuation hypothesis (e. 
g., Wahlheim et al., 2011), wherein learner attention is reduced during 
blocking compared to interleaving (see also the deficient processing ac-
count; e.g., Toppino & Bloom, 2002), as well as the study-phase retrieval 
account (e.g., Hintzman et al., 1975), wherein interleaving prompts 
retrieval of information about the last exposure to a to-be-learned 
category from long-term memory, yielding improved learning.

The foregoing perspectives are not exhaustive and theoretical 
development pertaining to the interleaving effect remains a work in 
progress. To date, no hypothesis or account of the effect has received 
universal support. On one hand, studies with filler tasks suggest that the 
interleaving effect relies more on discriminative contrast than any 

processes stemming from a spacing effect (e.g., Birnbaum et al., 2013; 
Kang & Pashler, 2012; Taylor & Rohrer, 2010); conversely, interleaving 
effects have been observed in cases where the to-be-learned materials 
are not highly similar or confusable (e.g., Rohrer et al., 2014; see also 
Foster et al., 2019), challenging a purely discriminative contrast 
explanation. Another possibility is that the interleaving effect relies on 
multiple mechanisms that play greater or lesser roles depending on the 
materials being learned.

1.2. Individual differences and the interleaving effect

The growing evidence showing the interleaving effect in such disci-
plines as chemistry education (e.g., Eglington & Kang, 2017), intro-
ductory physics (e.g., Samani & Pan, 2021), second language learning 
(e.g., Suzuki et al., 2022), source evaluation (e.g., Abel, Roelle, & 
Stadtler, 2024), and other areas has led some learning scientists to 
endorse interleaving as a “desirable difficulty” that students should use 
regularly (e.g., Bjork & Bjork, 2011; see also Firth et al., 2021). The 
extent to which interleaving benefits different learners, however, re-
mains unclear (for related discussion, see Abel et al., 2021). Students 
vary in established cognitive abilities such as fluid intelligence (gF; the 
ability to think abstractly and solve problems; Kievit et al., 2016), 
episodic memory ability (EM; the extent to which one can remember 
specific items and contextual information from prior experiences; 
Blankenship et al., 2015), and working memory capacity (WMC; the 
ability to focus on goal-relevant memories, particularly in the face of 
distraction; Engle & Kane, 2003), all of which can explain patterns in 
academic performance (Alloway & Alloway, 2010; Blankenship et al., 
2015; Colom et al., 2007; Di Fabio & Busoni, 2007; Ren et al., 2015; see 
also Unsworth, 2016). Higher gF, EM ability, and/or WMC scores tend to 
be associated with better learning outcomes (Kyllonen & Christal, 1990; 
Shipstead et al., 2016).

Various theories have explored the relationships among gF, EM 
ability, and/or WMC (e.g., Engle & Kane, 2003). Strong correlations 
between gF and WMC have been observed (e.g., Kyllonen & Christal, 
1990), with some studies suggesting that this relationship is mediated by 
long-term memory processes (i.e., EM ability) and attention control (e. 
g., Unsworth & Spillers, 2010). Hence, regarding these cognitive abili-
ties as entirely independent would overlook their potential in-
terconnections. A common approach in the field is to treat gF, EM 
ability, and WMC as distinct yet interrelated constructs (e.g., Brewer & 
Unsworth, 2012; see also Robey, 2019). This approach is buttressed by 
studies suggesting that these abilities make nonredundant contributions 
to cognition. For example, tasks involving EM ability versus gF show 
nonidentical neural activation patterns (Raykov et al., 2024), and fac-
tors such as aging and targeted interventions (e.g., physical exercise) 
affect these abilities in distinct ways (Kachouri et al., 2022; Salthouse 
et al., 2008).

Due to its presumed role in managing and comparing features across 
categories, supporting long-term memory retrieval, and resisting 
distraction (see Wang et al., 2020)—the latter possibly relating to 
attention-based accounts of interleaving effects—most research on in-
dividual differences in interleaving to date has focused on WMC, typi-
cally measured via operation span tasks (Unsworth et al., 2005; cf. 
Suzuki et al., 2022). Sana et al. (2017) found that lower-WMC in-
dividuals benefited more from interleaving when learning non- 
parametric statistical procedures from short texts, performing as well 
as higher-WMC individuals under interleaving but worse under block-
ing; however, this finding was not fully replicated in Sana et al. (2018; 
Experiment 1). Studies with perceptual categories have also found no 
moderating effect of WMC, even under dual task conditions (e.g., Sana 
et al., 2018, Experiments 2–5; Wang et al., 2020; Yan & Sana, 2021), 
although Guzman-Munoz (2017; Experiments 2 and 3) reported mar-
ginal evidence for a larger interleaving effect among higher-WMC 
individuals.

Unlike WMC, the influence of gF and EM ability on the interleaving 
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effect has received little investigation, but there are reasons to suspect 
that they may play a moderating role. For instance, individuals with 
higher gF and EM scores tend to use more effective memory strategies 
such as imagery, the keyword method, and elaboration (e.g., Kirchhoff, 
2009; Minear et al., 2018; see also Bailey, Dunlosky, & Kane, 2008; 
Robey, 2019), which could influence how much they benefit from 
interleaving. Moreover, if these strategies enhance retention and 
retrieval of information across interleaved categories—a process impli-
cated in spacing effect-based accounts—then the interleaving effect may 
be affected. The advanced abstract reasoning abilities of higher-gF in-
dividuals (Carroll, 1993) might improve their ability to extract salient 
features during interleaving, potentially affecting effective discrimina-
tive contrast processes. In a similar vein, EM ability could impact the 
ability to remember distinguishing features, further influencing the 
interleaving effect. All of these possibilities, however, have yet to be 
explored.

To our knowledge, no studies to date have addressed EM ability and 
the interleaving effect. Only a study by Del Missier et al. (2018; Exper-
iment 2) involving word list learning has addressed gF (via Raven's 
standard progressive matrices) and the interleaving effect. They found 
that gF scores were positively correlated with test performance in a 
blocked condition but not in an interleaved condition. Given the study's 
focus on generating proactive interference through the study of multiple 
word lists, however, it is unclear whether its findings generalize to the 
wider literature on the interleaving effect.

1.3. The current study

We investigated individual differences in gF and EM ability and their 
relationship with the interleaving effect. Our investigation comprised 
two studies of nearly identical design, sampling from different pop-
ulations in different geographical locations: undergraduate students at a 
large public research university (Study 1) and adults of various ages and 
educational backgrounds sampled online (Study 2). Sampling from two 
different populations not only enabled us to reach a potentially broader 
range of abilities than a single study alone, but also allowed us to address 
the potential reproducibility of any observed moderating effects of 
cognitive abilities on the interleaving effect.

All participants completed two interleaving learning tasks, one based 
on Kornell and Bjork's (2008) widely-cited study of perceptual category 
learning (with artists' painting styles) and the other based on Zulkiply 

et al.'s (2012) study of text-based category learning (involving psycho-
logical disorders presented in case study format). Including two tasks 
allowed us to address the interleaving effect in two different domains 
and with two modalities where the typical effect size of the interleaving 
effect, and possibly associated cognitive processes, differ (Brunmair & 
Richter, 2019). Both tasks have educational relevance: Perceptual 
category learning commonly occurs in such contexts as physical sciences 
courses, whereas learning about categories from text-based materials 
frequently occurs throughout many levels of education. Examples of the 
stimulus materials used in both tasks are presented in Fig. 1.

In alignment with prior studies of individual differences in cognitive 
abilities and learning strategies (e.g., Brewer & Unsworth, 2012; Pan 
et al., 2015; Robey, 2019), all participants completed three tasks each to 
measure gF and EM ability. Using several tasks to measure a cognitive 
ability is a recommended approach in individual differences research 
(for discussions see Engle & Kane, 2003; Unsworth, 2019; Wingert & 
Brewer, 2018). As a secondary measure of interest, however, each 
participant also completed a WMC task (which enabled comparisons 
with prior research on WMC and the interleaving effect).

