
Category similarity affects study choices in self-regulated learning

Xinyi Lu1
& Trevor B. Penney2 & Sean H. K. Kang3

# The Psychonomic Society, Inc. 2020

Abstract
During learning, interleaving exemplars from different categories (e.g., ABCBCACAB) rather than blocking by category
(e.g., AAABBBCCC) often enhances inductive learning, especially when the categories are highly similar. However,
when allowed to select their own study schedules, learners overwhelmingly tend to block rather than interleave.
Category similarity has been shown to moderate the relative benefit of interleaved versus blocked study. We investigated
whether learners were sensitive to category similarity when choosing exemplars for study, and whether these choices
predicted their learning outcomes. In Experiment 1, learners interleaved more often when the categories were highly
similar (difficult to discriminate from each other), compared with when similarity was low. In Experiment 2, learners
were presented with two sets of categories to learn; categories within each set were similar to each other, but categories
were dissimilar across sets. When learners chose to interleave, they tended to switch to a similar rather than dissimilar
category. Importantly, learners’ study choices predicted their subsequent categorization performance. Our findings
suggest that learners are strategic in their search for commonalities within versus differences among categories and
can regulate their study behaviors based on category similarity.
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When a learner is faced with a number of visual catego-
ries to learn, what is the optimal way to schedule prac-
tice? There are two broad ways a learner could sequence
the category examples: One is to focus on learning one
category at a time, repeatedly studying that category until
it is mastered before moving on to the next category. This
strategy is known as blocked practice (scheduling a single
category’s exemplars consecutively as a block). Another
way is to alternate studying among the different catego-
ries, a strategy known as interleaved practice. In educa-
tional practice, blocking is far more common than inter-
leaving, as evidenced by the huge majority of middle
school math textbooks presenting problems in a blocked
fashion (Rohrer, Dedrick, & Hartwig, in press). Indeed,
most of the practice a learner encounters is likely to be

blocked rather than interleaved; for example, a music stu-
dent might focus on practicing a piece of music repeat-
edly until a certain degree of mastery has been attained
before moving on to another piece (Maynard, 2006),
while a mathematics teacher might complete classroom
instruction and homework assignments for fractions be-
fore moving on to decimals (Rohrer, Dedrick, & Stershic,
2015).

However, a substantial body of research suggests that
interleaved schedules are superior for many kinds of
learning (Kang, 2017; Rohrer, Dedrick, Hartwig, &
Cheung, 2019; Sana, Yan & Kim, 2017), including the
learning of categories and concepts from examples. For
example, Kornell and Bjork (2008) presented participants
with paintings by 12 different artists, with each painting
paired with the artist’s last name (i.e., the category label)
and either blocked or randomly interleaved by artist dur-
ing study. Participants in the interleaved condition per-
formed better than those in the blocked condition when
asked to classify novel paintings by the studied artists.
This interleaved over blocked performance advantage
was found in other category learning studies, whether
manipulated within or between subjects (e.g., Kornell,
C a s t e l , E i c h , & B jo r k , 2010 ; Ve r koe i j e n &
Bouwmeester, 2014).
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The role of category structure

According to the discriminative contrast hypothesis
(Kornell & Bjork, 2008), interleaving category exemplars
allows the juxtaposition of different categories, which
supports the critical processes of category contrast and
identification of the features that are unique to each
category. This interpretation has found wide support; for
example, Wahlheim, Dunlosky, and Jacoby (2011) had
participants view single or paired exemplars from 12 bird
families. Presenting exemplars in pairs improved perfor-
mance when they were from different categories (i.e., in-
terleaved), but not when from the same category (i.e.,
blocked). Moreover, when Birnbaum, Kornell, Bjork,
and Bjork (2013) inserted 10 seconds of unrelated trivia
questions between exemplar presentations of butterflies
and birds, there was no interleaving benefit, suggesting
that the trivia questions interfered with the ability to con-
trast exemplars of different categories (see also Kang &
Pashler, 2012).

Carvalho and Goldstone (2014) argued for an extension to
the discriminative contrast hypothesis. They postulated that
while interleaving has been shown to be superior to blocking
in most category learning studies, this result depends on the
structure of the categories themselves. According to their at-
tentional bias hypothesis, blocking allows one to notice the
similarities between successive exemplars within a category.
Conversely, interleaving facilitates noticing of the differences
across categories. Therefore, one would expect blocked pre-
sentation to be superior when the exemplars within each cat-
egory are highly variable (low similarity), and interleaved pre-
sentation to be superior when the categories are highly similar
to each other. To test this hypothesis, they created blob-shaped
categories of varying intercategory and intracategory similar-
ity. In the low-similarity condition, the blob exemplars shared
few similarities within and between categories, and they found
that blocked presentation, which is supposed to promote com-
monality abstraction, produced better subsequent classifica-
tion performance than did interleaved presentation.
However, in the high-similarity condition, the blob exemplars
shared a high level of similarity within and across categories,
and they found that interleaved presentation was superior to
blocked presentation, providing evidence that interleaving fa-
cilitates discrimination among the categories.

Overall, the literature shows that interleaved presentation
tends to be superior to blocked presentation for learning nat-
ural categories, as interleaving allows for comparing and con-
trasting different categories and helps learners discover differ-
ences between categories. However, category structure is an
important moderating factor (Brunmair & Richter, 2019;
Carvalho & Goldstone, 2014). When intra-category variabili-
ty is high, blocking helps learners discover the similarities
within a category.

What do learners actually do during study?

While interleaved study tends to be superior for learning, re-
searchers have discovered that learners hold a strong intuition
for the opposite—that blocked study is more effective—even
when their own test performance suggests otherwise (Kornell
& Bjork, 2008; Yan, Bjork, & Bjork, 2016). When McCabe
(2011) described the Kornell and Bjork (2008) experimental
paradigm to undergraduates and asked them to predict which
schedule would lead to better learning, an overwhelming ma-
jority predicted that blocked presentation would be better (on-
ly 6.67% correctly endorsed interleaved presentation).
Another study that posed the same question to both college
students and instructors found that only 16% and 13%, respec-
tively, favored interleaving (Morehead, Rhodes, & Delozier,
2016).

