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A B S T R A C T

How do learners make decisions about how, what, and when to study, and why are their deci-
sions sometimes ineffective for learning? In three studies, learners experienced a pair of con-
trasting study strategies (Study 1: interleaved vs. blocked schedule; Studies 2 & 3: retrieval
practice vs. restudy) and rated their perceptions of each strategy before choosing one for future
use. In all three studies, mediation analysis revealed that participants who perceived a strategy as
more effortful rated it as less effective for learning and, in turn, were less likely to choose it for
future study. Further, choosing the more effortful strategy was associated with better long-term
retention (Study 3), contrary to participants’ judgments. A final fourth study suggested that these
relationships were not driven by the mere act of providing ratings. Our results thus support a
misinterpreted-effort hypothesis in which the mental effort associated with many normatively
effective learning strategies (desirable difficulties; Bjork & Bjork, 1992) leads learners to mis-
interpret them as ineffective for learning and consequently not to employ them in self- regulated
learning.

1. Introduction

Learners often study with no explicit knowledge of the science of human learning and memory (Geller et al., 2018; Hartwig &
Dunlosky, 2012; Kornell & Bjork, 2007; McCabe, 2011). Nevertheless, they must make decisions about what, when, and how to study:
Should they re-read an assigned textbook chapter or use the questions at the back of the chapter to quiz themselves? Is their time
better spent distributing study over a week or cramming the night before an exam? Self-regulated learning theory holds that con-
trolling and choosing study strategies is critical to effective learning (Bjork, Dunlosky, & Kornell, 2013; Dunlosky & Metcalfe, 2009;
Finley, Tullis & Benjamin, 2011; Winne & Hadwin, 1998; Zimmerman, 2000). Indeed, such skills become increasingly important in
formal education as students progress to higher grades and begin to study more independently and without study materials created
for them (Poropat, 2009; Yeager et al., 2014). Unfortunately, learners do not always make effective choices (e.g., Chi, Bassok, Lewis,
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Reimann, & Glaser, 1989; Karpicke, 2009; Kornell & Bjork, 2007, 2008b; Tullis & Benjamin, 2011; Yan, Bjork, & Bjork, 2016). Thus,
there is a critical need to understand the reasons and processes behind learners’ choices in order to empower learners to make better
self-regulated learning decisions.

Here, we develop and test an account of self-regulated learning decisions grounded in both cognitive and motivational science:
Learners often do not have direct access to their objective level of performance or learning during study. Thus, their perceptions of
how well they feel they are learning the material may instead be linked to the visceral experience of effort required by a particular
study strategy. In particular, learners may interpret the effort required by certain strategies as a sign of poor learning and conse-
quently avoid them in their self-regulated study—even when those strategies might have been quite efficacious. This chain of in-
fluences is suggested by several lines of existing experimental evidence; however, few studies have simultaneously assessed all of
these links within the same participants at the same time.

In four studies, we directly test this misinterpreted-effort hypothesis by giving learners experience with different study strategies
and then assessing both their perceptions of those strategies and their intent to use them in the future. We test the mediation
hypothesis that the mental effort participants experience while engaging in study predicts how much participants feel they learn from
a given study strategy, which in turn predicts the choices they make about using those study strategies in the future. And, we contrast
the predictions of this hypothesis with those of alternative accounts in which poor self-regulated learning decisions reflect a direct
avoidance of mental effort or a reliance on other metacognitive bases entirely.

1.1. Choices are required for studying

Learners need to make decisions about what material to study, in what order to study that material, how to study that material,
how long to study, when to study, and when to terminate study (Finley, Tullis, & Benjamin, 2011). For instance, given a set of
statistical tests to master for an exam, learners must choose whether to practice all of the problems of one type (e.g., t-tests) before
moving onto the next type (e.g., correlations) or to do the problems mixed together. And, the learners must decide whether to
practice each principle by working problems for themselves or reviewing already worked examples.

These decisions can have consequences for learning because not all study strategies are equally effective (for review, Bjork et al.,
2013; Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013; Kornell & Bjork, 2007; Pashler, Rohrer, Cepeda, & Carpenter; Rohrer
& Pashler, 2010). For instance, meta-analysis (Rowland, 2014) indicates that retrieval practice (studying material once and then taking
a quiz on it) leads to better long-term retention than restudying (studying material one time and then studying it again) in many
contexts (Carpenter, Pashler, Wixted, & Vul, 2008; Karpicke & Roediger, 2008; Karpicke, 2012; Roediger & Karpicke, 2006). Thus, the
more participants employ retrieval practice, the more they learn, as reflected both in laboratory performance (Karpicke, 2009) and in
college GPA (Geller et al., 2018; Hartwig & Dunlosky, 2012). Other lab studies have revealed that learners also retain more of what
they have learned when they devote more study time to difficult material rather than easy material (Tullis & Benjamin, 2011), explain
texts to themselves (Chi et al., 1989), or employ repeated practice (Kornell & Bjork, 2008b). At a more general level, high school
students who devote more time to math practice rather than leisure achieve higher GPA and standardized test scores and high school
graduation and college enrollment rates (Galla et al., 2014).

1.2. Making self-regulated learning decisions

Why is it that students do not always choose the strategies that would seem to maximize their learning (Hacker, Bol, Horgan, &
Rakow, 2000)? Here, we discuss how several existing lines of research together yield an emerging view of how learners choose their
self-regulated learning strategies—and why they sometimes choose poorly.

First, there is general evidence that learners do attempt to make self-regulated learning decisions that reflect their metacognitive
judgments. That is, in the influential framework of Nelson and Narens (1990), they exert metacognitive control. For instance, when
learners judge material as more difficult, they often spend more study time on it (Dunlosky & Hertzog, 1998; for review, see Son &
Metcalfe, 2000) and sometimes even apply different, more effective study strategies (Benjamin & Bird, 2006; c.f., Pyc & Dunlosky,
2010; Son, 2004, 2010). Learners also adjust study or retrieval strategies based on how they expect to be tested on the material later
(Finley & Benjamin, 2012) or on how others have performed (Fraundorf & Benjamin, 2015).

However, translating metacognitive judgments into control of study would be ineffective if learners cannot accurately assess what
they have learned or what study techniques will help them learn; that is, if their metacognitive monitoring is poor. Indeed, there is
reason to think that metacognitive monitoring is challenging. Learners do not have direct access to the strength or accuracy of their
memory traces (Koriat, 1997), nor do most students report having been taught normative information about what constitutes ef-
fective study (Geller et al., 2018; Hartwig & Dunlosky, 2012; Kornell & Bjork, 2007; McCabe, 2011). Instead, according to the cue-
utilization framework (Koriat, 1997), listeners must infer what they know and how well they are learning on the basis of various cues,
including both their internal state and their environment (Koriat, 1997; Schwartz, Benjamin, & Bjork, 1997). For example, consider a
student preparing for a chemistry exam by re-reading the textbook and doing practice problems. Our student cannot definitively
know which of these exercises will yield the best performance on an exam that has yet to occur. Future retention can only be inferred
from the student’s past and present perceptions, including both internal sources (Which chemical formulas come to mind quickly?)
and external (Do responses to the practice problems match the answers in the back of the book? Has this strategy yielded good grades
in the past?).

Because metacognitive monitoring is inferential, it may not always correspond to objective reality. Many laboratory experiments
have assayed learners’ judgments of future memory (judgments of learning; JOLs; Nelson & Dunlosky, 1991) for material learned under
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different study conditions. These studies have revealed that learners often assign lower JOLs to study conditions that characteristically
result in better learning, such as retrieval practice (Karpicke & Roediger, 2008; Karpicke, 2009; Tullis, Finley, & Benjamin, 2013),
repeated study (Koriat, Sheffer, & Ma'ayan, 2002; Kornell & Bjork, 2009; Kornell, Rhodes, Castel, & Tauber, 2011), distributed
practice (Logan, Castel, Haber, & Viehman, 2012), generation from a prompt (Besken, 2016), and interleaving of categories
(Wahlheim, Finn, & Jacoby, 2012). Further, JOLs are unduly influenced by variables that are largely irrelevant to long-term learning,
such as font size or speech fluency (Carpenter, Wilford, Kornell, & Mullaney, 2013; Kornell et al., 2011; Rawson & Dunlosky, 2002;
Rhodes & Castel, 2008, 2009; Serra & Dunlosky, 2010). Unfortunately, then, judgments of learning are not always an accurate basis
for the choice between study strategies.