For each investigated cognitive ability, we considered three possible 
outcomes. These outcomes can be visualized as hypothetical plots of 
cognitive ability scores versus classification test scores on an inter-
leaving effect task, plotted separately for interleaved and blocked con-
ditions. Those plots are featured in Fig. 2, in which potential moderating 
effects of a cognitive ability on the interleaving effect can be defined as 
scenarios in which that ability influences performance in the interleaved 
condition, the blocked condition, or both. The three outcomes can be 
characterized as follows: 

1. Higher-ability learners benefit most from interleaving. A manifestation of 
this outcome entails a steeper positive slope in the interleaved con-
dition than in the blocked condition. If so, then it would suggest that 
higher-ability learners derive greater benefits from interleaving than 
lower-ability learners, whereas blocking yields more similar levels of 
learning across the ability range. The net result is a larger magnitude 
interleaving effect for higher-ability learners. This outcome could be 
described as interleaving helping the “rich get richer.”

2. Lower-ability learners benefit most from interleaving. This outcome 
could manifest as a steeper positive slope in the blocked condition 
than in the interleaved condition. In this case, lower-ability learners 
exhibit poorer learning than higher-ability learners when blocking is 

Fig. 1. Example perceptual and text-based interleaving task stimuli. 
Note: The perceptual categories encompassed a total of 12 artists and the text-based categories encompassed a total of 6 different psychological disorders. Cyclo-
thymic disorder, an example of a text-based category that is featured in the figure, is typically classified as a milder form of bipolar disorder.
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used, whereas all learners perform more similarly when interleaving 
is used. Consequently, a larger interleaving effect is observed for 
lower-ability learners. With this outcome, interleaving “levels the 
playing field” for learners.

3. All learners benefit from interleaving equally. This outcome would be 
observed if the slopes in the blocked and interleaved conditions do 
not substantially differ. In such a scenario, interleaving effect 
magnitude is similar across the ability range. Under this outcome, the 
interleaving effect acts as “a rising tide lifts all boats.”

It should be noted that the literature on individual differences and 
interleaving to date, which has focused on WMC, has largely reported 
findings that are consistent with the third outcome. Whether the same 
patterns would be observed for the case of gF and EM ability, however, 
was unknown prior to this investigation.

2. Study 1

The initial study investigated whether individual differences in 
cognitive abilities—specifically gF, EM ability, and WMC—moderate the 
benefits of interleaved practice for perceptual and/or text-based cate-
gory learning among a sample of undergraduate students.

2.1. Methods

2.1.1. Participants
The minimum sample size for both studies, 120, was comparable to 

sample sizes used in previous research on individual differences in WMC 
and the interleaving effect (e.g., Sana et al., 2017, 2018; Wang et al., 
2020). Data collection occurred over a five-month academic semester at 
a large public research university in Singapore. We aimed to exceed the 
minimum sample size target, and by semester's end, 167 undergraduate 
students from the psychology subject pool at the university had partic-
ipated in exchange for partial course credit. All participants were either 
native English speakers or highly fluent in English and had not previ-
ously studied or had extensive experience with artists' painting styles or 
psychological disorders. Data from five participants were excluded due 
to experiencing technical problems and/or noncompliance with study 
instructions. The final sample of 162 participants had a mean age of 
21.5 years (range: 18 to 42 years) and was 63.6 % female. Reflecting the 
location in which the study occurred, the vast majority of participants 
were Asian, with ethnic backgrounds comprised of 79.2 % Chinese, 11.0 
% Indian, 4.5 % Malay, and 5.2 % of other ethnicities. The sample was 
dominated by first-year students (61.1 %; with 16.0 % and 22.8 % of the 
students being in their second or at least third year of study, 

respectively). The three most represented academic majors were Psy-
chology (21.6 %), Nursing (13.0 %), and Business (10.5 %).

Data collection for all studies reported in this manuscript was con-
ducted with ethics approval obtained from the same university on July 
11, 2023 (Protocol 2023-June-09, amended 2023-Nov-17). All partici-
pants provided informed consent beforehand. Each participant was 
treated in compliance with the principles outlined in the Declaration of 
Helsinki.

2.1.2. Materials

2.1.2.1. Interleaving learning tasks. Materials for the two interleaving 
tasks were as follows.

2.1.2.1.1. Perceptual categories. Materials were drawn verbatim 
from Kornell and Bjork (2008) and consisted of ten example paintings 
each from the artists Georges Braque, Henri-Edmond Cross, Judy Haw-
kins, Philip Juras, Ryan Lewis, Marilyn Mylrea, Bruno Pessani, Ron 
Schlorff, Georges Seurat, Ciprian Stratulat, George Wexler, and YieMei. 
Six examples per artist were used during the initial study phase (72 
images total), whereas four examples per artist were used during the 
subsequent classification test (48 images total). Half of the artists were 
learned using interleaving, whereas the other half were learned using 
blocking; the assignment of artists to interleaving or blocking was 
identical for all participants. Example stimuli are presented in Fig. 1.

2.1.2.1.2. Text-based categories. Materials were six case studies each 
describing attention deficit hyperactivity disorder, autism spectrum 
disorder, bipolar disorder, borderline personality disorder, intellectual 
development disorder, and schizophrenia. The case studies were based 
on examples included in Zulkiply et al. (2012) (see also Murphy & 
Pavlik, 2018). All case studies consisted of a single paragraph of 
100–120 words in length describing an individual with behavioral 
characteristics that met the diagnostic criteria for the respective disor-
der. Three case studies per disorder were presented during the initial 
study phase (18 case studies total), whereas the remaining three case 
studies per disorder were used during the subsequent classification test 
(9 case studies total). To help mitigate potential order effects (and 
considering the relatively small number of categories and case studies), 
the assignment of categories to be interleaved or blocked during initial 
study occurred using three counterbalancing schemes, with each 
participant receiving one of those schemes. An example case study is 
presented in Fig. 1.

As the original case study materials were no longer available (N. 
Zulkiply, personal communication, July 26, 2019), newly constructed 
versions were used that resembled those materials as closely as possible 
but with one major change to better align with authentic learning 

Fig. 2. Hypothetical relations between cognitive abilities and the interleaving effect. 
Note: The above panels display hypothetical performance on a classification task (after materials have been learned through blocking and interleaving) as a function 
of cognitive ability scores. Depending on the scenario, performance in the blocked and interleaved conditions may or may not differ among individuals of low versus 
high cognitive ability (e.g., gF, EM ability).
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contexts: Whereas Zulkiply et al. (2012) used nonsense names (e.g., 
“Hix”) in place of the actual disorder name, we used an obscure but 
clinically relevant name (i.e., cyclothymic affect disorder, dysfunctional 
cognition disorder, pervasive development disorder, resonance devel-
opment disorder, schismic cognition disorder, and self-regulation dis-
order) to increase the plausibility of the materials.

2.1.2.2. Fluid intelligence tasks. The tasks assessing gF (Raven's pro-
gressive matrices, number series, and letter sets tasks) used materials 
previously developed for these assessments. Raven's progressive 
matrices included 18 test items (Raven & Raven, 2003), the number 
series task consisted of 15 test items (Ekstrom et al., 1976), and the letter 
sets task comprised 20 test items (Thurstone, 1938).

2.1.2.3. Episodic memory tasks. The tasks assessing EM ability (delayed 
free recall, cued recall, and recognition tasks) used materials from 
Brewer and Unsworth (2012). The delayed free recall task featured six 
lists of 10 words each, the cued recall task involved three lists of 10 word 
pairs each, and the recognition task consisted of 60 drawings depicting 
diverse objects.

2.1.2.4. Working memory task. The WMC task was a version of the 
operation span (Unsworth et al., 2005) that is commercially available 
via the Inquisit (Millisecond Software, 2023) online software platform. 
The constituent materials in that task, namely letters and math prob-
lems, were used without modification.

2.1.3. Procedure and scoring
All participants underwent a single session lasting approximately 90 

min in a laboratory testing room. They used desktop PCs or docked 
laptop computers equipped with the Google Chrome internet browser 
and Inquisit Web 5 software while situated at individual laboratory 
testing cubicles or desks. After providing informed consent and 
responding to demographic questions, they completed the two inter-
leaving tasks in counterbalanced order (with either the perceptual or the 
text-based task first). Following these initial tasks, they completed the 
operation span task, the three gF tasks (Raven's progressive matrices, 
number series, and letter sets), and the three EM tasks (delayed free 
recall, cued recall, and image recognition), in that order. Participants 
were allowed brief breaks between tasks if desired. After completing the 
final task, they received a debriefing and were dismissed.