In one of the few studies that explored participant choice in
category learning directly (Tauber, Dunlosky, Rawson,
Wahlheim, and Jacoby, 2013), participants could study either
an exemplar from the same category as the current one or an
exemplar from a different category (Experiments 1 & 2), or
participants selected which category to study in every trial
(Experiments 3 & 4). In all the experiments, a large majority
of participants preferred to study the same category on subse-
quent trials rather than switch among categories.

Indeed, Yan et al. (2016) found that it was exceedingly
difficult to uproot the metacognitive belief that blocked study
is superior for learning. They proposed that learners persisted
in their preference for blocking, even when their own perfor-
mance in certain tasks suggested that interleaving was better,
for several reasons: (1) blocked presentation feels subjectively
easier, especially near the beginning of study, because of an
increased sense of fluency, and (2) learners hold a priori be-
liefs that blocking should be more effective than interleaving,
perhaps because blocked practice has been a common feature
in their educational histories.

Although the emerging research on self-regulated category
learning might suggest that learners are somewhat naïve when
making study decisions during category learning, there is a
substantial literature on metamemory demonstrating that
learners can, in some situations, make relatively sophisticated
study decisions that optimize memory performance. For in-
stance, when choosing how to allocate study time among to-
be-remembered items, learners make use of a combination of
metacognitive monitoring of their learning of each item and
their overall learning goals (e.g., Ariel & Dunlosky, 2013;
Kornell & Metcalfe, 2006).

In another rare study that explored participant choice in
category learning, Kornell and Vaughn (2018) found that par-
ticipants who were allowed to choose which category they
wished to study on every trial showed a preference for
blocking that far exceeded chance levels. However, when par-
ticipants did choose to switch away from a category, they
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tended not to return to it until they had studied a good number
of other categories. This strategy was hypothesized to be a
result of participants wishing to be thorough and fair in their
category choices, as if they were “foraging” for information
rather than choosing blocking or interleaving as a strategy per
se. When asked to judge which kind of sequencing, pure
blocking or pure interleaving, was more effective, the majority
of participants chose pure blocking. However, when partici-
pants were asked to choose between pure blocking and a com-
bination of interleaving and blocking, the majority chose the
latter. This suggests that learners believe that a combination of
both strategies is more effective than pure blocking, which is
in turn believed to be more effective than pure interleaving.

The present study

While previous studies have shown that learner choice in cat-
egory learning appears to be deliberate or systematic (e.g.,
Kornell & Vaughn, 2018; Tauber et al., 2013), there was no
direct evidence that the behavior observed was strategic per
se. In other words, the previous findings were purely descrip-
tive accounts and were not a result of an experimental manip-
ulation, and learner choice was not predictive of performance.
In the current investigation, we manipulated category struc-
ture directly in a self-regulated learning paradigm to see
whether this would cause participants’ behavior to shift ac-
cordingly. Given that category structure moderates the relative
benefit of interleaved versus blocked study for category learn-
ing (Brunmair & Richter, 2019; Carvalho & Goldstone,
2014), we wanted to investigate whether learners are sensitive
to category similarity and adjust their study decisions in a way
that promotes learning.

We decided to examine participants’ study choices in a self-
regulated paradigm, in which participants were free to choose
which category to study at every trial. Our paradigm is similar
to the Tauber et al. (2013) and Kornell and Vaughn (2018)
studies in that we studied participants’ choices directly, rather
than asking them which strategy they preferred, and we
allowed them to freely choose which category they wished
to study next on each trial. However, our paradigm is different
in important ways. First, we used fewer study categories (4–6
rather than 8–12), to reduce memory load, which may have
biased participants toward blocking in earlier studies—for ex-
ample, we can imagine that as the number of categories in-
creases to eight, 10 or 12, participants may perceive the diffi-
culty of interleaving to increase, as they must monitor all the
categories they switch among, and may fall back to blocking,
which seems cognitively simpler. Second, we examined
whether participants’ choices during study predicted their per-
formance in a subsequent test. We predicted that although
participants would show a preference for blocked study, the
degree to which they blocked or interleaved would be strategic

in nature. To study how participants’ choices may be strategic
and influenced by the task, in Experiment 1 we manipulated
category similarity between participants by using the high-
similarity and low-similarity blobs developed by Carvalho
and Goldstone (2014). In Experiment 2, we manipulated cate-
gory similarity within participants by using a selection of rock
stimuli fromNosofsky, Sanders,Meagher, andDouglas (2017).
All stimuli, data, and analysis files for both experiments are
available (https://osf.io/6mrg2/).

Experiment 1

We hypothesized that when participants are allowed to se-
quence their own category learning, their study choices are
strategic (i.e., they do not choose only a blocked strategy)
and are influenced by category structure. Specifically, we ex-
pected participants to interleave more (i.e., block less) when
the categories to be learned were high similarity, and to inter-
leave less (i.e., block more) when the categories were low
similarity. Furthermore, we expected participants’ sequencing
choices during study to predict their later categorization
performance.

Method

Design We used a 2 (category similarity: high vs. low) × 3
(study sequence: self-regulated, blocked vs. interleaved) × 2
(test item: new vs. old) mixed-participant design, with catego-
ry similarity and study sequence manipulated between sub-
jects. The interleaved and blocked conditions were
experimenter-controlled conditions that were aimed at repli-
cating the interaction between category similarity and learning
(Carvalho&Goldstone, 2014), as well as to provide a possible
upper and lower limit to learning based on the most extreme
forms of sequencing. Of primary interest were the self-
regulated learning conditions in which participants could se-
lect which category to view on each study trial.