What, specifically, leads to errors in judgments of learning? Other work assessing the bases of metacognitive judgments and
decisions have found that they are influenced in part by global metacognitive beliefs about the normative efficacy of different
strategies (Fraundorf & Benjamin, 2014; Koriat, 1997; Koriat, Bjork, Sheffer, & Bar, 2004; Kornell & Bjork, 2009). And, these beliefs
may be inaccurate because the properties of human memory are not always intuitive (Bjork et al., 2013; Kornell & Bjork, 2007;
Simons & Chabris, 2011, 2012), even for advanced psychology students (McCabe, 2011; Simons & Chabris, 2011). But, an even more
crucial influence on metacognitive monitoring may be learners’ own subjective experience with the to-be-learned material (Kelley &
Jacoby, 1996; Koriat, 1997; Koriat et al., 2004). Many learners appear to use in-the-moment processing fluency1 to monitor their
learning, a strategy known as the ease-of-processing heuristic (Finn & Tauber, 2015; Kornell et al., 2011; Benjamin, Bjork, & Hirshman,
1998; Benjamin et al., 1998; Rhodes & Castel, 2008; Undorf & Erdfelder, 2011; see also the closely related notion of easily learned,
easily remembered; Koriat, 2008). This heuristic may be bolstered by the broader beliefs in Western cultures that achievement is a
marker of intelligence and that intelligence cannot be changed (Heine et al., 2001; Plaut & Markus, 2005). So, many learners who
encounter difficulty or disfluency in their learning may interpret these struggles as a sign of failure or inability to learn (Yeager &
Dweck, 2012). By contrast, learners who instead view intelligence as less fixed and subject to change do not necessarily interpret
difficulty this way (Miele, Finn, & Molden, 2011).

Unfortunately, initial or current ease of processing may be misleading in choosing self-regulated learning strategies (Bjork, 1994;
Koriat & Bjork, 2005; Schmidt & Bjork, 1992; Soderstrom & Bjork, 2015; Sungkhasettee, Friedman, & Castel, 2011). Other work
assessing the objective efficacy of different learning strategies has found that the strategies that produce better long-term retention
tend to require more difficult cognitive processing in the short-term—the principle of desirable difficulties (Bjork, 1994; Bjork & Bjork,
1992; Schmidt & Bjork, 1992). Thus, students who rely on initial or current ease of processing to monitor their learning are very likely
to be misled about which materials and study strategies yield the most enduring learning.

1.3. The misinterpreted-effort hypothesis

Synthesizing the bodies of evidence reviewed above suggests what we term the misinterpreted-effort hypothesis about how learners
choose self-regulated learning strategies—and why those choices may be ineffective. Specifically, we hypothesize that learners’ self-
regulated learning decisions are often guided by which strategies learners perceive as more effective for learning. These perceptions
of learning effectiveness, in turn, are often guided—or misguided—by the mental effort or difficulty experienced during study.
Greater perceived effort, even when resulting in better objective learning, leads learners to feel that they are learning less, especially
because many learners hold the mindset that effort is a sign of poor ability rather than growth (Yeager & Dweck, 2012). In turn, this
perception leads individuals to eschew the strategy that gave rise to the experience of effort. That is, the experience of mental effort is
hypothesized to have an indirect effect on self-regulated learning decisions, mediated by perceived learning (panel A of Fig. 1).

For instance, consider retrieval practice. Retrieval practice typically leads to better long-term retention than restudying (Rowland,
2014). But whereas restudy requires only passive reading, practicing retrieval requires an active memory search—a cognitively
laborious task. Learners who judge learning on the basis of current ease of processing are thus likely to perceive retrieval practice as
resulting in less learning than restudy. Thus, they are likely to—perhaps unwisely—choose restudy over retrieval practice for future
study.

Although this hypothesis is suggested by a growing body of evidence on self-regulated learning, there are other plausible pathways
by which learners may come to their decisions. A second, contrasting model of self-regulated learning decisions is what we term the
effort-avoidance hypothesis (panel B of Fig. 1). Work in cognitive science and behavioral economics on cognitive control (e.g.,
Chevalier, 2018; Westbrook, Kester, & Braver, 2013) has produced robust evidence that individuals forego mentally effortful tasks
(e.g., complex working memory tasks), even when doing so reduces rewards (e.g., monetary payments). Thus, it is possible that
greater mental effort, in and of itself, may have a direct effect on self-regulated learning decisions, regardless of perceived learning
(Duckworth, Kirby, Tsukayama, Berstein, & Ericsson, 2011; Guo et al., 2016; Perez, Cromley, & Kaplan, 2014). Learners may “take
the easy way out” and avoid choosing a study strategy they feel takes more effort, even if they are aware it is effective for learning.
Such a pattern would be analogous to how many people know that physical fitness and eating healthy are important (Hofmann,
Friese, & Wiers, 2008; Mann, De Ridder, & Fujita, 2013), but do not engage in these behaviors because the costs of doing so at any
given time are too high relative to alternative activities, such as sleeping in or watching TV (Kurzban, Duckworth, Kable, & Myers,
2013; Rothman et al., 2015). The effort-avoidance hypothesis is also broadly consistent with expectancy-value theory (Eccles &

1 Some researchers have queried the effects of different types of processing fluency, such as fluency in retrieving from memory versus fluency in
visual perception. We do not attempt to titrate the effects of particular kinds of fluency in the present study, especially because they all appear to
contribute to judgments; for further discussion, see Alter and Oppenheimer (2009) and Undorf and Erdfelder (2011).
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Wigfield, 2002), in which students’ choices are thought to reflect not just the perceived benefits of the choice (i.e., potential learning)
but also the perceived costs of doing so (Inzlicht, Shenhav, & Olivola, 2018; Shenhav et al., 2017), including psychological costs, such
as effort, boredom, or fatigue (Barron & Hulleman, 2015; Eccles & Wigfield, 2002; Flake, Barron, Hulleman, McCoach, & Welsh,
2015).

A third possibility is what we term the effort-disregard hypothesis (panel C): Experienced mental effort does not exert a robust
influence on study strategy decisions, either directly or indirectly. Many metacognitive theories posit that subjective experiences,
such as mental effort, are only one possible basis for metacognitive judgments (Fraundorf & Benjamin, 2014; Kelley & Jacoby, 1996;
Koriat, 1997), so it possible that choices of study strategies are largely made on some other basis. One such basis may be already-
established habits (Ariel & Dunlosky, 2013; Ariel, Al-Harthy, Was, & Dunlosky, 2011). Another is normative beliefs about how to
study, acquired either explicitly from instruction or implicitly from common practices (e.g., in formal education, examples of dif-
ferent categories are often presented in separate blocks rather than interleaved; Roediger & Pyc, 2012). In this case, we might expect
to see an influence of perceived learning effectiveness on study strategy decisions, but no influence of mental effort on either of these
constructs.

1.4. The needed evidence

As we reviewed above, our misinterpreted-effort hypothesis is supported by several individual strands of evidence: (a) Broadly
speaking, learners’ study decisions reflect their judgments of learning (Son & Metcalfe, 2000), (b) judgments of learning are often
influenced by perceived effort or fluency (Benjamin et al., 1998; Kornell et al., 2011), and (c) study strategies more effective for long-
term learning are often more effortful or disfluent in the moment (Duckworth et al., 2011; Bjork & Bjork, 1992; Schmidt & Bjork,
1992).

However, several critical links in this hypothesized chain have not been fully established. First, there is surprisingly little direct
evidence that judgments of learning predict how people study. There is fairly substantial evidence that learners’ JOLs predict—and,
indeed, causally determine (Metcalfe & Finn, 2008)—which materials they choose to study (for review, see Son & Metcalfe, 2000).
And, it is clear that learners assign higher JOLs to materials studied under some conditions than others (e.g., Karpicke, 2009; Karpicke
& Roediger, 2008; Koriat et al., 2002; Kornell et al., 2011; Kornell & Bjork, 2009; Logan et al., 2012; Tullis et al., 2013; Yan et al.,
2016). What is less clear is whether those differences in perceived learning predict or even determine whether learners choose to
employ those strategies in the future. That is, are learners’ choices among different study strategies dictated by the perceived efficacy
of those strategies? This association cannot be taken for granted; for instance, learners might instead choose strategies they consider
less effortful (as we discuss above), or they might choose study activities to assess their current understanding rather than to acquire
new knowledge (Kornell & Son, 2009).