2.1.3.1. Interleaving learning tasks. We used the visual category learning 
task popularized by Kornell and Bjork (2008) and a text-based category 
learning task developed by Zulkiply et al. (2012). As all participants 
indicated no prior experience with artists' painting styles or psycho-
logical disorders—and were encountering these concepts for the first 
time through the examples presented in the tasks, without any addi-
tional explanations or training—they were engaging entirely in induc-
tive learning as they performed the tasks. Details of the tasks are as 
follows.

2.1.3.1.1. Perceptual categories. During an initial study phase, par-
ticipants viewed six examples from each of 12 different artists (for a total 
of 72 examples). Each painting was displayed one at a time for 3 s with 
the last name of the artist displayed below. Each consecutive block of six 
paintings comprised either six paintings by a single artist (blocked) or 
one painting by each of six artists (interleaved). As in Kornell and Bjork 
(2008), the order of the blocks followed the pattern BIIBBIIBBIIB (where 
B = blocked and I = interleaved). The order of paintings within each six- 
painting block was randomized anew for each participant. Next, par-
ticipants paused for 30 s before proceeding to the classification test. On 
the test, four new examples of each artist were presented in random 
order. Each example was accompanied by a list of the 12 artists, with 
participants required to select the artist that they believed painted that 
example. Feedback was not provided. The test was self-paced and ended 

once participants had finished answering all 48 items. The interleaving 
effect was computed for each participant by subtracting the mean 
classification test score for all blocked artists from the mean test score 
for all interleaved artists.

2.1.3.1.2. Text-based categories. During the initial study phase, 
participants viewed three example case studies for each of six different 
disorders (for a total of 18 examples). Each case study was presented one 
at a time for 30 s in text format with the name of the disorder displayed 
above. Each consecutive block of three case studies comprised either 
three examples of the same disorder (blocked) or one example of each of 
three different disorders (interleaved). As in Zulkiply et al. (2012), the 
order of the blocks was BIBIBI (where B = blocked and I = interleaved). 
The order of case studies within each block was randomized anew for 
each participant. Next, after a break of approximately 30 s, participants 
proceeded to the classification test. On the test, three new examples of 
each disorder were presented in random order. Each example was 
accompanied by a list of the six disorders, with participants required to 
select the disorder that they believed was described in the example. 
Feedback was not provided. The test was self-paced and ended once 
participants had finished answering all 18 items. The interleaving effect 
was computed for each participant by subtracting the mean classifica-
tion test score for all blocked disorders from the mean test score for all 
interleaved disorders.

2.1.3.2. Fluid intelligence tasks. The three fluid intelligence tasks, which 
included figural matrices and series tests (both widely recognized as 
effective measures of fluid intelligence; Kyllonen et al., 2017) were as 
follows.

2.1.3.2.1. Raven's progressive matrices. Participants were allotted 10 
min to solve up to 18 logic problems presented in a fixed sequence that 
progressively increased in difficulty. Each problem featured a 3 × 3 
matrix of geometric patterns, with the bottom right pattern missing. 
From eight options, participants chose the pattern that they believed 
correctly completed the matrix. Scores were calculated as the proportion 
of correctly solved problems out of 18.

2.1.3.2.2. Number series. Participants had 5 min to solve up to 15 
problems. Each problem presented a sequence of numbers following an 
undisclosed rule, along with five potential answer options. Problems 
were presented in the same sequence for all participants. Participants 
were tasked with selecting the answer option representing the next 
number in the series. Scores were calculated as the proportion of 
correctly solved problems out of 15.

2.1.3.2.3. Letter sets. Participants were given up to 5 min to solve up 
to 20 problems. Each problem featured five sets of four letters, with four 
sets adhering to an undisclosed rule. Participants were required to 
identify the set that deviated from this rule. Problems were presented 
consistently for all participants. Scores were calculated as the proportion 
of correctly solved problems out of 20.

2.1.3.3. Episodic memory tasks. The three episodic memory tasks, which 
encompassed free recall, cued recall, and recognition tasks (which are 
widely used and recommended in psychology research; Cleary, 2018; 
see also Unsworth, 2019) were as follows.

2.1.3.3.1. Delayed free recall. Participants were presented with six 
lists, each containing 10 common nouns. Each list went through three 
phases: list presentation, distractor task, and free recall test. During list 
presentation, nouns were displayed individually for 1 s each and in the 
same order for all participants. Next, a 15-s distractor task involved 
solving three arithmetic problems. Finally, participants underwent a 
free recall test, where they typed as many words from the most recently 
presented list as they could remember within a 45-s time frame. Par-
ticipants' scores were calculated as the proportion of correctly recalled 
words out of 60, across all six lists.

2.1.3.3.2. Cued recall. Participants learned three lists, each con-
taining 10 word pairs. First, each pair was displayed individually for 2 s 
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each, in the same order for all participants. Next, a cued recall test 
required participants to recall and type the missing target word when 
presented with only the cue word for each pair. This test was self-paced, 
and no feedback was provided. Participants' scores were calculated as 
the proportion of word pairs correctly recalled out of 30, across all three 
lists.

2.1.3.3.3. Image recognition. Participants viewed 30 drawings 
depicting various common objects, with each image shown individually 
for 3 s in random order. Subsequently, a recognition test involved 
viewing 60 drawings individually for 5 s each, also in random order. 
Participants were tasked with identifying each image as either new or 
old (including the 30 drawings previously seen and 30 new ones). Their 
scores were calculated as the proportion of correctly identified images 
out of 60.

2.1.3.4. Working memory task. Participants completed the operation 
span task, which measures participants' capacity to retain a sequence of 
letters in working memory, using Inquisit Web 5. The task, which is a 
widely used method of measuring WMC (Conway et al., 2005), involved 
the presentation of randomly ordered sequences containing three to 
seven letters. Each letter was displayed for approximately 1 s and pre-
ceded by a simple math problem. Following the presentation of a given 
sequence, participants recalled the letters by selecting them in the cor-
rect order from a provided letter matrix. The entire task consisted of 15 
trials, each featuring a unique sequence of letters. The task was scored 
using partial credit load scoring, in which each participant's operation 
span score was the sum of the correctly recalled letters from all se-
quences, regardless of whether an entire sequence was recalled perfectly 
(with a maximum possible score of 75). This scoring approach is rec-
ommended for its internal consistency (Conway et al., 2005).

2.1.4. Score transformations and analysis plan
R version 4.1.0 (R Core Team, 2021) was used for all data processing 

and analyses.

2.1.4.1. Composite Z-scores. Following approaches used in prior studies 
of individual differences (e.g., Brewer & Unsworth, 2012; Robey, 2019; 
see also Wingert & Brewer, 2018), z-score transformations of the gF, EM, 
and WMC measures were performed (i.e., rescaling the data from each 
measure to achieve a mean of 0 and a standard deviation of 1). Subse-
quently, the mean of the respective z-scores for each participant was 
computed to generate composite z-scores for gF and EM ability (e.g., the 
composite EM ability score for a given participant encompassed the 
average of the z-scores derived from the delayed free recall, cued recall, 
and recognition tasks for that participant). Given that only one task was 
used to measure WMC, however, a composite score was not computed 
for WMC.

2.1.4.2. Factor scores. Besides composite z-scores, we employed 
confirmatory factor analysis (CFA) to generate factor scores for gF and 
EM. Details of this approach are presented in the Supplementary Results.

2.1.4.3. Analysis plan. The analysis plan comprised the following steps. 
First, we computed descriptive statistics and a correlation matrix for all 
measures. Second, we investigated the magnitude and variability of the 
interleaving effect by computing it separately for perceptual categories 
and text-based categories and identifying the percentages of participants 
with positive, negative, and null interleaving effects. To further char-
acterize the observed interleaving effects, we also report Bayes factors 
calculated using the BayesFactor package in R (Morey & Rouder, 2012); 
BF10 is reported in cases where the alternative hypothesis is more likely 
(i.e., BF10 > 3), and for ease of interpretation, the reciprocal BF01 is 
reported in cases where the null hypothesis is more likely (i.e., BF01 > 1) 
(Rouder et al., 2009; Wagenmakers, 2007).