Materials The four categories to be learned were blobs devel-
oped by Carvalho and Goldstone (2014), with category mem-
bership defined by a specific notch in each blob. As shown in
Fig. 1, there were two sets of blob categories: high similarity
and low similarity. The high-similarity set contained exem-
plars that were highly similar within and across categories,
whereas the low-similarity set contained exemplars that were
low in similarity within and across categories.

Participants A total of 275 staff and students (ages 18–33
years, 175 females) from the Chinese University of Hong
Kong were assigned to one of the six experimental conditions:
(1) self-regulated high similarity (65 participants); (2) self-
regulated low similarity (69 participants); (3) interleaved high
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similarity (33 participants); (4) interleaved low similarity (37
participants); (5) blocked high similarity (39 participants); (6)
blocked low similarity (32 participants). We set an a priori
minimum sample size of 30 participants per cell based on
Experiment 1 (n = 31 and 29) of Carvalho and Goldstone
(2014); this gave us an estimated .84 power (predicted d =
0.76 for effect of interleaving). However, we did not have an
a priori estimate on the effect of similarity on study behavior,
which made estimating required sample size for this analysis
difficult. Therefore, we elected to run post hoc sensitivity
analyses based on simulations, which we report in our results
(Green & MacLeod, 2016; Johnson, Barry, Ferguson, &
Müller, 2015). We also made the decision that in order to
obtain more power for analyzing our primary effect of interest
(the self-regulated study behaviors), we would double the
probability that participants would be allocated to a self-
regulated condition.

Procedure Participants were assigned to one of the six exper-
imental conditions. The task scenario given to participants
was that the blobs were newly discovered alien cell species
that they had to learn to distinguish. The four “species” were
labeled P, Q, R, and U, with the assignment of letter labels to
categories randomized for each participant. There were 16
exemplars in each of the four categories, of which eight were
randomly selected to appear in the learning session. These
learning phase exemplars each appeared six times to make a
total of 192 study trials (8 × 4 × 6) in the learning session.

For participants in the self-regulated conditions, each learn-
ing trial began with the choice screen that had four clickable
category selection buttons, along with text below that asked
which category they wished to see next. The order of the
buttons was randomized for each participant. Each category
selection button showed the name of the category and the
number of exemplars that remained available for study in pa-
rentheses. Once a participant exhausted all 48 exemplars for a
category (i.e., the number available for study reached zero),
the category button would remain on the screen, but would not
be clickable by the participant. Upon the participant’s selec-
tion, a fixation cross appeared in the center of the screen for
500 ms, followed by a category exemplar and its category
label for 2,000 ms (see Fig. 2).

For participants in the experimenter-controlled conditions,
each learning trial began with a fixation cross for 500 ms,
followed by a category exemplar and its category label for
2,000 ms, followed by a button that asked them to click next
to proceed to the next item.

After the learning phase, participants were asked a series of
demographic questions, and then were given a series of five
simple arithmetic questions (e.g. “What is 10 + 12?”) as a brief
filler task. Participants took 32.5 s on average to complete this
task. The test phase began immediately after. For the classifi-
cation test, all 16 exemplars from each category were included
such that half of the test items were novel and half of the items
were studied before, for a total of 64 test items. The sequence
of test items was randomized for each participant.

Fig. 1 Examples of blob stimuli used in Experiment 1. Category-defining features are circled. Blobs adopted from Carvalho and Goldstone (2014)
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Results and discussion

We first investigated performance in the experimenter-
controlled conditions (blocked and interleaved) separately
from the self-regulated conditions. Aside from the self-
regulated versus experimenter-controlled factor, other
between-participant factors were category similarity (high
vs. low) and study sequence (blocked vs. interleaved); also,
whether a test item was old or new was analyzed as a within-
participant factor.

Performance in experimenter-controlled blocked and inter-
leaved conditions A 2 (category similarity: high vs. low)
× 2 (study sequence: blocked vs. interleaved) × 2 (test
item: new vs. old) mixed-factors analysis of variance
(ANOVA) was used to analyze the categorization perfor-
mance data in the control conditions. Performance was
better for participants learning the low-similarity

categories compared with the high-similarity categories,
F(1, 137) = 5.85, p = .017, η2G = 0.038, as well as for
old items compared with new items, F(1, 137) = 32.1, p <
.001, η2G = 0.018. This was qualified by a significant
interaction between similarity and old/new, F(1, 137) =
20.5, p < .001, η2G = 0.012, which manifested in an old
item over new item advantage for learners studying the
low-similarity categories, t(68) = 6.01, p < .001, d = 0.72,
but not the high-similarity categories, t(71) = 1.14, p =
.26, d = 0.13. Critically, although the effect of study se-
quence was not significant, F(1, 137) < 1, there was a
significant interaction between study sequence and simi-
larity, F(1, 137) = 13.76, p < .001, η2G = 0.090, as shown
in Fig. 3. When similarity was high, interleaved study was
superior to blocked study, t(142) = 6.86, p < .001, d =
1.15, but when similarity was low, the difference was not
significant, t(136) = 1.21, p = .23, d = 0.21. The three-
way interaction was not significant, F(1, 137) < 1.

Fig. 2 Sequence of events during a learning trial for the self-regulated conditions (top) and experimenter-controlled conditions (bottom) in Experiment 1
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Comparing performance in self-regulated to experimenter-
controlled conditions To compare the self-regulated condi-
tions to the control conditions, we collapsed across blocked
and interleaved conditions and performed a 2 (category simi-
larity: high vs. low) × 2 (study sequence: self-regulated vs.
control) × 2 (test item: new vs. old) mixed-factors ANOVA.
There was a main effect of sequence, F(1, 271) = 35.1, p <
.001, η2G = 0.109, indicating that participants who self-
regulated their learning (M = 0.59, SD = 0.28) performed
better than when sequence was experimenter controlled (M
= 0.41, SD = 0.23). There was also main effect of similarity.
F(1, 271) = 5.68, p = .018, η2G = 0.019, with low-similarity
categories better categorized than high-similarity categories,
and a main effect of old/new, F(1, 137) = 77.7, p < .001, η2G =
0.015, with old items categorized better than new items. The
three-way interaction was not significant, F(1, 271) = 1.01,
though there was again a significant interaction between sim-
ilarity and old/new, F(1, 137) = 28.9, p < .001, η2G = 0.006.
Table 1 summarizes the classification performance of the six
different study conditions.