Second, as a corollary to the above, the cue-utilization framework (Koriat, 1997) predicts that it should specifically be the
perceived learning under these various strategies, not objective performance, that determines strategy choice. That is, because learners
do not have direct access to their objective level of learning or knowledge (Koriat, 1997; Schwartz et al., 1997), they must make
decisions based on their perceptions of learning; if perceived and objective learning differ, it should ultimately be perceived learning
that predicts choices. The cue-utilization framework has received support insofar as there is ample evidence that JOLs rely on cues,
such as fluency of processing, that do not always perfectly correspond to objective learning (Benjamin et al., 1998; Benjamin et al.,
1998; Koriat, 1997; Kornell et al., 2011) and that JOLs, rather than objective performance, causally determine which items are
chosen for study (Metcalfe & Finn, 2008). But, again, there is comparatively little data on learners’ choices at the level of entire

Fig. 1. Three theoretical models of self-regulated learning decisions.
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strategies, and, in particular, contrasting objective versus perceived learning as a predictor for this choice.
Third, relatively few studies have assessed subjective effort. The principle of desirable difficulties is derived from evidence that

conditions that result in more enduring learning or retention often yield lower initial performance in objective accuracy. However,
our misinterpreted-effort hypothesis predicts that learners should also find these conditions subjectively more difficult, and it is these
subjective perceptions that may account for poor self-regulated learning decisions. Indeed, in direct comparisons, measures of
subjective effort more accurately predict JOLs than objective effort (Koriat, Ackerman et al., 2014). Nevertheless, relatively few
studies have directly assessed learners’ experienced mental effort and task perceptions; rather, conclusions have often based on
measures of objective fluency (e.g., Besken, 2016; Besken & Mulligan, 2013) or simply the researchers’ assumptions about which
conditions are likely to be more difficult or effortful. (For further discussion, see Mueller, Dunlosky, Tauber, & Rhodes, 2014.)

Lastly, and most critically, although the work reviewed above suggests a mediating role of perceived learning in relating per-
ceived mental effort and self-regulated learning decisions, direct tests of this hypothesis are rare. The links between perceived mental
effort and perceived learning (i.e., the ease-of-processing heuristic) and between perceived learning and metacognitive control of
study have often been established and tested separately; rarely have these constructs all been measured together in the same study
with the same subjects. (But see Susser, Jin, & Mulligan, 2016, for evidence that that perceived mental effort mediates the re-
lationship of fluency to JOLs, albeit without a link to study strategy decisions.) It is even less common to investigate these relations
while also controlling for objective performance even though, as we note above, the cue-utilization framework (Koriat, 1997) predicts
that it should specifically be perceived rather than objective learning that governs metacognitive behavior.

1.5. Present work

Here, we test the misinterpreted-effort hypothesis by measuring the mediating role of perceived learning in self-regulated learning
decisions. In each of the studies reported below, participants experienced two different self-regulated strategies. In Studies 1 through
3, we explicitly assessed the perceived mental effort and perceived learning associated with the strategies using self-report ques-
tionnaires. (In Study 4, we eliminate these ratings to evaluate the effects of the rating procedure itself.) Because our experimental
paradigm was new and it was not clear a priori when best to assess these perceptions, we queried them twice with the goal of
obtaining converging evidence: (a) immediately after participants had completed each individual strategy (as is often done to
measure visceral experience; Loewenstein, 1996) and (b) retrospectively as a semantic-differential comparison of the two strategies
(paralleling other metacognitive studies; Kornell & Bjork, 2008b; Kornell, Castel, Eich, & Bjork, 2010; Yan et al., 2016; Zulkiply,
McLean, Burt, & Bath, 2012). Lastly, after experiencing and rating both strategies, participants chose one of the two strategies to use
to learn new material in the future.

This method allowed us to assess (a) perceived mental effort, (b) perceived learning, and (c) study strategy choices all within the
same participants within the same study. Further, it allowed us to relate these constructs; that is, does an individual’s judgment of the
effectiveness of (for instance) restudying material predict his or her intention to use that strategy in the future? In particular, we
tested the mediation model predicted by our misinterpreted-effort hypothesis: The perception of greater mental effort leads learners
to feel that they are actually learning less, which in turn is associated with lesser odds of choosing that strategy in the future. That is,
perceived learning mediates the relationship between perceived difficulty and study strategy choice, yielding an indirect relation of
perceived difficulty and choice. By contrast, the effort-avoidance hypothesis, in which learners “take the easy way out” and avoid
effortful strategies because they are effortful, predicts that perceived effort should show a direct effect on strategy choice, independent
of perceived learning. Lastly, the effort-disregard hypothesis, in which the choice of study strategies is primarily made on some other
metacognitive basis (e.g., normative beliefs about which strategies are most effective) predicts we should observe neither a direct nor
indirect effect of perceived effort on strategy choice (though perhaps a link between perceived learning and strategy choice).

In Studies 2 and 3, we also obtained an additional measure of participants’ objective performance during learning. This allowed us
to test two additional predictions of the cue-utilization framework: Because metacognitive judgments are inferential in nature, (a) it is
inferred or perceived learning that ultimately predicts self-regulated learning choices, and (b) inferential cues, such as mental effort,
thus influence perceptions and behavior over and above objective learning.

2. Study 1

In Study 1, we tested these hypotheses in the context of one of the many decisions that learners must make: how to order the
material they plan to study. For instance, a statistics student practicing examples of t-tests, correlations, and ANOVAs to prepare for a
statistics exam must choose the order in which to tackle those examples. Or—as in the present study—a student of biology might
learn to identify birds one family at a time or all families at once. Specifically, we contrast two different strategies for ordering
category exemplars. A blocked schedule involves studying exemplars grouped together by category (e.g., all of the finches, then all of
the jays, then all of the orioles) whereas an interleaved schedule involves studying exemplars of multiple categories mixed together
(e.g., a mix of finches, jays, and orioles).

We target this contrast for two reasons: First, it has received substantial attention in past studies of self-regulated learning as a
case of apparent metacognitive failure: Learners persist in perceiving blocked schedules as more effective even when those same
learners do better with interleaved schedules (Kornell & Bjork, 2008a; Kornell et al., 2010; Wahlheim et al., 2012; Yan et al., 2016;
Zulkiply et al., 2012). Second, the superiority of interleaved schedules for category learning in many situations (e.g., Birnbaum,
Kornell, Bjork, & Bjork, 2013; Hall, Domingues, & Cavazos, 1994; Kang & Pashler, 2012; Rohrer, Dedrick, & Burgess, 2014; Rohrer &
Taylor, 2007; Taylor & Rohrer, 2010; Wahlheim, Dunlosky, & Jacoby, 2011; c.f., Kurtz & Hovland, 1956) has led the principle of
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interleaving to be regarded as an important example of the applicability of cognitive psychology to education (Roediger & Pyc, 2012;
Rohrer & Pashler, 2010). In particular, we tasked participants with learning to identify families of birds because similar stimuli have
been used in a number of past studies of the ordering of exemplars, which have found robust benefits of interleaved schedules
(Birnbaum et al., 2013; Tullis, Benjamin, & Ross, 2011; Wahlheim et al., 2012), and because learning to identify taxonomic categories
is an educationally relevant task (Dunlosky et al., 2013, p. 40).

2.1. Method

2.1.1. Participants
We recruited participants through Amazon Mechanical Turk and paid them for their one-time survey completion. In this and all

following studies, participants were limited to individuals using a computer who were 18 years of age or older and reported speaking
English fluently.

To determine an appropriate sample size, we first estimated effect sizes from a pilot study (N=10), which resembled Study 2 in
design except that it used a shorter, pilot version (including only questions 1–5 in Appendix C) of our questionnaire on participants’
immediate perceptions of each study strategy. To ensure that our sample size was sufficient to detect differences even in more subtle
measures, we used the effect size from the questionnaire item that showed the smallest difference between study-strategy conditions
(“How boring was the last exercise?”, d=0.32). Analysis using G*Power 3.1.9.3 (Faul, Erdfelder, Lang, & Buchner, 2007) indicated
we would have 80% power to detect differences between study strategies in this question with minimum N=77.

Our data collection on Mechanical Turk was run in batches of participants completing the experiment in parallel; we continued
running batches until we reached this minimum sample size, yielding 90 participants for Study 1. One participant was then excluded
because of technical issues with the online survey, leaving 89 participants for analysis (44% female; 83% White, 6% Black/African
American, 11% Asian, 1% American Indian or Alaskan Native; 6% Hispanic or Latino; 1% age 18–24, 36% age 25–34, 36% age
35–44, 18% age 45–54, 7.9% age 55–64, and 1.1% age 65–74; 1% some high school, 16% high school diploma, 35% some college,
35% bachelor’s degree, 1% some graduate school, 10% master’s degree, 2% doctoral degree).

2.1.2. Materials
2.1.2.1. Learning materials. In Study 1, participants learned to distinguish three different families of birds in two groups (i.e., six bird
families total) on the basis of photographs. There were two study phases; in one, participants learned to distinguish finches, jays, and
orioles, and in the other, participants learned to distinguish sparrows, tyrant flycatchers, and wood warblers.

We used digital photographs from a previous study (Tullis, Benjamin, & Ross, 2011) on the benefits of interleaved practice for
category learning; the photographs were originally obtained via the Internet. Each photograph consisted of a color image of a bird
measuring 322×403 pixels. One photograph of each bird family was presented during a demonstration phase, 15 photographs of
each bird family were presented during each study phase (45 birds total per phase), and one photograph of each bird family was used
in the final wrap-up phase.