Third, we explored the potential influence of individual differences 

in cognitive abilities on the interleaving effect by fitting linear mixed- 
effects models using composite z-scores along with classification test 
data for blocked and interleaved items. Models were fitted separately for 
perceptual and text-based categories using the lme4 package version 
1.1.34 (Bates et al., 2015) in R. Within each set of analyses, we fitted 
models individually for gF and EM ability to examine interaction effects 
between learning schedule (blocked vs. interleaved) and the specific 
individual differences of interest. Each model incorporated learning 
schedule (blocked = 0 vs. interleaved = 1), the respective composite 
scores, and their interaction as predictors, with crossed random in-
tercepts for participants. Fourth, for additional insights into the poten-
tial role of individual differences on the interleaving effect for 
perceptual categories, we conducted supplementary analyses that 
involved dividing the study data into quartiles (cf. Brewer & Unsworth, 
2012; Minear et al., 2018). Fifth, to investigate the potential role of 
WMC on the interleaving effect, we performed linear-mixed effects 
models using operation span z-scores separately for the perceptual and 
text-based categories (these analyses were less extensive given that 
WMC was not the main focus of this study).

To provide potentially converging evidence, the third through fourth 
steps described above were repeated using factor scores (for a similar 
approach, see Robey, 2019), which offer the advantage of minimizing 
the measurement error associated with composite scores (Robey, 2019; 
also see Wingert & Brewer, 2018), for perceptual materials. The results 
of these analyses, which are reported in the Supplementary Results, 
were consistent across all comparisons with the composite score-based 
analyses.

Lastly, we employed structural equation modeling (SEM) to analyze 
combined data from Studies 1 and 2. These results are presented after 
the separate results for Study 1 and Study 2.

2.2. Results

Descriptive statistics and split-half reliability values are presented in 
Table 1 and a correlation matrix of all measures is presented in Table 2. 
In the following sections, we first present analyses of interleaving effect 
magnitude and variability, analyses involving gF and EM ability, and 
then analyses involving WMC.

2.2.1. Interleaving effects

2.2.1.1. Perceptual categories. Participants tended to classify examples 

Table 1 
Descriptive statistics for Study 1.

Measure Mean SD Skewness Kurtosis Reliability

Perceptual categories
Interleaved condition 0.54 0.24 − 0.072 − 0.98 0.91
Blocked condition 0.30 0.17 0.46 − 0.46 0.83
Interleaving effect 0.24 0.19 0.11 − 0.25 0.74
Text-based categories
Interleaved condition 0.62 0.29 − 0.40 − 1.02 0.82–0.86a

Blocked condition 0.61 0.29 − 0.33 − 1.19 0.79–0.83a

Interleaving effect 0.0048 0.24 − 0.056 0.67 0.35–0.60a

Fluid intelligence (gF)
Raven's matrices 0.80 0.19 − 1.12 0.57 0.86
Letter sets 0.53 0.12 0.12 0.08 0.63
Number series 0.68 0.17 − 0.21 − 0.43 0.73
Episodic memory (EM) 

ability
Delayed free recall 0.50 0.13 − 0.10 − 0.16 0.80
Cued recall 0.59 0.23 − 0.15 − 0.95 0.91
Image recognition 0.92 0.091 − 1.69 3.08 0.55
Working memory 

capacity (WMC)
Operation span 66.03 9.75 − 2.82 11.85 0.70

a Range of values reflects split-half reliabilities for the different counter-
balanced versions of the text-based category learning task.
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from interleaved artists more correctly than examples from blocked 
artists, t(161) = 16.37, p < .0001, Cohen's d = 1.29, BF10 > 1000. The 
mean interleaving effect for perceptual categories was 0.24 proportion 
correct, which aligns with effects reported in the literature using the 
same or similar materials. There was variability in this effect: 90.7 % of 
participants exhibited a numerically positive interleaving effect, 5.6 % 
exhibited a numerically negative interleaving effect (i.e., classification 
performance was better for blocked artists), and 3.7 % exhibited no 
interleaving effect (i.e., equivalent performance for blocked and inter-
leaved artists). Across the entire sample, interleaving effect magnitude 
ranged from − 0.21 to 0.75 proportion correct.

2.2.1.2. Text-based categories. Participants did not classify case studies 
representing interleaved disorders more correctly than case studies 
representing blocked disorders, t(161) = 0.26, p = .80, d = 0.020, BF01 
= 11.05. The very small mean interleaving effect for text-based cate-
gories, 0.0048 proportion correct, is inconsistent with the results re-
ported by Zulkiply et al. (2012) or another recent study (that used the 
same case study stimulus materials but in a between-subjects design) in 
which a significant interleaving effect was observed (Pan, Selvarajan 
and Murphy, 2024). It does, however, resemble the null results reported 
by Murphy and Pavlik (2018) using similar materials. Overall, 38.9 % of 
participants exhibited a numerically positive interleaving effect, 37.7 % 
exhibited a numerically negative interleaving effect, and 23.5 % 
exhibited no interleaving effect. Across the sample, interleaving effect 
magnitude ranged from − 0.78 to 0.67 proportion correct.

2.2.2. Fluid intelligence, episodic memory ability, and the interleaving effect

2.2.2.1. Perceptual categories. We first report the results of linear mixed- 
effects models and then that of supplementary quartile-based analyses. 
Interaction effect results are detailed in Table 3 and scatterplots corre-
sponding to gF and EM ability, respectively, are presented on the left- 
side panels of Fig. 3. Violin plots and line graphs corresponding to the 
quartile-based analyses are presented in the right-side panels of Fig. 3.

2.2.2.1.1. Linear mixed-effects models. Separate linear mixed-effects 
models were conducted using the composite scores of gF and EM. The 
results showed that gF scores significantly predicted classification test 
scores (b = 0.033, SE = 0.016, p = .039, d = 0.27), and EM scores also 
had a significant effect (b = 0.078, SE = 0.014, p < .001, d = 0.68). 
Higher composite scores for both gF and EM were associated with 
increased classification test scores. A significant interaction effect was 
also found between gF composite scores and the learning schedule (b =

0.037, SE = 0.014, p = .011, d = 0.41). This interaction highlights that 
while gF scores predicted classification test scores in both the blocked 
condition (b = 0.033, 95 % CI = [0.00, 0.06]) and the interleaved 
condition (b = 0.070, 95 % CI = [0.04, 0.10]), the prediction slope was 
significantly steeper in the interleaved condition compared to the 
blocked condition. Further, a significant interaction effect was observed 
between EM composite scores and the learning schedule (b = 0.041, SE 
= 0.014, p = .004, d = 0.46). Specifically, EM scores significantly and 
positively predicted classification test scores in both the blocked con-
dition (b = 0.078, 95 % CI = [0.05, 0.11]) and the interleaved condition 
(b = 0.12, 95 % CI = [0.09, 0.15]), with a steeper slope for the inter-
leaved condition. Together with inspection of the scatterplots in Fig. 3, 
these results suggest that individuals with higher gF and EM ability 
scores exhibited a larger magnitude interleaving effect, due largely to 
higher performance in the interleaved condition relative to lower ability 
participants.

2.2.2.1.2. Quartile-based analyses. We performed supplementary 
analyses involving the lowest and highest quartiles of each composite z- 
score for gF and EM ability, respectively. Mixed-factors ANOVAs 
revealed a significant interaction for gF, F (80) = 6.95, p = .010, η2

p =

0.080, and EM ability, F (80) = 4.10, p = .046, η2
p = 0.049, which in-

dicates that the interleaving effect was larger for participants with 
higher gF and/or higher EM ability composite scores. That pattern, 
which is consistent with the findings from the linear mixed-effects 
models, is also evident upon examination of the quartile graphs in Fig. 3.

2.2.2.2. Text-based categories. Although there was not a significant 
interleaving effect for text-based categories across the entire sample, we 

Table 2 
Correlation matrix for Study 1.