The results of the experimenter-controlled conditions rep-
licated Carvalho and Goldstone’s (2014) main finding that
category similarity moderates whether an interleaved or

blocked schedule is superior for category learning. When the
categories to be learned were highly similar to one another and
thus difficult to tell apart, the discriminative contrast that in-
terleaved presentation facilitated was most beneficial.
However, when the exemplars within a category were quite
dissimilar to each other and thus difficult to reconcile as being
from the same category, an interleaved schedule was no longer
optimal. However, unlike Carvalho and Goldstone (2014), we
did not find that a blocked schedule significantly benefited
category learning in the low-similarity condition (although
there was a trend in that direction); this could be because our
sample size was smaller and/or our task parameters were
slightly different from theirs. We also found a significant sim-
ilarity by old/new interaction. The interaction appears to be
driven by a high-similarity (M = .47, SD = 0.25) versus low-
similarity (M = .58, SD = 0.28) difference in the old test items,
but not the new test items (M = .45, SD = 0.26 vs.M = .48, SD =
0.28). This may be because the low-similarity items are more
distinct than the high-similarity items (see Fig. 1), hav-
ing more unique shapes and features, and are therefore more
memorable. Participants could then rely on these memories
when classifying the old items, but not the new items.

An important novel finding is that the self-regulated partic-
ipants performed better than participants in the experimenter-
controlled conditions. The act of choosing which categories to
study (compared with just passively receiving the informa-
tion) may have increased motivation and engagement in the
learning task.

Self-regulated study behavior

We analyzed participants’ self-regulated study behavior based
on our main measure of choice: the proportion of switching
between different categories (“proportion of switching”). As
the experiment had 192 learning trials, each participant could
make 191 choices, and each choice could be classified as a

Fig. 3 Proportion correct as a function of category similarity and study sequence. Error bars show standard errors

Table 1 Mean proportion correct of the different study conditions in
Experiment 1 (standard deviations shown in parentheses)

Condition Old items Novel items

Self-regulated high similarity 0.55 (0.27) 0.51 (0.28)

Self-regulated low similarity 0.69 (0.27) 0.59 (0.29)

Blocked high similarity 0.31 (0.13) 0.28 (0.13)

Blocked low similarity 0.51 (0.27) 0.40 (0.23)

Interleaved high similarity 0.51 (0.26) 0.51 (0.24)

Interleaved low similarity 0.45 (0.24) 0.35 (0.21)
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“switch” or a “stay.” Therefore, the proportion of switching
was calculated by dividing the number of times a participant
chose to switch by the total number of possible choices (191).
This yielded a number between 0.016 (which would be con-
sidered pure blocking, apart from three obligatory category
switches) and 1 (which would be considered pure interleav-
ing). A high proportion of switching indicates a tendency
toward interleaving (choosing to switch between different cat-
egories), whereas a low proportion of switching indicates a
tendency toward blocking (choosing to repeat the same cate-
gory). A Welch two-sample t test, t(127.05) = 9.49, p < .001,
d = 1.65, indicated that participants studying the high-
similarity categories tended to switch much more often
(64.38%) compared with participants studying the low-
similarity categories (28.29%).

We performed a generalized linear mixed-effects analysis
of the effect of category similarity and proportion of switching
during study on subsequent categorization performance using
the lme4 package in R (Bates, Mächler, Bolker, & Walker,
2015). Fixed effects entered into the model were category
similarity and proportion of switching, and their interaction
term, as well as whether an item was new or old. Intercepts
for subjects and items were included as random effects. A
parallel linear regression analysis revealed similar results.
The final model parameters (Akaike information criterion
[AIC] = 8,930.5] are reported in Table 2.

The results indicate that new items were associated with
worse performance (odds ratio = 0.65) compared with old
(studied) items, and high-similarity categories were associated
with worse performance (odds ratio = 0.50) compared with
low-similarity categories, which were in line with our

expectations. However, the proportion of switching did not
significantly predict categorization performance, nor was the
interaction between category similarity and the proportion of
switching significant. We had predicted that, for participants
learning the high-similarity categories, switching more during
study (i.e., a tendency to interleave) would enhance their sub-
sequent categorization performance. Conversely, we predicted
that for participants learning the low-similarity categories,
switching less during study (i.e., a tendency to block) would
enhance their subsequent categorization performance.
Although there were trends in the hypothesized direction,
these did not reach significance. A post hoc sensitivity analy-
sis with 1,000 replications conducted using the simr package
in R (Brysbaert & Stevens, 2018; Green and MacLeod, 2016)
indicated that we had .50 power to detect the effect of simi-
larity, .25 power to detect the effect of proportion of switches,
and .12 power to detect their interaction term. We also noticed
that the confidence intervals for the predicted odds ratios were
very wide, indicating very high variability in the data. Plotting
performance as a function of similarity and proportion of
switching revealed an apparent trend for switching to improve
performance in the high-similarity condition (i.e., a steeper
slope), but not in the low-similarity condition (i.e., a flatter
slope; see Fig. 4).

Exploratory analyses

Aside from the proportion of switching, we also examined
three additional measures in the self-regulated study choices,
summarized in Table 3: (1) the length of each participant’s
longest blocked sequence, defined as a stretch of choices
where a single category was repeatedly chosen; (2) the aver-
age length of a participant’s blocked sequences; (3) the length
of each participant’s longest interleaved sequence, defined as
a stretch of choices where up to one consecutive category
repeat could occur (e.g., ABCABCCABC). In all the mea-
sures we examined, there was a significant difference between
participants studying the high-similarity categories versus the
low-similarity categories. Of course, these different measures
will all be correlated with each other to some extent, as they
are different ways of measuring the same underlying construct
(i.e., the degree of blocking vs. interleaving).