An additional four bird families—penguins, flamingos, ducks, and parrots—were used in the initial two practice phases. For each
of these families, three photographs were obtained from a stock photo website; these photographs varied in size somewhat but were
generally of similar size as the study phase stimuli.

2.1.2.2. Immediate perception questionnaire. We created a questionnaire to assess participants’ experience after completing each of the
blocked and interleaved study strategies. Four questionnaire items assessed the perceived mental effort of the just-completed strategy
(e.g., How tiring was the last exercise? 1=Not at all to 6=A lot), and four assessed participants’ perceived learning from the strategy
(e.g., How likely are you to be able to distinguish between the types of birds? 1=Not very likely to 6= Extremely likely). All items were on
a 6-point Likert scale, with higher scores indicating greater endorsement. (See Appendix A for survey items.) As described in the
Procedure, participants completed the questionnaire twice, once regarding the blocked schedule and once regarding the interleaved
schedule.

We averaged the perception questionnaire items to create four composite scores: perceived mental effort of interleaved practice
(α= 0.83), perceived mental effort of blocked practice (α= 0.95), perceived learning from interleaved practice (α=0.76), and
perceived learning from blocked practice (α=0.93). The composites were created such that a higher score indicated greater en-
dorsement of the construct (i.e., a more effective strategy and a more mentally effortful strategy).

2.1.2.3. Retrospective semantic-differential questionnaire. As a second source of converging evidence, and for consistency with other
studies that had used end-of-experiment judgments (Kornell & Bjork, 2008b; Kornell et al., 2010; Yan et al., 2016; Zulkiply et al.,
2012), we also created a second questionnaire querying participants’ retrospective comparisons of the two strategies. This
questionnaire consisted of eight semantic-differential items assessing participants’ comparative perceptions of the two activities.
In each item, participants judged between the two strategies on a continuum (e.g., Which exercise required more mental effort?
1=Grouped together to 6=Not grouped together). Four items assessed perceived mental effort (α=0.86) and four assessed perceived
learning (α= 0.92). (See Appendix B for survey items.)

2.1.3. Procedure
Participants completed the study on the Qualtrics online survey platform from a location of their choice. The overall task con-

sisted of a demonstration phase, two practice phases, two study phases with associated immediate perception questionnaires, the
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retrospective-semantic differential questionnaire, a choice between the two strategies, a wrap-up phase, and demographics items.
(See Fig. 2.) Participants’ progress through the experiment was tracked by a progress bar at the top of the screen.

The demonstration phase was intended to present to participants, prior to learning, the type of knowledge they would need to
acquire during the study phases. Participants were shown one bird from each of the six bird families included in the two study phases
(one at a time) and were asked “Which type of bird is this?” Participants selected by choosing among the three bird families that
would later appear together in the same study phase (i.e., either finch, jay, or oriole? or sparrow, tyrant flycatcher, or wood warbler?).
After the participant made their choice, the correct answer was displayed (e.g., “The correct answer is Oriole.”), and the experiment
advanced to the next exemplar. We expected that participants would be unlikely to know the correct answers to all of the demon-
stration items, thereby indicating to them that they would need to pay close attention to the study phases. This presupposition was
supported: Mean performance on the demonstration phase (63%) was far from ceiling, with only 7% of participants answering all six
demonstration items correctly.

In each subsequent study phase, participants learned to distinguish bird families by studying labeled exemplar pictures from each
family, presented either (a) grouped by family (a blocked schedule, described to participants as “Grouped together by type” to avoid
the presentation of jargon), or (b) randomly intermixed (an interleaved schedule, described as “Not grouped together by type”). In
both conditions, each photo was presented one at a time for three seconds each with the bird family name shown above each image.

Two initial practice phases—one with a blocked schedule and one with an interleaved schedule—introduced the two study
strategies to participants. In each practice phase, participants received only two bird families with three images each (penguins vs.
flamingos in the first block, parrots vs. ducks in the second). When the practice phases were complete, participants were shown the
prompt, “Next, you will begin the actual studying task. You will study the birds you will be tested on later. Remember, you will not be
able to go back.”

The practice phases were followed by the main study phases. In each of these phases, participants studied three families with 15
exemplars each. Immediately after completing one study phase, participants completed the immediate perception questionnaire
regarding the just-completed strategy. Participants then used the other study strategy on the remaining trio of bird families and
completed the perception questionnaire regarding that just-completed strategy. The order of strategies was counterbalanced across
participants whereas the order of bird families was invariant; thus, across participants, each condition appeared equally with each
stimulus set and in each serial position.

After experiencing and rating both strategies, participants completed the retrospective semantic-differential questionnaire to
assess the perceptions of the strategies in relation to one another.

Next, participants chose which strategy they would use to study a new set of bird families. Participants were asked, “Imagine that
you had to study more birds like you did today. Which strategy would you use to study the types of birds, so you would be able to take
a test on them later?” Participants answered the two-choice question item by selecting either “Grouped together” or “Not grouped
together.”

Finally, in a wrap-up phase, one photograph from each bird family was presented; participants were asked “Which type of bird is
this?” with answer choices corresponding to the correct bird family and the two other bird families that had appeared in the same
study block. This wrap-up phase was not of primary theoretical interest (because our interest was in participants’ perceptions and
choices), but was included to fulfill the promise in the instructions that participants would take a test on the bird families. Following
the wrap-up phase, participants complete a demographic questionnaire.

2.2. Results

2.2.1. Participant study strategy choice
When given the opportunity to block or interleave a third set of bird categories, 68% of participants chose a blocked schedule and

32% chose interleaved.

2.2.2. Immediate study-strategy perceptions
Why did participants favor a blocked schedule over interleaved? Participants judged the interleaved schedule (M=3.53;

SD=1.15) as, on average, 0.21 points less effective (95% CI: [−0.44, 0.02]) for learning than the blocked schedule (M=3.74;

Fig. 2. Flow of study activities in Study 1.

A. Kirk-Johnson, et al. Cognitive Psychology 115 (2019) 101237

7



SD=1.19), t(88)=−1.82, p= .073, d=0.19; this difference was marginally significant in a paired-samples t-test. They also rated
the interleaved schedule (M=2.86; SD=1.17) as, on average, 0.23 points more mentally effortful (95% CI: [0.06, 9.38]) than the
blocked schedule (M=2.63; SD=1.19), t(88)= 2.79, p= .006, d=0.30, a significant difference. Fig. 3 displays the mean per-
ceptions of the strategies in this and all following studies.

2.2.3. Relation of immediate perceptions to strategy choice
Next, we examined whether the perceptions of interleaved study as both less effective for learning and more mentally effortful

explained participants’ strategy selections. Since our critical dependent measure was participants’ choice between a blocked and an
interleaved schedule, the most relevant predictors were the differences between participants’ perceptions of blocked vs. interleaved
schedules, rather than the absolute levels. Thus, we created two difference scores: one for the difference in immediate perceptions of
learning effectiveness for the interleaved schedule relative to the blocked schedule, and one for the difference in immediate per-
ceptions of mental effort for the interleaved schedule relative to the blocked schedule. Positive values on these scales would indicate
participants perceiving the interleaved schedule as more effortful or more effective for learning.

Separate logistic regression analyses showed that, for every point that participants perceived the interleaved schedule as more
mentally effortful (relative to a blocked schedule), their odds of choosing it for future study declined 0.73 times (95% CI: [038,
0.88]), Wald z =−3.09, p= .002; Nagelkerke R2= 0.18. By contrast, for every point that participants perceived the interleaved
schedule as more effective for learning (relative to blocked), their odds of choosing it increased 3.00 times (95% CI: [1.71, 5.24]) to
choose it for future study, Wald z=3.84, p < .001, Nagelkerke R2= 0.28. Given these independent direct effects of perceptions on
study choice, we next tested the mediation hypothesis that perceived mental effort affects strategy choice by way of perceived
learning.

We conducted a bootstrapped indirect effect analysis with 5000 samples using the PROCESS macro version 2.16.3 for SPSS
(Hayes, 2013). In this model, the perceptions of mental effort difference score (interleaved minus blocked) was used as the in-
dependent variable, and the perceptions of learning effectiveness difference score (interleaved minus blocked) was the mediator. The
dependent variable was strategy choice (0= blocked, 1= interleaved). Mediation was inferred if the 95% confidence interval for the
crucial indirect effect parameter (i.e., perceptions of mental effort on strategy choice through the mediator) did not include zero.

Fig. 4 displays the results of this mediation analysis (overall Nagelkerke R2= 0.30). As hypothesized, participants who perceived
the interleaved schedule as more mentally effortful (relative to blocked) also perceived interleaved material as less well learned
(relative to blocked), t =−6.83, p < .001, R2= 0.35. Perceptions of the effectiveness of interleaving for learning in turn predicted
greater odds of choosing an interleaved schedule for future study, z=2.83, p= .005, partial R2= 0.15, indirect effect=−0.76,
95% CI [−1.78, −0.10]. The direct effect of perceived mental effort on strategy choice was not significant, z =−1.30, p= .197,
partial R2= 0.03, suggesting full mediation.