Measure 1 2 3 4 5 6 7 8 9 10 11 12 13

Interleaving tasks
1. I-Visual 1.00
2. B-Visual 0.63*** 1.00
3. IE-Visual 0.69*** − 0.12 1.00
4. I-Text 0.30*** 0.29*** 0.12 1.00
5. B-Text 0.42*** 0.28*** 0.27*** 0.67*** 1.00
6. IE-Text − 0.14 0.0080 − 0.19* 0.41*** − 0.40*** 1.00

gF tasks
7. Raven 0.39*** 0.23** 0.29*** 0.43*** 0.43*** 0.0023 1.00
8. Lsets − 0.0080 0.024 − 0.032 − 0.041 − 0.038 − 0.0044 0.036 1.00
9. Nseries 0.25** 0.16* 0.17* 0.28*** 0.28*** − 0.0042 0.51*** 0.21** 1.00

EM ability tasks
10. DFR 0.32*** 0.32*** 0.11 0.25** 0.29*** − 0.043 0.32*** 0.14 0.29*** 1.00
11. CR 0.43*** 0.41*** 0.16* 0.30*** 0.30*** − 0.0070 0.37*** 0.0010 0.33*** 0.50*** 1.00
12. Recog 0.44*** 0.33*** 0.25** 0.36*** 0.34*** 0.035 0.46*** 0.10 0.25** 0.34*** 0.40*** 1.00
WMC task
13. Ospan 0.14 0.14 0.048 0.22** 0.22** − 0.0067 0.30*** 0.11 0.30*** 0.28*** 0.21** 0.35*** 1.00

Note. * = p < .05; ** = p < .01; *** = p < .001. For the interleaving tasks (1–6): I = interleaved condition; B = blocked condition, IE = interleaving effect; Visual =
perceptual categories; Text = text-based categories. For the fluid intelligence tasks (7–9): Raven = Raven's progressive matrices; Lsets = Letter sets; Nseries = Number 
series. For the episodic memory tasks (10− 12): DFR = delayed free recall; CR = cued recall; Recog. = image recognition. Working memory task (13): Ospan =
operation span.

Table 3 
Moderating effects of individual differences in fluid intelligence and episodic 
memory ability on the interleaving effect in linear mixed-effect models for Study 
1.

Stimulus type Cognitive ability B SE p-value Cohen's d

Perceptual categories
Fluid intelligence 0.037 0.014 0.011* 0.41
Episodic memory 0.041 0.014 0.004** 0.46

Text-based categories
Fluid intelligence − 0.00072 0.019 0.969 − 0.0061
Episodic memory − 0.0015 0.019 0.937 − 0.013

Note. * = p < .05; ** = p < .01. Analyses were performed using composite z- 
scores for each cognitive ability.
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still performed linear mixed-effects models to explore the potential role 
of individual differences in gF and EM ability. Interaction effects results 
are detailed in Table 3. The analyses showed that gF and EM composite 
z-scores positively and significantly predicted classification test scores 
(p-values < .001); that is, higher gF and EM scores were both associated 
with higher classification test scores. No significant interactions, how-
ever, were found between learning schedule and gF (p = .969) or EM 
ability (p = .937) composite scores. Given the lack of any significant 
interactions, no further analyses involving text-based categories were 
performed.

2.2.3. Working memory capacity and the interleaving effect
A linear mixed-effects analysis using operation span z-scores and 

perceptual category test scores found no significant interaction with 
learning schedule (p = .544), suggesting that WMC does not moderate 
the interleaving effect for perceptual category learning. A corresponding 
analysis for text-based categories also found no significant interaction 
with learning schedule (p = .933).

3. Study 2

The first study found that individual differences in gF and EM ability, 
but not WMC, moderated the effects of interleaved practice for 
perceptual category learning. With respect to text-based categories, 

however, a significant overall interleaving effect was not observed, and 
moreover, there were no signs that the assessed individual differences in 
cognitive abilities played a moderating role. To enhance the robustness 
of our findings and explore the generalizability of these effects, a second 
study was conducted to determine whether similar patterns would be 
observed when the same tasks and ability measures are administered to 
a different sample that is drawn from different population in 
geographical regions that were not represented in Study 1. It closely 
mirrored the first study in most aspects, with the primary difference 
being that it was conducted entirely online and sampled a completely 
different population that did not include undergraduate students from 
Singapore as in Study 1. This shift in sampling may allow for a broader 
range of cognitive abilities in Study 2, which could enhance the ability to 
detect nuanced relationships between cognitive abilities and the inter-
leaving effect (for related discussions, see Pan et al., 2015; Unsworth, 
2019).

3.1. Methods

The study design, research questions, and analysis plan were pre-
registered at https://aspredicted.org/WTR_ZGK. Nearly all aspects of 
Study 2, excepting sample characteristics and the online setting, were 
identical to that of Study 1.

Fig. 3. Perceptual category classification test performance as a function of fluid intelligence and episodic memory ability composite scores in Study 1. 
Note: In the left side panels, lines = best fitting regression line (solid and dotted lines refer to the interleaved and blocked conditions, respectively) and shading = 95 
% CI. In the right side panels, the violin plots represent data from the blocked and interleaved conditions, respectively, on the visual classification test; the dot-and- 
line graphs represent performance in the blocked and interleaved conditions for individual participants.
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3.1.1. Participants
Participants were recruited online from Prolific Academic (Prolific, 

London, UK), a crowdsourcing platform that is widely used in academic 
research and is known for its data quality (Palan & Schitter, 2017). Each 
participant received at least US$14.00 in exchange for their participa-
tion. All participants had to be residing in an English-speaking country, 
possess fluency in English, and fall within the age range of 21 to 45 years 
(the lower limit determined by ethics board requirements for online 
studies). They also had to have an approval rate of 95 % or higher on 
prior Prolific studies.

We again aimed for a sufficient number of participants to exceed the 
120-participant minimum sample size target. Sampling occurred over 
two rounds of data collection and all participants met the aforemen-
tioned screening requirements. The first round involved 30 Prolific 
participants that had previously been recruited for a separate, one- 
session study in which they completed all of the same ability measures 
as well as an unrelated paired associate word learning task; those par-
ticipants were then re-invited to complete both interleaving tasks in a 
follow-up 30-min session (which established that those tasks could be 
feasibly conducted online). In the second round, 127 entirely new Pro-
lific participants completed the entire study in a single session (Note: 
despite completing the interleaving tasks in a separate session, first 
round participants showed no notable performance differences from 
second round participants). After data from one participant in the first 
round was excluded for technical reasons, all remaining participants 
from both rounds were combined into a single dataset for analysis.

The final sample of 156 participants had a mean age of 32.5 years 
(range: 21 to 45 years) and was 59.6 % male; in terms of ethnic back-
ground, 51.6 % were White, 22.3 % were Black, 19.7 % were Asian, and 
5.7 % identified as Mixed or of other ethnic groups. Nearly half (45.5 %) 
of participants were from the U.K., with the remainder from the U.S. 
(23.1 %), Canada (19.2 %), Australia (10.9 %), and New Zealand (1.3 
%). In terms of educational background, 43.6 % reported having 
attained an undergraduate degree as their highest level of education, 
whereas 21.2 %, 20.5 %, and 10.3 % indicated having attained a grad-
uate degree, high school diploma, or other education levels, 
respectively.

3.1.2. Materials, procedure, data processing, and analysis plan
Nearly all aspects of this study were identical to its predecessor, 

including the use of the same materials, procedures, and data processing 
and analysis steps. The chief exceptions reflected the online setting. 
Specifically, all participants completed the study remotely at a time and 
place of their choosing. The study instructions advised them to choose a 
quiet, undisturbed location with a stable internet connection. We also 
required the use of a desktop or laptop computer that was equipped with 
the Google Chrome browser and the Inquisit Web 5 application, plus 
implemented a technical check for each participant to verify hardware 
and software compatibility. Finally, to ensure that participants remained 
focused on the task at hand, their browser activity was monitored 
throughout the study using TaskMaster (Permut, Fisher, & Oppen-
heimer, 2019). No participants were excluded from the study based on 
TaskMaster data, indicating satisfactory compliance with instructions.

The preregistered analysis plan specified the same sets of analyses 
that were performed for Study 1 with one addition: supplementary an-
alyses of interleaving effect magnitude among participants that did or 
did not have an undergraduate degree (these analyses are reported in the 
Supplementary Results).