We also examined whether the tendency to block or inter-
leave shifted across the duration of the experiment. We split
each participant’s choices into four quarters of 48 choices each
(except the first quarter, which had 47 choices) and calculated
the proportion of switches for each quarter. A mixed-factor
ANOVA was used to compare the proportion of switching
across quarter as a function of category similarity. There was
a main effect of similarity, F(1, 13) = 90.88, p < .001, η2G =
.316, showing that participants switched more often in the
high-similarity condition overall. There was also a main effect
of quarter, F(2.31, 304.32) = 33.64, p < .001, η2G = .077,

Table 2 Mixed-effects model components

Predictors Correct response

Odds ratios CI p

(Intercept) 1.62 0.80, 3.31 .183

New vs. old 0.65 0.59, 0.73 <.001

Similarity: High vs. low 0.50 0.25, 1.02 .057

Proportion of switching 2.00 0.52, 7.75 .315

Similarity × Proportion of Switching 1.62 0.42, 6.26 .486

Random effects

σ2 3.29

τ00 subject_id 2.83

τ00 stimulus 0.22

ICC subject_id 0.45

ICC stimulus 0.03

Observations 8,576

Marginal R2/Conditional R2 0.030/0.497

Bold indicates p < .05
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suggesting that there were differences in the tendency to in-
terleave across quarters. Since the interaction between simi-
larity and quarter was significant, F(2.31, 302.32) = 8.94, p <
.001, η2G = .022, we followed up with a separate one-way
ANOVA for the high and low similarity groups (see Fig. 5).

In the high-similarity group, there was a significant effect
of quarter, F(2.17, 138.76) = 22.27, p < .001, η2G = .109.
Bonferroni-corrected pairwise t tests revealed that there was
a higher proportion of switching in the first quarter compared
with the remaining three quarters, and a higher proportion of
switching in the second quarter compared with the last two
quarters. This suggests that the proportion of switching was
highest at the start of learning and decreased significantly
across the duration of the study phase. In the low-similarity
group, there was a significant effect of quarter, F(2.31,
157.12) = 18.72, p < .001, η2G = .076. Bonferroni-corrected
pairwise t tests revealed that there was higher proportion of
switching in the first quarter compared with the other three
quarters, suggesting that the proportion of switching was
highest at the start of learning, but leveled off after the first
quarter. Although exploratory, these results would appear to
suggest that learners interleave more at the start of learning
rather than toward the end.

Experiment 2

Experiment 1 manipulated category similarity between partic-
ipants and showed that learners do regulate their study behav-
iors according to the material they are presented with.
However, our prediction that learner’s study choices would
affect their subsequent performance was not borne out by
the data, though there was a weak trend in line with our hy-
potheses (shown in Fig. 4).

We were therefore motivated to conduct Experiment 2 as
an extension of Experiment 1. Our goals were to replicate the
finding that similarity motivates category switching behavior,
as well as examine whether these changes in behavior predict
performance. In Experiment 1, although there was a robust
effect of category similarity on study behavior, there was no
effect of choice in predicting learner performance.We decided
to use a within-participants design in Experiment 2 as a way to
potentially increase the salience of category similarity (each
participant experienced both high-similarity and low-
similarity categories) and also reduce the variability in the
data.

Naturalistic rock categories were chosen as stimuli rather
than the blobs used in Experiment 1. The reasoning for this

Fig. 4 Categorization performance as a function of the proportion of among-category switching (“proportion of switching”). Shaded areas represent 95%
confidence intervals

Table 3 Mean measures of the degree of participants’ tendency toward blocking and interleaving

Mean measure Condition p Cohen’s d

High similarity Low similarity

Proportion of switching .64 .28 <.001 1.65

Longest blocked sequence length 14.4 23.5 <.001 0.72

Average blocked sequence length 6.3 11.6 <.001 0.66

Longest interleaved sequence length 74.3 23.7 <.001 1.13
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was manifold. First, the blob categories were defined by a
single identifying feature (by design), whereas most previous
research on interleaving versus blocking involved naturalistic
categories, such as paintings. While artificial categories tend
to be defined by a set of easily verbalizable rules (“rule-based”
categories), naturalistic categories are usually much more
fuzzily defined by a combination of characteristics (“informa-
tion integration” categories; Ashby & Maddox, 2011).
Therefore, to increase the generalizability of our findings,
we used rock categories that are similar to the naturalistic
categories used in many previous interleaving experiments
(and which are more in line with what a learner would expect
to encounter in the real world). Also, as we wished to compare
similar and dissimilar categories within participants, the blob
categories would prove to be problematic for this purpose as
the degree of similarity is confounded with difficulty—the
highly similar categories are harder to learn than the dissimilar
categories. Finally, many participants reported finding the
blobs themselves extremely difficult to learn (and even to tell
apart). The difficulty of the learning task meant that the non-
significant effect of switching on performance was difficult to
interpret; it may well be that many more learning trials are
required to see a shift in test performance. In conducting
Experiment 2, we hoped to resolve these issues by using nat-
uralistic categories that were easier to learn and required fewer
stimulus repetitions.

In Experiment 2, learners were presented with two sets of
rock categories to learn on every trial; categories within each
set were similar to each other, but categories were dissimilar
across sets. We predicted that participants would be sensitive
to which categories were similar and which were dissimilar
and adjust their study strategy accordingly. Our main predic-
tion was that when learners do choose to interleave, they will
tend to switch among categories that are similar to each other
more than among categories that are dissimilar. Furthermore,

we expected participants’ sequencing choices during study to
predict their later categorization performance.

Method

Materials We used two sets of three categories each. Within
each set, the three categories were highly similar to each other,
while being dissimilar to the categories in the other set.