Fig. 3. Mean immediate perceived mental effort and immediate perceived learning effectiveness for different study strategies in each study.

Fig. 4. Mediation analysis of immediate study strategy perceptions and choices in Study 1. **p < .01, ***p < .001.
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2.2.4. Retrospective semantic differential
We also examined whether the same relations obtained in the retrospective comparisons of blocked and interleaved practice

(displayed in Fig. 5). Because these judgments involved a single semantic-differential scale, with blocked practice on one end (1) and
interleaved practice on the other (6), we compared participants’ responses to the midpoint of the scale (3.5). These comparisons
revealed similar a pattern as immediate perceptions: Learners judged an interleaved schedule as significantly more effortful than a
blocked schedule (M=4.38, SD=1.26, t(88)= 6.58, p < .001, 95% CI: [4.11, 4.64], d=0.70) and as significantly less effective
for learning (M=2.85, SD=1.51, t(88)=−4.03, p < .001, 95% CI: [2.53, 3.17], d=0.43).

2.2.5. Relation of retrospective comparisons to strategy choice
The retrospective comparisons predicted study strategy choices similarly to immediate perceptions: For every point that parti-

cipants rated as the interleaved schedule as comparatively more effortful, their odds of choosing it for future study declined 0.87
times (95% CI: [0.70, 0.94]), Wald z =−4.76, p < .001, Nagelkerke R2= 0.62. And, for every point that participants who rated the
interleaved schedule as more effective for learning, their odds of choosing it for future study increased 7.07 times (95% CI: [3.23,
15.48]), Wald z=4.90, p < .001, Nagelkerke R2= 0.73.

We then applied the same mediation model (Fig. 6) to the retrospective semantic-differential items (overall Nagelkerke
R2= 0.78). As hypothesized, participants who perceived the interleaved schedule as the more mentally effortful also perceived
interleaved material as less well learned (relative to blocked), t =−13.08, p < .001, R2= 0.66, and this in turn predicted greater
odds of choosing an interleaved schedule for future study, z=3.59, p < .001, partial R2= 0.39, indirect effect=−1.48, 95% CI
[−3.63, −0.39]. For the retrospective perceptions, the mediation was only partial, and there remained a significant direct effect of
perceived mental effort on strategy choice, z =−2.40, p= .016, partial R2= 0.17.

2.2.6. Category learning
Lastly, although our primary interest in Experiment 1 was in how learners choose study strategies, we also considered the degree

to which participants learned from the study materials. Recall that participants completed six categorization trials during the initial
demonstration phase and another six in the final wrap-up phase; although primarily intended as part of our cover story, these also
essentially constitute a pre-test and post-test. We compared categorization accuracy across the two time points. Overall categorization
accuracy improved by 24 percentage points (95% CI: [19, 28]) from pre-test (M=47%; SD=17%) to post-test (M=71%;
SD=21%), t(88)= 9.79, p < .001, d=1.04, confirming that participants had learned from the study activities. Categorization
accuracy did not significantly differ between the bird families studied with the interleaved schedule (M change score= 24%,

Fig. 5. Mean retrospective perceived mental effort and retrospective perceived learning effectiveness for different study strategies in each study. The
solid line indicates the value on the scale that corresponds to no preference for one strategy over another.

Fig. 6. Mediation analysis of retrospective study strategy comparisons and choices in Study 1. *p < .05, ***p < .001.
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SD=41%) and those studied with the blocked schedule (M change score= 23%, SD=35%), t(88)= 0.23, p= .82, d=0.02.

2.3. Discussion

In Study 1, we examined learners’ perceptions of blocked and interleaved schedules and their choice between these strategies for
future use. Consistent with prior research (Yan et al., 2016), we found that a sizable majority of people chose a blocked schedule over
an interleaved schedule. This preference for a blocked schedule has been found even for tasks and materials for which an interleaved
schedule results in superior learning (Kornell & Bjork, 2008b; Kornell et al., 2010; Wahlheim et al., 2012; Yan et al., 2016; Zulkiply
et al., 2012), indicating it can sometimes be maladaptive. Note that we did not find such a significant benefit of interleaved practice
within our present task, but that may be unsurprising given that our paradigm was designed to primarily assess differences in
perception and was not ideal for testing ultimate learning (only three “test” trials per strategy).

Why do many learners choose a blocked schedule? In the present study, we directly queried participants’ perceptions of each of
the two strategies. We found that participants perceived the interleaved schedule as less effective for learning compared to the
blocked schedule, replicating past results (Kornell & Bjork, 2008b; Kornell et al., 2010; Wahlheim et al., 2012; Yan et al., 2016;
Zulkiply et al., 2012), even though there was no evidence of this in our (admittedly limited) measure of objective learning. In
addition, we also observed that participants perceived an interleaved schedule as more mentally effortful. Further, the more that
participants perceived the interleaved schedule as mentally effortful relative to a blocked schedule, the less effective for learning they
judged it, and in turn, the less likely they were to choose an interleaved schedule for future study.

These results are noteworthy for several reasons. First, they provide evidence directly linking participants’ perceptions of learning
to their choice between interleaved and blocked schedules. Past work has found that learners typically judge an interleaved schedule
as less effective for learning, but here we directly link those judgments to behavioral intentions by demonstrating that variation in the
degree to which individuals perceive an interleaved schedule as effective for learning predicts their propensity to choose it over a
blocked schedule for future study. More broadly, they extend the wealth of results demonstrating that metacognitive control of
selecting individual items for study is governed by judgments of learning (Metcalfe & Finn, 2008; Son & Metcalfe, 2000); here, we
observe that selections of entire study strategies are predicted by whether learners perceive those strategies as more or less effective
for learning.

Second, the results reveal that learners also perceive an interleaved schedule as more mentally effortful. Past work has proposed
that the reason learners disfavor interleaved schedules is ultimately rooted in a subjective experience of difficulty that arises when
using an interleaved schedule (Kornell & Bjork, 2008b; Kornell et al., 2010; Wahlheim et al., 2012; Yan et al., 2016); however, those
studies did not directly query participants’ subjective experiences of effort or difficulty during study. Here, we confirmed that par-
ticipants experience an interleaved schedule as more effortful than a blocked schedule.

Lastly, and most critically, our mediation model results provide support for our misinterpreted-effort hypothesis that learners’
perceptions of greater mental effort using an interleaved schedule leads them to feel that they are actually learning less (in line with
the ease-of-processing heuristic; Kornell et al., 2011), which in turn would lead them to not choose that strategy. This relationship was
especially stark for participants’ immediate perceptions of the strategies, where our results suggested that perceived learning fully
mediated any influence of perceived effort on strategy choice, but it obtained via partial mediation in the retrospective judgments as
well.

By contrast, there was only weaker evidence for the effort-avoidance hypothesis. There was not significant evidence for a direct
effect of participants’ immediate perceptions of mental effort on strategy choice; that is, it appeared learners did not avoid strategies
simply because they were mentally taxing, but rather because they appeared to misinterpret that difficulty as conveying information
about the strategy’s effectiveness. When considering retrospective perceptions, mental effort did have a direct effect on strategy
choice, but the indirect effect was still larger. The results also contradict the ignored-effort hypothesis, in which the choice of study
strategies is based on factors other than the experience of mental effort.

Nevertheless, Study 1 contained at least one major omission: Our task provided us with no real measure of participants’ objective
performance during the study phase under these two competing schedules. This is a concern because individuals vary somewhat in
the efficacy of these two schedules (e.g., in Yan et al., 2016, 10–30% of participants performed at least numerically better with a
blocked schedule), and it is plausible that participants who are learning better with a strategy experience less mental effort. Thus, it is
possible that the correlation we observed between perceptions of mental effort and perceptions of poor learning is wholly spurious
and arose simply because of a confound with objective performance.

To rule out this confound in Study 2, we examine a different decision in self-regulated learning that permits us to examine initial,
objective performance during learning and that tests the generality of our misperceived-effort hypothesis.