3.2. Results

Descriptive statistics and split-half reliability values are presented in 
Table 4 and a correlation matrix of all measures is presented in Table 5. 
It is notable that the reliability of the gF and WMC measures was 
numerically higher than that for Study 1, and moreover, the range of 
ability scores was generally wider for measures of gF, EM ability, and 

WMC in Study 2 versus Study 1. The following analyses are presented in 
the same order as in Study 1.

3.2.1. Interleaving effects

3.2.1.1. Perceptual categories. Participants tended to classify examples 
from interleaved artists more accurately than examples from blocked 
artists, t(155) = 11.88, p < .0001, d = 0.95, BF10 > 1000. The mean 
interleaving effect for perceptual categories was 0.18 proportion cor-
rect, which is comparable to prior findings in the literature. Variability 
in the effect was observed: 78.8 % of participants exhibited a numeri-
cally positive interleaving effect, 15.4 % exhibited a numerically nega-
tive interleaving effect, and 5.7 % exhibited no interleaving effect. 
Across the entire sample, interleaving effect magnitude ranged from 
− 0.33 to 0.62.

3.2.1.2. Text-based categories. Participants tended to classify examples 
describing interleaved disorders more accurately than examples 
describing blocked disorders, t(155) = 2.41, p = .017, d = 0.19, BF10 =

1.46. The mean interleaving effect for text-based categories was 0.049 
proportion correct. Albeit relatively modest in effect size (and with a 
Bayes factor that suggests mild evidence for the alternative hypothesis), 
that statistically significant difference differs from the results for Study 1 
and is in closer alignment with findings reported by Zulkiply et al. 
(2012) and Pan, Selvarajan and Murphy (2024). Variability in that effect 
was also observed: 45.5 % of participants exhibited a numerically pos-
itive interleaving effect, 36.5 % exhibited a numerically negative 
interleaving effect, and 17.9 % exhibited no interleaving effect. Across 
the entire sample, interleaving effect magnitude ranged from − 0.55 to 
0.78.

3.2.2. Fluid intelligence, episodic memory ability, and the interleaving effect

3.2.2.1. Perceptual categories. As with Study 1, we first report the results 
of linear-mixed effects models involving gF and EM ability, followed by 
quartile-based analyses. Interaction effect results are detailed in Table 6
and scatterplots corresponding to gF and EM ability, respectively, are 
presented on the left-side panels of Fig. 4. Violin plots and line graphs 
corresponding to the quartile-based analyses are presented in the right- 
side panels of Fig. 5.

3.2.2.1.1. Linear mixed-effects models. We submitted classification 
test scores to linear mixed-effects models involving composite z-scores of 

Table 4 
Descriptive statistics for Study 2.

Measure Mean SD Skewness Kurtosis Reliability

Perceptual categories
Interleaved condition 0.48 0.24 0.066 − 0.75 0.88
Blocked condition 0.30 0.19 0.92 0.57 0.86
Interleaving effect 0.18 0.19 0.098 − 0.43 0.62
Text-based categories
Interleaved condition 0.54 0.29 − 0.086 − 1.20 0.75–0.79a

Blocked condition 0.49 0.27 0.23 − 0.92 0.68–0.76a

Interleaving effect 0.049 0.26 0.32 0.075 0.35–0.44a

Fluid intelligence (gF)
Raven's matrices 0.61 0.26 − 0.27 − 1.11 0.91
Letter sets 0.47 0.14 − 0.096 − 0.38 0.72
Number series 0.56 0.19 − 0.16 − 0.14 0.72
Episodic memory (EM) 

ability
Delayed free recall 0.50 0.20 0.47 − 0.60 0.93
Cued recall 0.52 0.25 0.12 − 0.91 0.92
Image recognition 0.88 0.12 − 1.60 3.38 0.61
Working memory 

capacity (WMC)
Operation span 58.38 17.88 − 1.73 2.45 0.90

a Range of values reflects split-half reliabilities for the different counter-
balanced versions of the text-based category learning task.
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gF and EM ability. In these analyses, gF scores significantly predicted 
classification test scores, b = 0.043, SE = 0.017, p = .011, d = 0.34, as 
did EM scores, b = 0.059, SE = 0.017, p < .001, d = 0.47. There was a 
significant interaction effect between gF composite scores and learning 
schedule, b = 0.047, SE = 0.015, p = .002, d = 0.51. Specifically, gF 
composite scores significantly and positively predicted classification test 
scores in both the blocked condition (b = 0.043, 95 % CI = [0.01, 0.08]) 
and the interleaved condition (b = 0.090, 95 % CI = [0.06, 0.12]), with a 
steeper slope for the interleaved condition. No significant interaction 
was found between learning schedule and composite scores for EM 
ability (p = .136). These results are depicted in the scatterplots of Fig. 4.

3.2.2.1.2. Quartile-based analyses. We performed supplementary 
analyses involving the lowest and highest quartiles of the composite z- 
scores for gF and EM ability. Mixed-factors ANOVAs revealed a signifi-
cant interaction for gF, F (76) = 10.88, p = .001, η2

p = 0.125, but not for 
EM ability (p = .147). That pattern, which aligns with the linear mixed- 
effects model findings, is evident upon examination of the quartile 
graphs in Fig. 4, in which the highest gF quartile exhibited a larger 
interleaving effect due to higher performance in the interleaved 
condition.

3.2.2.2. Text-based categories. Linear mixed-effects analyses both 
showed that gF and EM composite scores positively and significantly 
predicted classification test scores (p-values < .003). No significant in-
teractions were found between learning schedule and composite scores 
for gF (p = .101) or EM ability (p = .565). Given these results, we did not 
perform any further analyses involving text-based categories.

3.2.3. Working memory capacity and the interleaving effect
A linear mixed-effects analysis involving operation span z-scores and 

visual classification test performance revealed a significant interaction 
with learning schedule, b = 0.036, SE = 0.015, p = .017, d = 0.39. 
Specifically, operation span scores significantly and positively predicted 
classification test scores in the interleaved condition (b = 0.065, 95 % CI 
= [0.03, 0.10]), whereas the relationship was not significant in the 
blocked condition (b = 0.029, 95 % CI = [− 0.00, 0.06]). This result 
contrasts with findings from Study 1 and other reports in the literature 
(e.g., Sana et al., 2017, 2018; Wang et al., 2020) and is more reminiscent 
of the patterns reported by Guzman-Munoz (2017). A corresponding 
analysis involving text-based categories found no significant interaction 
between learning schedule and operation span z-scores (p = .649), 
similar to Study 1.

4. Structural equation modeling analyses of studies 1 and 2 
combined

To examine how gF, EM ability, and WMC might influence the 
interleaving effect when all three abilities are considered simulta-
neously, we employed a structural equation modeling (SEM) approach. 
SEM allows for the simultaneous examination of multiple relationships 
between observed and latent variables (Hair et al., 2006). To meet the 
sample size requirement of at least 200 participants for SEM, we com-
bined the datasets from both studies (combined n = 318). SEM models 
were fitted using the lavaan package (version 0.6–9; Rosseel, 2012) in R, 
with robust maximum likelihood estimation and robust standard errors. 
The SEM analyses were not preregistered.

4.1. Perceptual categories

In the baseline model (Model 1), which is illustrated in Fig. 1, we 
used the task scores corresponding to each cognitive ability as indicators 
for the latent variables: gF, EM ability, and WMC. We fixed the variance 
of all latent factors to one and regressed these three latent variables on 
the classification test scores from both the interleaved and blocked 
conditions. Additionally, we allowed covariances between the classifi-
cation test scores in both conditions and among the latent factors. The 
model fit indices were: χ2(20) = 64.05, p < .001, SRMR = 0.053, robust 
CFI = 0.93, robust RMSEA = 0.083, 90 % CI [0.061, 0.107]. RMSEA 
values between 0.05 and 0.08 suggest a reasonable fit and values above 
0.10 indicate a poor fit (MacCallum et al., 1996), whereas SRMR values 
below 0.08 and CFI values above 0.90 are considered indicative of an 

Table 5 
Correlation matrix for Study 2.