We selected a subset of the normed rock stimuli from
Nosofsky et al. (2017) that fulfilled the above requirements
for category similarity. Each category consisted of 12 unique
exemplars, of which half were randomly selected to appear in
the learning phase. Table 4 shows the average pairwise simi-
larity ratings for the rock categories as reported by Nosofsky
et al. (2017). Anthracite, bituminous coal, and obsidian (aver-
age within-set similarity: 6.45) formed one set of three, where-
as dolomite, quartzite, and micrite formed another set of three
(average within-set similarity: 5.20), and the sets were dissim-
ilar to each other (average cross-set similarity: 3.50).
Examples of the six categories are shown in Fig. 6.

Participants and procedureA total of 84 undergraduates from
Dartmouth College participated in the experiment. We set a
minimum sample size of 80 based on an a priori power anal-
ysis (.80 power to detect the effect of proportion of switching
on performance using the predicted odds ratio from
Experiment 1). We did not include any blocked or interleaved
control conditions, but focused solely on self-regulated partic-
ipants with category similarity as a within-participants manip-
ulation. The procedure during the learning phase was similar
to the self-regulated conditions in Experiment 1, with partici-
pants choosing which exemplar to study next (see Fig. 7). On
every trial, six clickable category selection buttons appeared,
and clicking a button brought up the image of a category
exemplar. The order of buttons was again randomized for each

Fig. 5 Proportion of switching as a function of experiment quarter and category similarity. Error bars show standard errors
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participant; therefore, similar categories were not systemati-
cally grouped together. Each unique category exemplar ap-
peared twice in the learning phase, for a total of 12 trials per
category, and 72 trials in total. (As pilot data indicated that the
rocks were easier to learn than the blobs used in Experiment 1,
we reduced the number of stimulus repetitions to avoid a
ceiling effect.)

After the learning phase, participants were asked a series of
demographic questions, and then were given a series of five
simple arithmetic questions as a brief filler task. Participants
took 36.3 s on average to complete this task. The test phase

began immediately after. For the classification test, all 12 ex-
emplars from each categorywere included such that half of the
test items were novel and half of the items were studied be-
fore, for a total of 72 test items. The sequence of test items was
randomized for each participant.

Results and discussion

For the final test, mean categorization performance for the
previously studied category exemplars was .54 (SD = .12),
while for the new exemplars it was .42 (SD = .11).

Fig. 6 Examples of rock stimuli used in Experiment 2. Top row (left–right): anthracite, bituminous coal, obsidian. Bottom row (left–right): dolomite,
micrite, quartzite. Stimuli from Nosofsky et al. (2017)

Table 4 Average pairwise similarity ratings for the rock categories as reported by Nosofsky et al. (2017). Diagonal indicates intracategory similarity

Anthracite Bituminous coal Obsidian Dolomite Quartzite Micrite

Anthracite 7.35

Bituminous coal 6.93 7.11

Obsidian 6.47 5.96 7.15

Dolomite 3.26 3.78 2.92 4.95

Quartzite 3.63 3.74 3.21 4.86 5.85

Micrite 3.72 4.21 3.11 5.45 5.29 5.80
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Considering that baseline performance by chance would be
1/6, compared with a baseline of 1/4 in Experiment 1, it ap-
peared that the rock categories were indeed easier to learn with
fewer repetitions than the blob categories.

As in Experiment 1, we calculated the proportion of
switching among different categories (“proportion of
switching”) by dividing the number of switch choices by the
total number of choices. The proportion of switching was .48,
far below a chance level of 5/6 or .83, which was suggestive of
participants’ preference for blocked study. We also calculated
the proportion of switching among between similar rather than
dissimilar categories (“similar switch ratio”) by dividing each
participant’s number of similar switches by their total number
of switches (see Table 5). If a participant chose to switch to a
different category, he or she could switch to either a similar
category (of which there were two) or a dissimilar category (of
which there were three). Therefore, if a participant’s choices
were completely nonstrategic and based on chance alone, we
would expect the similar switch ratio to be around 2/5, or 0.40.
However, a one-sample t test, t(83) = 4.81, p < .001, d = 0.52,
revealed that the mean similar switch ratio of 0.51, 95% CI
[0.46, 0.55] was significantly higher than 0.40. This result
indicates that participants were much more likely to interleave
among similar categories than the chance baseline.

Next, we examined whether these study choices predicted
performance. We performed a generalized linear mixed-
effects analysis of the effects of proportion of switching and
the similar switch ratio on subsequent categorization perfor-
mance. Fixed effects entered into the model were proportion
of switching and similar switch ratio, and their interaction
term, as well as whether an item was new or old. Intercepts
for participants and items were included as random effects. A
parallel linear regression analysis revealed similar results. The
final model parameters [AIC = 7,868.9] are reported in
Table 6.

The results indicate that new items were associated with
worse performance (odds ratio = 0.77) compared with old
(studied) items, which is in line with our expectations. As in
Experiment 1, we used the proportion of switching to predict
how well participants did in the subsequent categorization
task. Comparing the odds ratios for the effect of switching in
Experiment 1 (2.00) and Experiment 2 (3.92), the effect of
switching was larger in Experiment 2. We found that the
trends we observed in Experiment 1 were now statistically
significant: the proportion of between-category switching sig-
nificantly predicted categorization performance (i.e., more
interleaving was associated with enhanced category learning;
see Fig. 8).

Importantly for our hypothesis, the similar switch ratio also
significantly predicted performance. As Fig. 9 shows, when
participants chose to interleave, switching among similar
items rather than dissimilar items during study enhanced par-
ticipants’ category learning.

A post hoc sensitivity analysis conducted with 1,000
replications indicated that we had .66 power to detect the
effect of proportion of switches, .75 power to detect the
effect of the similar switch ratio, and .48 power to detect
their interaction term.