3. Study 2

In Study 1, we had examined the effects of perceived mental effort and perceived learning effectiveness in the context of choosing
between blocked and interleaved schedules—a decision about the ordering of to-be-learned materials. However, these constructs are
likely also relevant to numerous other decisions that learners face in the process of self-regulated learning. One such choice is how to
engage with to-be-studied material. For instance, having read a chapter of a biology textbook, learners might choose to further
engage with it either by re-reading the text (restudying) or by using practice questions to quiz themselves (retrieval practice). In
Study 2, we sought to validate and extend our misinterpreted-effort hypothesis by testing whether it can also explain decisions about
the activities performed during study.
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An additional benefit of this design is that the use of retrieval practice allows provides us with a ready measure of objective
performance during learning—namely, the degree of accuracy with which participants answer retrieval-practice trials. Because the
benefits of retrieval practice are typically greater the more accurate that learners are during practice (Rowland, 2014), learners who
perform more accurately during practice should in principle more strongly favor retrieval practice over restudy. Nevertheless, the
cue-utilization framework (Koriat, 1997) posits that learners do not have direct access to their objective level of knowledge or
learning and that metacognitive judgments are consequentially inferential (see also Schwartz et al., 1997). Thus, it should be ulti-
mately be perceived learning, rather than objective performance, that determines the choice of study strategy. Indeed, it is precisely the
lack of direct access to one’s objective learning that necessitates heuristics such as interpreting effort as poor learning. Thus, our
misinterpreted-effort hypothesis predicts an effect of mental effort on perceived learning even when controlling for objective
learning.

3.1. Method

3.1.1. Participants
We again targeted minimum N=77 based on our power analysis from Study 1 and ran batches of participants through Amazon

Mechanical Turk until we reached this number, yielding 90 participants. One participant was excluded for technical reasons, leaving
89 participants for analysis (43% female; 74% White, 9% Black/African American, 18% Asian, 2% American Indian or Alaskan
Native; 8% Hispanic or Latino; 11% high school diploma, 26% some college, 45% bachelor’s degree, 1% some graduate school, 16%
master’s degree, 1% doctoral degree). The mean age of the 88 participants reporting their age was 35.7 years (SD = 9.22).

3.1.2. Materials
3.1.2.1. Learning materials. In Study 2, participants learned about various science topics. Two texts—one about the Great Barrier Reef
(ReadWorks, 2013b) and one about pterosaurs (American Museum of Natural History, 2015)—were used in the main study phases in
which participants experienced two different study strategies; each was approximately 1300–1400 words. A third text, about
semiconductors (Weekly Reader Corporation, 2009), was used in the final phase and was shorter at approximately 1000 words. Each
was written at an 8th to 12th grade level.

For the Great Barrier Reef and pterosaur texts, we constructed 15 sentences that each present one key fact from the text. Each
sentence was constructed so that it could be presented as a fill-in-the-blank item in the retrieval practice condition (e.g., “Humpback
whales use a method called ________ feeding for hunting.”) or as a statement in the restudy condition (e.g., “Humpback whales use a
method called bubble net feeding for hunting.”).

Two additional texts—one on the history of the University of Pittsburgh Cathedral of Learning and the other on the Pittsburgh
Panthers football team—were used in the initial two practice phases (University of Pittsburgh, 2016, 2017). These texts were much
shorter than the main texts (82 and 77 words, respectively); one sentence was created for each practice text in the same manner as the
15 review phase items.

3.1.2.2. Immediate perception questionnaire. The questionnaire items assessing mental effort were identical to Study 1. The items
assessing perceived learning effectiveness were adapted to reflect the characteristics of the prose materials (e.g., How likely are you to
remember the answers to the questions? 1=Not very likely to 6= Extremely likely). (See Appendix C for survey items.) We averaged the
respective perception questionnaire items to create composite scores in the same manner as Study 1. The alphas for all questionnaires
were excellent, αs= 0.80 to 0.93.

3.1.2.3. Retrospective semantic-differential questionnaire. The semantic-differential items assessing retrospective comparisons were
identical to Study 1, except one item was modified with the word birds changed to facts (Which facts do you think you’ll remember
better?). The scale ranged from 1= Fill-in-the-blank to 6= Review the fact with α=0.78 for perceived effort and α=0.91 for
perceived learning. (See Appendix D for survey items.)

3.1.3. Procedure
The sequence of activities was largely the same in Study 2 except that there was no additional demonstration phase showing what

type of knowledge participants needed to acquire because the fill-in-the-blank and restudy items in the practice phase already
demonstrated this. Thus, the sequence of activities consisted of two practice phases, two study phases with associated immediate
perception questionnaire, the retrospective semantic-differential questionnaire, a choice between the two strategies, an open-ended
wrap-up phase that asked about what participants learned from the three passages, and demographics items (See Fig. 7.) Unlike Study
1, participants did not see a progress bar at the top of the screen.

Prior to the first main study phase, two initial practice phases, one with retrieval practice and one with restudy (presented in the
same order as in the critical study phases), introduced the study strategies to participants. These passages were presented for only one
minute, had only a single review item each, and did not include the perception questionnaire.

In each critical study phase, learners read one text. The entire text was presented on the screen for seven minutes, after which the
screen automatically advanced. Participants then reviewed 15 key facts from the passage using one of two randomly assigned review
activities. In retrieval practice, participants filled in a blank in each fact with the missing word or phrase using their memory (as in
Hinze & Wiley, 2011); in restudy, participants reviewed each fact in intact form (i.e., with the blank filled for them in with the correct
word or phrase). The facts were presented one at a time; after restudying or completing the fact, participants clicked a “Next” button
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to advance to the next item. Participants were not able to return to previous items. The facts were not presented in the same order as
in the text but were presented in a single randomized order that was consistent across participants. Again, all cued-recall responses
were scored as correct or incorrect by two trained research assistants (κ=0.96); a third research assistant resolved any disagree-
ments.

Immediately following the completion of the review activity, participants completed the immediate perception questionnaire
regarding the just-completed strategy. To verify that the seven minutes of study provided sufficient time to participants to read the
passage, the immediate-perception questionnaire additionally probed whether participants had had enough time to finish reading the
associated passage; participants indicated they had finished the passage 90% of the time. After completing the immediate-perception
questionnaire, participants then read and reviewed a second passage using the other study strategy and then answered the ques-
tionnaire about it. The Great Barrier Reef passage was always presented first and the pterosaurs passage second; however, the order of
the study strategies was counterbalanced across participants. Thus, across participants, each condition appeared equally with each
text and in each serial position.

As in Study 1, after experiencing and rating both strategies, participants completed the retrospective semantic-differential
questionnaire. Participants then read the third text (on semiconductors), which was also displayed for seven minutes. After reading
this text, participants were asked to choose between retrieval practice and restudying to study facts from it. Specifically, participants
were asked, “Before you complete an exercise about this final passage, please select which you would like to use to help you learn the
passage (so that you can take a test on it).” They were reminded of the two types of activities and were then asked, “Which type of
exercise would you like to receive?” Participants answered the two-choice question item by selecting either “Review the fact” or “Fill-
in-the-blank.”

Since this strategy choice was our primary outcome measure, we did not require participants to implement the chosen strategy.
Instead, participants were told they did not actually need to complete the strategy session for the third text. (In Study 3, participants
actually implemented the chosen strategy to prepare for a test.) Rather, in the wrap-up phase, participants were simply asked, “What
was the most interesting thing you learned from the three passages?” in order to fulfill the promise that they would be tested on the
content they studied.

3.2. Results

3.2.1. Performance in retrieval practice
Participants answered 69% of the retrieval practice items correctly (SD=22%). Meta-analysis (Rowland, 2014) suggests that

retrieval practice robustly outperforms restudy even without feedback so long as participants are more than 50% accurate in their

Fig. 7. Flow of study activities in Studies 2, 3, and 4.
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practice attempts; thus, the level of performance in Study 2 is well within the range at which retrieval practice should be beneficial.

3.2.2. Participant study strategy choice
Nevertheless, when given the opportunity to choose retrieval practice or restudying for a third text, 31% of participants chose

retrieval practice and 69% chose restudying.

3.2.3. Immediate study-strategy perceptions
Participants judged retrieval practice (M=3.87; SD=1.15) as, on average, 0.17 points less effective for learning (95% CI:

[−0.44, 0.93]) than restudying (M=4.04; SD=1.10); this difference was not significant in a paired-sample t-test, t(88)=−1.29,
p= .202, d=0.14. They also rated retrieval practice (M=3.69; SD=1.25) as, on average, 0.79 points more mentally effortful (95%
CI: [0.50, 1.08]) than restudying (M=2.90; SD=1.20), a significant difference, t(88)= 5.392, p < .001, d=0.57.

3.2.4. Relation of perceptions to strategy choice
As we did in Study 1, we fit separate logistic regression analyses to test the direct-effect relationships between perceptions of

mental effort and perceived learning on strategy choice (0= restudy, 1= retrieval practice). We again created difference scores by
subtracting participants’ scores on the mental effort and learning effectiveness scales taken immediately following restudy from these
same scores taken immediately following retrieval practice; thus, positive values indicate when retrieval practice was viewed as more
effortful or more effective for learning than restudy.