Measure 1 2 3 4 5 6 7 8 9 10 11 12 13

Interleaving tasks
1. I-Visual 1.00
2. B-Visual 0.63*** 1.00
3. IE-Visual 0.61*** − 0.22** 1.00
4. I-Text 0.42*** 0.26*** 0.26** 1.00
5. B-Text 0.40*** 0.28*** 0.22** 0.58*** 1.00
6. IE-Text 0.048 0.0022 0.058 0.52*** − 0.39*** 1.00

gF tasks
7. Raven 0.40*** 0.28*** 0.22** 0.32*** 0.25** 0.099 1.00
8. Lsets 0.19* 0.12 0.11 0.23** 0.11 0.15 0.38*** 1.00
9. Nseries 0.31*** 0.12 0.26*** 0.30*** 0.26** 0.069 0.49*** 0.49*** 1.00

EM ability tasks
10. DFR 0.21** 0.26** − 0.0039 0.15 0.21** − 0.049 0.22** − 0.0077 0.064 1.00
11. CR 0.25** 0.28*** 0.034 0.12 0.23** − 0.11 0.13 0.10 0.18* 0.61*** 1.00
12. Recog 0.33*** 0.17* 0.24** 0.21** 0.18* 0.048 0.31*** 0.073 0.12 0.22** 0.29*** 1.00
WMC task
13. Ospan 0.27*** 0.15 0.19* 0.16* 0.14 0.037 0.23** 0.14 0.26*** 0.37*** 0.39*** 0.22** 1.00

Note. * = p < .05; ** = p < .01; *** = p < .001. For the interleaving tasks (1–6): I = interleaved condition; B = blocked condition, IE = interleaving effect; Visual =
perceptual categories; Text = text-based categories. For the fluid intelligence tasks (7–9): Raven = Raven's progressive matrices; Lsets = Letter sets; Nseries = Number 
series. For the episodic memory tasks (10–12): DFR = delayed free recall; CR = cued recall; Recog. = image recognition. Working memory task (13): Ospan = operation 
span.

Table 6 
Moderating effects of individual differences in fluid intelligence and episodic 
memory ability on the interleaving effect in linear mixed-effect models for Study 
2.

Stimulus type Cognitive ability B SE p-value Cohen's d

Perceptual categories
Fluid intelligence 0.047 0.015 0.002** 0.51
Episodic memory 0.023 0.015 0.136 0.24

Text-based categories
Fluid intelligence 0.034 0.020 0.101 0.27
Episodic memory − 0.012 0.020 0.565 − 0.093

Note. * = p < .05; ** = p < .01. Analyses were performed using composite z- 
scores for each cognitive ability.
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acceptable fit (Browne & Cudeck, 1992; Hu & Bentler, 1999). Hence, 
although the RMSEA value suggests a mediocre fit, the other indices 
indicate an acceptable model fit.

To assess whether the regression slopes for classification test scores 
differed between the interleaved and blocked conditions for each 
cognitive ability, we fitted constrained models. Specifically, we devel-
oped three constrained models (Models 2, 3, and 4), each examining the 
equivalence of regression slopes for one cognitive ability. In Model 2, the 
regression slopes from gF to the classification test scores were con-
strained to be equal across conditions. Model 3 applied the same 
constraint for EM ability, while Model 4 did so for WMC.

The fit of Model 2, which constrained the slopes for gF, was signifi-
cantly worse than that of Model 1, Δχ2(1) = 10.40, p = .00126. This 
finding suggests that the regression slopes from gF to classification test 
scores differed significantly between the interleaved and blocked con-
ditions. Specifically, gF significantly predicted test scores in the inter-
leaved condition (b = 0.074, SE = 0.017, β = 0.31, p < .001), while it did 
not significantly predict test scores in the blocked condition (b = 0.017, 
SE = 0.015, β = 0.093, p = .251). Thus, gF appears to moderate the 
interleaving effect by influencing performance in the interleaved con-
dition—a finding that mirrors the analyses performed separately for 
Studies 1 and 2. The fit of Model 3 (with constrained EM ability slopes) 
did not significantly differ from that of Model 1, Δχ2(1) = 0.065, p =
.799, nor did the fit of Model 4 (with constrained WMC slopes), Δχ2(1) 

= 1.35, p = .245.

4.2. Text-based categories

A corresponding SEM analysis was conducted involving the text- 
based categories. We fitted one baseline model (Model 5) and three 
constrained models (Models 6, 7, and 8). The baseline model demon-
strated an acceptable fit, with the following indices: χ2(20) = 55.93, p <
.001, SRMR = 0.053, robust CFI = 0.94, robust RMSEA = 0.075, 90 % CI 
[0.051, 0.099]. Model 6, which constrained the slopes for gF, did not 
significantly differ from that of Model 5, Δχ2(1) = 2.22, p = .136, and 
the same was true for Model 7, which constrained the slopes for EM 
ability, Δχ2(1) = 2.03, p = .154, and Model 8, which constrained the 
slopes for WMC, Δχ2(1) = 0.0025, p = .960. Overall, these findings 
suggest that none of the investigated cognitive abilities moderated the 
interleaving effect for text-based categories.

5. Discussion

The present investigation found that individual differences in 
cognitive abilities moderate the interleaving effect for perceptual cate-
gory learning. Specifically, in both studies, individuals with higher gF 
scores exhibited a larger magnitude interleaving effect for learning 
landscape artists' painting styles. Linear mixed-effects models and 

Fig. 4. Perceptual category classification test performance as a function of fluid intelligence and episodic memory ability composite scores in Study 2. 
Note: In the left side panels, lines = best fitting regression line (solid and dotted lines refer to the interleaved and blocked conditions, respectively) and shading = 95 
% CI. In the right side panels, the violin plots represent data from the blocked and interleaved conditions, respectively, on the visual classification test; the dot-and- 
line graphs represent performance in the blocked and interleaved conditions for individual participants.
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quartile-based analyses, as well as structural equation modeling ana-
lyses of combined data from both studies, all yielded results consistent 
with that pattern. Similar patterns were observed for individuals with 
higher EM ability scores in Study 1 and higher WMC scores in Study 2. 
Further, supplementary analyses conducted using factor scores yielded 
the same patterns as the analyses with composite z-scores (see Supple-
mentary Results).

Overall, across all three investigated cognitive abilities, there were 
indications that higher-ability individuals benefited more from inter-
leaving (although, at least for perceptual categories, there were at least 
some benefits across the measured ability ranges). No moderating effects 
of cognitive abilities, however, were found for the interleaving effect 
involving text-based category learning. Thus, with respect to inter-
leaving and perceptual category learning, our results support the first 
possibility outlined earlier in this manuscript (as illustrated in the left-
most panel of Fig. 2): Higher-ability learners benefit the most.

5.1. Fluid intelligence, episodic memory ability, and the interleaving effect

Our most prominent finding, consistently observed across two sam-
ples varying in age, educational background, geographical setting, and 
other demographics, centered on individual differences in gF. In both 
studies, higher-gF individuals showed a more pronounced interleaving 
effect, primarily due to better performance in the interleaved condition 
compared to their lower-gF counterparts. Hence, for perceptual category 
learning, higher-gF individuals seem better able to capitalize on the 
learning opportunities that interleaving provides. One possibility is that 
their advanced abstract reasoning abilities (Carroll, 1993) enhance 
discriminative contrast processes. Another possibility involves viewing 
interleaved sequences as problem-solving scenarios where the object is 
to discover patterns that differentiate categories. The repeated juxta-
position of different categories in interleaving allows for constant hy-
pothesis testing, which blocking does not facilitate. In these scenarios, 
higher-gF individuals may excel at generating viable solutions (see 

also Greiff & Neubert, 2014; P. Kyllonen et al., 2017; cf. Little & 
McDaniel, 2015).

As for the finding that higher-EM ability individuals showed a larger 
interleaving effect for perceptual categories in Study 1, a possible 
explanation is that these individuals demonstrated improved recall of 
features unique to previously studied artists from long-term memory. 
This enhancement may be due in part to their greater engagement in 
study-phase retrieval, which in turn bolstered the effectiveness of 
interleaving for acquiring classification skills. In contrast, lower-gF and 
lower-EM ability individuals may have had greater difficulties recalling 
category features or other information, leading to less learning.