Fig. 7 Sequence of events for a learning trial in Experiment 2

Table 5 Measures of the degree of participants’ tendency to switch
among categories

Measure Mean

Number of switches 34.3

Number of similar-category switches 18.9

Proportion of switching .48

Similar switch ratio .51
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Exploratory analyses

We again examined whether the tendency to block or inter-
leave shifted across the duration of the experiment. We split
each participant’s choices into four quarters of 18 choices each
(except the first quarter, which had 17 choices) and calculated
both the proportion of switching and the similar switch ratio
for each quarter (see Table 7). A pair of one-way repeated-
measures ANOVAs with Greenhouse–Geisser corrections
showed that both the proportion of switching, F(2.32,
192.50) = 3.88, p = .017, η2G = .014, and the similar switch
ratio, F(2.82, 234.18) = 7.34, p < .001, η2G = 037, were

significantly different between quarters. Pairwise t tests
(Bonferroni corrected) revealed that there was a higher pro-
portion of switching in the first quarter than in the second
quarter, and that the similar switch ratio was higher in the third
quarter compared with the first quarter, as well as the third and
second quarters compared with the fourth quarter.

Although exploratory, these results would appear to sug-
gest that learners were interleaving more during the first block
in a process of exploration and discovery. Since learners were
not told of the existence of similar–dissimilar category sets,
they had to discover this structure on their own. Also, the
increased similar switch ratio in the middle two blocks would

Table 6 Mixed-model components

Predictors Correct response

Odds Ratios CI p

(Intercept) 0.39 0.23, 0.66 .001

New vs. old 0.77 0.72, 0.81 <.001

Similar switch ratio 4.25 1.41, 12.82 .010

Proportion of switching 3.92 1.23, 12.44 .020

Similar Switch Ratio × Proportion of Switching 0.13 0.02, 1.15 .066

Random effects

σ2 3.29

τ00 subject_id 0.12

τ00 stimulus 0.38

ICC 0.13

N subject_id 84

N stimulus 72

Observations 6,048

Marginal R2/Conditional R2 0.027/0.155

Bold indicates p < .05

Fig. 8 Categorization performance as a function of the proportion of among-category switching (“proportion of switching”). Shaded areas represent 95%
confidence intervals
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suggest that, upon discovery of this structure, they focused
their switching to be among similar categories.

General discussion

Across two experiments, we found that participant’s study
choices during category learning were influenced by the sim-
ilarity of the to-be-learned categories. In Experiment 1, partic-
ipants who were learning highly similar categories tended to
interleave the exemplars more often during study compared
with participants who were learning categories that were low
in similarity. Furthermore, in the high-similarity condition, we
noted that increased interleaving appeared to be associated
with better performance in a later categorization test, but not
in the low-similarity condition, although this trend did not
reach significance. Experiment 2 showed that when partici-
pants were learning both similar and dissimilar categories
(within-participants design), they tended to interleave the sim-
ilar categories more than they interleaved the dissimilar cate-
gories, which suggests that learners have some awareness of
how interleavingmight bemore beneficial for those categories
(as in the discriminative contrast hypothesis; e.g., Kang &
Pashler, 2012). Interleaving among similar categories helps
learners discover the subtle features that differentiate the

categories, and participants seemed to be mindful of this ad-
vantage. Furthermore, an increased degree of within-
similarity switching was associated with better performance
in a later categorization test.

These findings show that learners are strategic in their
study choices and do not always stick to a predominantly
blocked strategy. While our participants still showed an incli-
nation toward blocked study (as in Tauber et al., 2013), our
results paint a more nuanced picture of their strategy rather
than an overwhelming preference for one or the other (see also
Kornell & Vaughn, 2018). Our results are novel in showing
that the preference toward blocking or interleaving can be
modified by category similarity. Also, self-regulated learners
performed better than learners in experimenter-controlled
study conditions (whether blocked or interleaved).
Furthermore, participants’ choice behaviors during study pre-
dicted subsequent performance, which is consistent with the
notion that learning is influenced by one’s study behaviors and
that there are ideal study behaviors which optimize learning.

Choosing to block versus interleave during study

Prior research has shown a strong preference for blocked
study (Kornell & Bjork, 2008; Yan et al., 2016; Yan,
Soderstrom, Seneviratna, Bjork, & Bjork, 2017). Our paper
does not refute earlier claims that learners prefer blocking;
indeed, across both experiments, the proportion of “blocking”
chosen by participants on every trial was greater than predict-
ed by random chance. What we have shown is that partici-
pants do choose to interleave when it is helpful (i.e., when the
to-be-learned categories are highly similar and hard to dis-
criminate). We have strong evidence that this behavior is stra-
tegic; learners tend to interleave selectively among similar
(and not dissimilar) categories (Experiment 2).

Fig. 9 Categorization performance as a function of the proportion of switching among similar categories (“similar switch ratio”). Shaded areas represent
95% confidence intervals

Table 7 Measures of interleaving across the four quarters

Measure Experiment quarter

1 2 3 4

Proportion of switching .53 .44 .46 .50

Similar switch ratio .47 .53 .58 .45
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Our results extend previous research in a number of impor-
tant ways. First, our paradigm allowed participants to make
choices during real-time study; in most previous studies, par-
ticipants were asked to rate the effectiveness of a particular
study schedule, or were asked to choose between hypothetical
scenarios (e.g., Kornell & Bjork, 2008; McCabe, 2011; Yan
et al., 2016; Yan et al., 2017). Second, we showed that the
choices learners make during study can predict their perfor-
mance in a subsequent test. These results complement the
results of earlier studies indicating that although participants
do show an inclination for blocking over interleaving, they are
capable of shifting toward a more interleaved strategy when it
is beneficial. As between-category similarity may have been
much more salient to learners studying our stimuli (both the
blobs and rocks), it is perhaps unsurprising that they tended to
interleave more than the learners in the Tauber et al. (2013)
experiments. We also required participants to learn fewer cat-
egories (four or six) in our experiments, whichmay havemade
interleaving between categories a less challenging prospect
than in previous studies (e.g., the eight or 12 in Tauber et al.,
2013, or 10 in Kornell & Vaughn, 2018). If there are many
more categories to learn, participants may be more inclined to
block those categories because that choice may be easier to
make and keep track of.