For every point that participants perceived retrieval practice as more mentally effortful (relative to restudy), their odds of
choosing it for future study declined 0.44 times (95% CI [0.17, 0.62]) to choose it for future study, z =−2.93, p= .003, Nagelkerke
R2= 0.15. Moreover, for every point that participants perceived retrieval practice as more effective for learning (relative to restudy),
their odds of choosing it were 2.80 times greater (95% CI [1.59, 4.95]), z = 3.56, p < .001, Nagelkerke R2= 0.27. Given these
bivariate relations with study choice, we next tested the hypothesis that perceived mental effort predicts strategy choice by way of
perceived learning effectiveness.

A critical difference in Study 2 is that we could also include objective performance with retrieval practice (i.e., proportion
accuracy during the practice trials) as a predictor of perceived learning and of strategy choice. Fig. 8 displays this expanded model2 of
immediate perceptions in Study 2. First, we consider influences on perceived learning (overall R2= 0.35). Objective performance did
predict perceived learning; the better participants performed during retrieval practice, the more they perceived themselves as
learning from retrieval practice (relative to restudy), t=2.22, p= .029, partial R2= 0.05. Critically, mental effort incrementally

Fig. 8. Mediation analysis of immediate study strategy perceptions and choices in Study 2 while controlling for objective performance. †p < .10,
*p < .05, **p < .01, ***p < .001.

2 Throughout all analyses, the same conclusions about the direct and indirect effects of mental effort were obtained if we excluded objective
performance from the model. We focus here on the model that includes objective performance to test the prediction that perceived learning is a
better predictor of study behavior than objective learning.
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predicted perceived learning over and above objective learning, and, indeed, was a larger influence than objective performance; as
hypothesized, participants who perceived retrieval practice as more mentally effortful (relative to restudy) also perceived material
reviewed with retrieval practice as less well learned, t =−5.89, p < .001, partial R2= 0.29.

How did these constructs in turn influence study strategy choice (overall Nagelkerke R2= 0.34)? As hypothesized, perceptions of
retrieval practice as comparatively effective for learning predicted greater odds of choosing retrieval practice for future study,
z=2.63, p= .009, partial R2= 0.13, indirect effect=−0.39, 95% CI [−0.84, −0.11]. The direct effect of perceived mental effort
did not significantly predict strategy choice, z =−0.94, p= .345, partial R2= 0.02, suggesting full mediation, as in Study 1.
Additionally, objective performance during retrieval practice had only a marginal effect on strategy choice that was smaller than that
of perceived learning, z=1.73, p= .083, partial R2= 0.06.

3.2.5. Retrospective semantic differential
We again turned to participants’ retrospective comparisons, which were on a single semantic-differential scale3 from restudy (1)

to retrieval practice (6). Comparisons of participants’ responses to the midpoint of the scale (3.5) again closely resembled the results
from immediate perceptions: Learners judged retrieval practice as significantly more effortful than restudy (M=4.67, SD=1.24, t
(88)=−8.95, p < .001, 95% CI: [4.41, 4.93], d=0.95), but did not regard one strategy as significantly more effective for learning
than the other (M=3.48, SD=1.56, t(88)= 0.14, p= .892, 95% CI: [3.15, 3.81], d=0.01).

3.2.6. Relation of retrospective comparisons to strategy choice
As with the immediate perceptions, separate logistic regressions supported both of the bivariate relationships with study choice.

For every point that participants rated retrieval practice as more mentally effortful relative to restudy, their odds of choosing it for
future study were 0.59 times lower (95% CI: [0.37, 0.74]), z =−4.02, p < .001, Nagelkerke R2= 0.29. And, for every point that
participants rated retrieval practice as more effective for learning, their odds of choosing it were 2.77 times greater (95% CI: [1.74,
44.3]), z = 4.28, p < .001, Nagelkerke R2= 0.40.

Given these bivariate relationships, we then applied our mediation model (Fig. 9) to the retrospective semantic-differential items.
We first consider predictors of perceived learning (overall R2= 0.35). As with the immediate perceptions, there was a significant
effect of objective performance during retrieval practice, t=2.22, p= .029, partial R2= 0.05, but there was a much larger effect of
mental effort such that the more participants perceived retrieval practice as comparatively more mentally effortful, the less they
perceived it as comparatively effective for learning, t =−5.89, p < .001, partial R2= 0.29.

Turning to predictors of study strategy choice (overall Nagelkerke R2= 0.52), we found that perceptions of retrieval practice as
effective for learning in turn predicted greater odds of choosing it for future study, z=3.41, p < .001, partial R2= 0.27. Thus, there
was an indirect effect of mental effort on study strategy choice (indirect effect=−0.41, 95% CI [−0.98, −0.12] . As in Study 1, this
mediation was only partial when examining retrospective comparisons, and there remained a significant direct effect of perceived
mental effort on strategy choice, z =−2.73, p= .006, partial R2= 0.16. Objective performance during retrieval practice did not
significantly predict strategy choice over and above perceived learning and perceived effort, z=0.11, p= .254, partial R2= 0.03.

3.2.7. Retention of information
As with Study 1, our primary interest was in learners’ choices, but we also considered how the retrieval practice versus restudy

strategies influenced participants’ retention of the material. Recall that, at the end of the experiment, participants were prompted to
report the most interesting fact they learned from the experiment. This task was included primarily as part of the cover story, but
participants’ choice of which fact to report may in part reflect their ability to recall the texts. Thus, we scored4 whether this fact
referred to the text reviewed with restudy (M=26%, SD=45%), the text reviewed with retrieval practice (M=38%, SD=49%),
the final text for which participants chose (but did not implement) a strategy (M=47%, SD=50%), or could not be coded
(M=17%, SD=17%). Overall, participants were 11 percentage points (95% CI: [−1, 24]) more likely to report an interesting fact
from the practiced text than the restudied text; this difference was marginally significant, t(88)= 1.79, p= .077, d=0.19.

3.3. Discussion

In Study 2, we modified the procedure of Study 1 to test our theoretical model in the context of a different self-regulated learning
decision: whether to practice retrieving learned material (in this case, in the form of fill-in-the-blank items) or restudy it in intact
form. Most participants chose restudying over retrieval practice, and why our participants favored restudy replicated the same pattern
for why they favored a blocked schedule in Study 1: Restudying was judged to be both more effective for learning and less mentally
effortful than retrieval practice, and these variables predicted intentions for future study, such that the more mentally effortful
participants perceived retrieval practice (relative to restudying), the less effective they felt retrieval practice was for learning, and in
turn, the less likely they were to choose it over restudy.

An additional contribution of Study 2 is that we assessed participants’ objective accuracy during retrieval practice, which meta-

3 Due to researcher oversight, the semantic-differential scale in Studies 2 and 3 was in the opposite direction from Study 1 such that the nor-
matively more effective strategy (retrieval practice) constituted the lower endpoint of the scale. We reverse the scale in reporting the results here to
facilitate comparison across studies.
4 Some responses referred to more than one text, which we scored as each of the texts referred to; thus, percentages sum to more than 100%.
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analysis has indicated modulates the magnitude of the retrieval practice benefit (Rowland, 2014). Objective performance did, indeed,
predict whether participants considered retrieval practice comparatively effective for learning—but it was not as strong a predictor as
perceptions of mental effort. Further, objective retrieval practice performance related only very weakly to the subsequent choice of
whether to employ retrieval practice; this relationship was marginal in immediate perceptions, non-significant in retrospective
comparisons, and of trivial effect size in both cases. Together, these results support the claims that metacognition is inferential and
that learners do not have direct access to their level of learning or knowledge (Koriat, 1997; Schwartz et al., 1997): It was ultimately
perceived learning, rather than objective performance, that predicted study intentions. This perceived learning must be inferred from
other cues, such as mental effort; thus, the prominent cue of mental effort had a larger effect size in predicting perceived learning
than did objective performance.

Combined, the results of Study 1 and Study 2 suggest that our misinterpreted-effort hypothesis may characterize a broad principle
of self-regulated learning: Learners infer how well a study strategy contributes to their learning based in part on the experience of
mental effort that it engenders. Strategies experienced as more mentally effortful are interpreted as less effective for learning and,
consequently, not chosen. Across the two studies, this mediation model was observed to hold both across different kinds of self-
regulated learning decisions (choosing the order of study materials versus choosing the activity performed on them) and across
different kinds of to-be-learned materials (categorizing visual exemplars versus reading prose scientific content). In both studies, this
relationship was particularly strong when participants’ perceptions of a strategy were assessed immediately afterwards, where our
results suggested that the misinterpreted-effort effect fully mediated the relationship of perceived effort to self-regulated learning
decisions. For retrospective comparisons of the strategies, the mediation was only partial (though still statistically significant), and
there was also a direct negative effect of a strategy’s perceived effort on participants’ choices to deploy it.