A related possibility involves the greater use of effective memory 
strategies among higher-EM ability and/or higher-gF individuals (e.g., 
Kirchhoff, 2009; Minear et al., 2018). Such strategies may be inherently 
more conducive to interleaving (as opposed to those strategies obviating 
the need to engage in interleaving to promote learning). Strategy use 
may also enable higher-ability individuals to better remember the 
between-category distinctions that they learned through interleaving. If 
so, then memory strategy use may be another viable explanation for the 
greater benefits of interleaving for higher-EM or higher-gF individuals.

Adjudicating between all of these possible explanations for the 
observed patterns will require further research. Moreover, a caveat to 
the foregoing discussion is that while gF consistently showed a moder-
ating role across both studies, the same was not observed for EM ability. 
Although the patterns for EM ability in Study 2 arguably did not diverge 
dramatically from those observed in Study 1, it remains unclear whether 
that inconsistency originated from different sample characteristics or 
other factors.

5.2. Working memory capacity and the interleaving effect

The present results present a mixed picture regarding WMC. In Study 
1, the absence of a moderating role for WMC aligns with findings by 
Sana et al. (2018), Wang et al. (2020), and Yan and Sana (2021), who 

Fig. 5. Structural equation model for fluid intelligence, episodic memory ability, working memory capacity and perceptual category classification test performance 
in Studies 1 and 2. 
Note. gf = fluid intelligence; EM = episodic memory ability; WMC = working memory capacity. *** = p < .001. Baseline model shown.
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used similar learning materials and primarily sampled undergraduate 
students (excepting Sana et al., Experiments 2b and 4). Contrasting with 
those studies are the results of Study 2, in which there was a larger 
interleaving effect for higher-WMC individuals (driven by better per-
formance in the interleaved condition, similar to observed patterns for 
gF). Those findings echo Guzman-Munoz (2017; Experiments 2 and 3), 
which reported similar but marginally significant results derived from 
smaller sample sizes.

The failure to find a moderating role of WMC on the interleaving 
effect may stem from various scenarios. First, interleaving may simply 
benefit most learners regardless of WMC. Relatedly, the interleaving 
effect for perceptual categories may rely on cognitive processes and 
systems that are not as heavily impacted by WMC (e.g., non-declarative 
learning). Another possibility is that different processes are predominant 
during interleaving in high- versus low-WMC individuals (possibly a 
spacing effect in the former and discriminative contrast in the latter), 
yielding comparable effects (Sana et al., 2018; an account involving 
different mechanisms for different ability learners might also be appli-
cable to gF or EM ability).

On the other hand, there may be as-yet-unclear circumstances where 
a moderating role of WMC may emerge (as in Study 2). Such circum-
stances might include a broader range of WMC abilities (as was the case 
in Study 2 versus Study 1), or in specific contexts, such as different study 
settings or materials. Due to the inconsistent results in our investigation 
and prior null findings, however, further research is needed to explore 
the role of WMC with different populations and learning materials (for 
related discussion see Krefeld-Schwalb et al., 2024).

5.3. Interleaving effects for perceptual versus text-based categories

Consistent with patterns reported by Brunmair and Richter (2019), 
the interleaving effect for artists' painting styles was more pronounced 
and consistent than for psychological disorders (ds = 1.29 and 0.95 vs. 
0.020 and 0.19 for perceptual and text-based categories, respectively, in 
Studies 1 and 2, with a significant interleaving effect for the latter not 
appearing in Study 1). Three-quarters of participants in both studies 
showed at least a numerically positive interleaving effect for perceptual 
categories, while less than half did for text-based categories. These 
patterns suggest that the interleaving effect is generally weaker for text- 
based materials, although exceptions exist (e.g., Abel et al., 2021). This 
finding aligns with prior research (e.g., Yan & Sana, 2021) indicating 
weak correlations between interleaving effects across different stimulus 
classes (see Tables 2 and 5). Additionally, the limited number of cate-
gories learned—6 for text-based versus 12 for perceptual catego-
ries—may contribute to a smaller interleaving effect, although 
interleaving has been effective even with as few as two categories (e.g., 
Pan et al., 2025; see also Schweppe, Lenk-Blochowitz, Pucher, & Ketzer- 
Nöltge, 2024)

The lack of a significant interleaving effect for psychological disor-
ders in Study 1 is not unprecedented. Murphy and Pavlik (2018)
attempted a near-direct replication of Zulkiply et al. (2012), substituting 
common names for psychological disorders instead of nonsense names, 
and also found no interleaving effect. As previously noted, however, the 
case study materials used in the present research previously yielded a 
significant interleaving effect in a between-subjects design (Pan, Sel-
varajan, & Murphy, 2024), as well as in Study 2. Another possible reason 
for these inconsistent results is that text-based category learning may be 
more influenced by reading ability and other skills than perceptual 
category learning. Those individual differences, along with background 
knowledge about psychological disorders (despite our exclusion 
criteria), could have impacted the interleaving effect for these materials.

5.4. Study limitations and future research

Although prior individual differences studies have employed similar 
sample sizes as in the present research, future studies with larger 

samples may add further insights (Unsworth, 2019), including with 
respect to the replicability of the present findings. We recommend 
further exploring the role of gF and EM ability (and possibly reex-
amining the role of WMC) with additional samples, including from 
different sources as in existing research. Future studies could also 
address other forms of individual differences, for instance in the amount 
of perceived or actual effort (Abel, De Bruin, et al., 2024; Onan et al., 
2022), as well as differences in cognitive processes or performance 
among different ability learners when blocked schedules are used.

This investigation was limited to two types of stimulus materials. 
Future research should explore the interleaving effect across other, more 
widely-learned materials (for discussion see Pan, González-Cabañes, 
et al., 2024), such as problem-solving skills (e.g., Rohrer et al., 2015) 
and language learning (e.g., Suzuki et al., 2022). It is possible that the 
moderating effects of cognitive abilities on the interleaving effect for one 
class of materials may be different with other stimulus materials. Such 
studies might even employ longer test delays to address the interleaving 
effect with more educationally-relevant retention intervals than in the 
present research.

Finally, future studies could investigate whether individual differ-
ences in academic performance (and not just attainment) moderate the 
benefits of interleaving. Given that the interleaving effect was larger 
among individuals with higher gF and EM ability scores, it is possible 
that stronger academic performers, who often exhibit higher levels of 
these cognitive abilities (Alloway & Alloway, 2010; Blankenship et al., 
2015; Colom et al., 2007; Di Fabio & Busoni, 2007; Ren et al., 2015), 
may benefit more from interleaving.

5.5. Pedagogical implications

The finding that interleaving especially benefits higher-ability 
learners for perceptual category learning carries significant implica-
tions for educational practice. Specifically, it suggests that interleaving 
does not uniformly help all learners; rather, it can disproportionately 
benefit higher-ability learners (i.e., it helps the “rich get richer”). This 
pattern contrasts with the notion that most “desirable difficulties” 
engage atypical learning processes (McDaniel & Butler, 2011; Pan & 
Bjork, 2022), which would potentially result in greater benefits for less 
skilled learners (see also Nemeth & Lipowsky, 2023).

Despite our finding of greater interleaving benefits for higher-ability 
learners, it is crucial to emphasize that the vast majority of participants 
in the present studies, including many participants with lower gF or EM 
ability scores, still profited from interleaving for perceptual category 
learning. Thus, a general recommendation to use interleaving for such 
learning remains justified.

5.6. Conclusions

We found that the interleaving effect for perceptual category 
learning is moderated by fluid intelligence, with higher-gF individuals 
exhibiting a larger interleaving effect. That larger effect was driven by 
markedly improved performance for materials learned through inter-
leaving among higher-ability individuals. There were also some in-
dications that higher-EM ability and higher-WMC individuals may also 
exhibit a larger interleaving effect, again driven by improved perfor-
mance for materials learned through interleaving for higher-ability in-
dividuals. No moderating effects of gF, EM ability, or WMC were 
observed regarding the interleaving effect for text-based categories. 
Together, these results suggest that interleaving especially benefits 
higher-ability learners in the case of perceptual category learning, with 
implications for the use of interleaving in authentic educational 
contexts.
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