It should be noted that we are not claiming that learners
always make ideal study choices when learning categories (in
fact, even in our own data, there was substantial variability).
Our results do show, however, that learners’ strategic choices
are influenced by the structure of the categories they are
confronted with (when it is highly salient, as in our case). In
fact, our data show support for both learners having a prefer-
ence for blocked study, while also being capable of making
strategic choices that benefit learning. In the metamemory
literature, there are many instances of inaccurate monitoring
of learning or illusions of competence (see Bjork, Dunlosky,
& Kornell, 2013, for a review). Yet there is also ample evi-
dence of effective monitoring and control resulting in better
memory (Kornell & Metcalfe, 2006; Son, 2004, 2010).
Indeed, the Kornell and Vaughn (2018) results indicate that
learners can be quite sophisticated when making study
choices, showing a desire to be “fair” to each category when
sampling them for study.

Ultimately, metacognitive judgments are inferential in na-
ture and based on various beliefs and cues; the accuracy of the
judgments (or decisions) depend on which factors are salient
during the learning context and whether the factors relied up-
on by the learner are predictive of learning outcomes (Koriat,
1997).

The benefits of self-regulation in learning

The results of Experiment 1 showed that learners who were
allowed choice in the study task performed better than both

the interleaved and blocked control participants. In their
review, Gureckis and Markant (2012) discuss some possible
explanations for the benefit of self-regulated learning over
passive or yoked controls. On one hand, self-regulated partic-
ipants may have “data driven” advantages (i.e., learners can
optimize their learning experience by reducing uncertainty
and avoiding redundant information through their choices).
For example, Markant and Gureckis (2010) found that self-
directed participants tended to avoid redundant exemplars that
they could already confidently classify in a novel perceptual
category learning task, and Tullis and Benjamin (2011)
showed that self-paced participants who allocate their time
in a manner consistent with a discrepancy-reduction strategy
performed better than controls in a memory task. In addition,
self-regulated participants may also enjoy “decision driven”
advantages, which relate to the psychological benefits of
choice and active exploration, as well as the potential for en-
hanced task engagement (Gureckis & Markant, 2012; Leotti,
Iyengar, & Oshsner, 2010).

The results of Experiment 2 extend the idea of a “data
driven” advantage by showing that learners who make more
optimal choices during study perform better in a subsequent
test. In our study, self-regulated participants may reduce un-
certainty by choosing to study the same category over and
over if they wish to verify the presence of a defining within-
category feature, or by choosing a different category in order
to juxtapose different between-category features, depending
on the hypotheses that they currently hold. As for the “deci-
sion-driven” advantages, research in the social psychology
literature has repeatedly demonstrated that giving participants
choice and autonomy has a positive impact through increasing
intrinsic motivation, perceived control, and task performance
(Cordova & Lepper, 1996; Deci & Ryan, 1985; Dember,
Galinsky, &Warm, 1992). Even when the “choices” afforded
to participants are illusory (Dember et al., 1992) or minimal
and pedagogically irrelevant (Cordova & Lepper, 1996),
allowing them any choice at all increases performance in the
task, suggesting that the mere perception of choice increases
task motivation.

Future directions

Future work should attempt to disentangle the “data-driven”
from “decision-driven” advantages of choice in category
learning. Some potential avenues are using the honor/
dishonor paradigm (Kornell & Metcalfe, 2006), where partic-
ipants’ choices are either honored or dishonored, or running
yoked control conditions, where one participant is allowed to
choose, but a second participant also must follow those
choices.

Moreover, while the current investigation focused on dis-
criminative contrast (Carvalho & Goldstone, 2014; Kornell &
Bjork, 2008), there is evidence that temporal spacing of
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categories (Cepeda, Pashler, Vul, Wixted, & Rohrer, 2006)
also plays a role in the interleaving benefit, at least for learning
mathematics problems (Foster, Mueller, Was, Rawson, &
Dunlosky, 2019). Although our similarity manipulations were
focused on interleaving as a way of promoting discriminative
contrast, rather than spacing, our results do not preclude the
possibility that the discriminative contrast provided by inter-
leaving might play a larger role in learning the easily confused
perceptual categories such as those in the current work, while
spacing may play a larger role in other tasks, such as mathe-
matics problem solving. Future work should explore the po-
tential benefits of both discriminative contrast and spacing on
various tasks in the context of self-regulated learning.

Finally, although our choice behavior analysis was explor-
atory, there were indications that participants shifted their
choice behavior over the course of learning. Our results
showed that participants tended to interleave more at the be-
ginning of the study phase (Experiments 1 and 2), while they
tended to interleave more among similar categories in the
middle of the study phase (Experiment 2). This behavior
would be consistent with adapting an initial exploration strat-
egy in which the structure of the categories is discovered, and
a subsequent strategy of optimizing category switching based
on the earlier gathered information. These results provide
some preliminary support for the Kornell and Vaughn
(2018) hypothesis that learners are “foraging” for information
from different categories when self-regulating their learning.
On the other hand, when Yan et al. (2017) asked participants
to choose hypothetical study sequences, they tended to prefer
a sequence that started out with blocked presentation, but
shifted toward interleaving over time, suggesting that hypo-
thetical preferences may not align with actual behavior during
learning. Future work should explore the factors that influence
strategy shifting over time, as well as the extent to which this
behavior is strategic or predicts performance.

Conclusions

Learners can be strategic during category learning, choosing
to interleave among categories more often when learning cat-
egories that are highly similar (as opposed to blocking their
study by category), and such study behavior predicts better
learning outcomes. We also found that learners who were
allowed to choose the sequencing of categories during study
outperformed learners whose study sequencing was experi-
menter controlled. It is important for future research to explore
further how sequencing effects on category learning might
interact with not only the type of learning materials, but also
learner choice and agency.
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