The studies presented to this point have shown that learners’ perceptions of mental effort and, consequently, of learning effec-
tiveness matter for their choice of study strategies. These choices are likely to be, in turn, consequential for learning outcomes insofar
as some learning strategies are more effective for long-term learning than others. For example, meta-analysis (Rowland, 2014)
indicates that retrieval practice outperforms restudy when participants are given feedback or even without feedback when initial
performance is more than 50% accurate. Given that our participants performed well above this threshold, choosing retrieval practive
over restudy would likely have contributed to their long-term learning of the texts; indeed, we saw some of this evidence insofar as
participants were marginally more likely to recall an interesting fact from the practiced text than the restudied text. Further, given
that the assignment of text topics to conditions was counterbalanced across participants, any such difference must be attributed to the
study strategies and not to the content of one text being intrinsically more interesting than the other.

But, the benefits of retrieval practice were not generally reflected in our Study 2 participants’ choices and perceptions:
Participants did not judge retrieval practice as more effective for learning than restudy, they rated it as more effortful, and they were
less likely to choose it for future study. Indeed, a general challenge is that strategies are often more effective for long-term learning
are often initially more difficult or effortful (Schmidt & Bjork, 1992). A further implication of our results, then, is that misperceiving
difficulty as poor learning may lead learners to choose less effective strategies and consequently learn and retain less than they could

Fig. 9. Mediation analysis of retrospective study strategy comparisons and choices in Study 2 while controlling for objective performance. *p < .05,
**p < .01, ***p < .001.
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have. However, Study 2 was largely not designed to assess participants’ long-term retention: We did not directly query whether
participants accurately remembered the texts (only what they found most interesting), and we did not have participants review or
attempt to recall the final text for which they choose their own strategy. In Study 3, we directly test the hypothesis that choosing
retrieval practice over restudy predicts better retention—and, by extension, reveals consequences of perceiving those strategies as
differentially effortful or effective.

4. Study 3

In order to test the consequences of learners’ study strategy choices for long-term retention, we adapted the procedure of Study 2
to include two sessions separated by 48 h. In the initial session, participants experienced each of the restudy and retrieval practice
strategies with different texts, and then chose a strategy to apply to a final text, as in Study 2; in addition, participants now actually
applied that chosen strategy to the final text. Then, they returned for a second session 48 h later, in which their long-term memory for
all of the texts was assessed via a cued recall test, identical in format to the retrieval practice items. This test allowed us to not only
relate perceived effort and perceived learning to study-strategy choice, but to then relate study-strategy choice to retention; that is,
did participants who studied the final text with retrieval practice indeed remember it better? In addition, by comparing memory for
the two texts for which participants were assigned a strategy by the experimenter, we could carry out an experimental test of the
standard retrieval practice effect (Karpicke & Roediger, 2008); that is, does retrieval practice produce greater long-term retention
than restudy?

We also further tested the generality of our mediation model by extending it to (a) additional texts on other science topics and (b)
to increase the relevance to theories of learning, a new population and setting: university students in a research lab, who more closely
resemble classroom learners in both age and setting, rather than an online experiment that samples the general population.

4.1. Method

4.1.1. Participants
We again targeted minimum N=77 based on our power analysis from Study 1. Because Study 3 used a two-session procedure and

we expected some participant drop-out, we initially recruited 87 participants through the University of Pittsburgh undergraduate
participant pool in exchange for partial credit towards a course requirement. Three participants were excluded who did not return for
the second session, and four were excluded for technical issues that inhibited their completion of the study task, leaving 80 parti-
cipants for analysis, sufficient for our desired level of power (54% female; 78% White, 8% Black/African American, 14% Asian, 1%
American Indian or Alaskan Native, 4% other, 3% none of the options, 3% decline to state; 5% Hispanic or Latino; 68% first-years,
21% sophomores, 6% juniors, 4% seniors, 1% other). Their mean age was 18.9 years (SD=1.33).

4.1.2. Materials
4.1.2.1. Learning materials. As in Study 2, participants learned about various science topics. To increase the generality of our
findings, we added two additional texts (similar in length, reading level, and structure to those in Study 2) as an additional
counterbalancing variable. Half the participants read the same texts as in Study 2; the other half instead read two new texts—one on
the American Chestnut tree and one on water (ReadWorks, Inc., 2013a, 2013c)—and reviewed the associated 15 key passage facts.
All participants still read the same final text on semiconductors. Because participants in this study now actually reviewed this final
text using restudy or retrieval practice, we constructed 15 sentences of key facts from the final text as well. Similar to Study 2,
participants could generally read the texts within the allotted seven minutes; participants indicated they finished reading the text
86% of the time.

4.1.2.2. Immediate perception questionnaire. Identical to Study 2. Alphas were adequate to excellent (αs= 0.73 to 0.88).

4.1.2.3. Retrospective semantic-differential questionnaire. Identical to Study 2. Consistency was excellent for retrospective comparisons
of learning (α= 0.87) but somewhat lower for effort (α=0.67).

4.1.2.4. Theory of intelligence questionnaire. Because at least one study suggests that the extent to which learners perceive difficulty as
poor learning may vary as a function of their view of intelligence (Miele et al., 2011), we included on an exploratory basis a standard
inventory of naïve theories of intelligence (Dweck, 1999). Participants responded to three items (α=0.91) on a 1–6 Likert scale
ranging from Strongly disagree to Strongly agree. However, we observed no correlations between theories of intelligence on any of our
critical measures,5 so it will not be discussed further.

4.1.3. Procedure
Participants completed two study sessions in a research lab on the university’s campus. Participants completed both sessions in a

5We note that this absence of a relation between naïve theories of intelligence and self-regulated learning perceptions or choices is consistent with
at least two other investigations (Koriat, Nussinson et al., 2014; Yan, 2014) although a growth mindset may predict more nuanced appreciation of
particular strategies (Yan, Thai, and Bjork, 2014).
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lab room with up to two other participants; however, participants did not communicate with one another during the experiment.
The first session was identical to Study 2, except that (a) as noted above, half of the participants in Study 3 received two different

texts and associated sentences in the initial phases of the study, (b) participants completed the theory of intelligence questionnaire,
(c) participants did not receive an open-ended wrap up item (since they now received an actual test in the second session), and (d)
most critically, participants actually performed their chosen study strategy (retrieval practice or restudy) on the final text. That is,
after reading the final text, participants were asked, “Before you complete the exercise about the passage, please select which type of
exercise you would like to use to help you learn the passage (so that you will be able to take a test on it during your next visit to the
lab). Remember – For review the fact, you had to reread sentences that contained information from the passage. For fill-in-the-blank,
you had to figure out the answers yourself based on your memory of the passage. Which type of exercise would you like to receive?”
After selecting their strategy of choice, participants reviewed the 15 key passage facts in either the retrieval practice or restudy form.

Thus, the sequence of activities for the first session consisted of two practice phases, two study phases with associated immediate-
perception questionnaires and questions about whether participants finished reading in the time allotted, retrospective semantic-
differential questionnaire, the theory of intelligence questionnaire, a choice between the two review strategies, the review of the final
passage facts using the chosen strategy, and demographics and background characteristics items. (See Fig. 7, above.)

Participants then returned to the lab 48 h after the start of their first session. In the second session, participants’ memory was
tested using the 15 fill-in-the-blank items for each of three passages texts studied during Session 1 (totaling 45 test questions). The
texts were tested in the same order in which they were presented in Study 1; however, the 15 test items within each passage were
presented in a new re-randomized order, held constant across participants. The test items were presented one at a time; participants
typed their response in the blank and then clicked “Next” to move on to the next item. Just as in the first session, participants were
not able to return to previous test items. Two trained research assistants scored each response to the cued-recall item as correct or
incorrect (κ=0.95); where they disagreed, a third research assistant broke the tie.

Lastly, at the end of the second session, participants answered two open-ended questions about their experience in the study;
although not central to our hypothesis testing, these questions provided some additional, qualitative insight into participants’ ex-
periences. The first question asked participants to self-report their rationale for choosing their study strategy for the third text (“Why
did you make that choice?”). We coded these responses for the presence of four themes suggested by our hypotheses and by the
broader literature: choosing a strategy based on what is most effective for learning or memory (Nelson & Narens, 1990), choosing
based on ease or avoidance of effort (Kurzban et al., 2013), choosing based on habit or typical study (Ariel & Dunlosky, 2013; Ariel
et al., 2011), or choosing what was more interesting or engaging (Son & Metcalfe, 2000). The second question asked participants
whether they thought their chosen study strategy was indeed more effective than the alternative (“Do you think there would have
been a difference in your accuracy today if you would have chosen the other type of exercise?”). We coded these responses into three
categories: participants who thought they would have learned more poorly with the other strategy, participants who thought they
would have learned better, and participants who thought their choice made no difference in their learning.

4.2. Results

4.2.1. Performance in retrieval practice
All participants were assigned one text on which to use retrieval practice. Participants answered 54% of those retrieval practice

items correctly (SD=19%), which is notably less than in Study 2; we revisit this point in the Discussion below. For the participants
who chose to use retrieval practice on the third text, practice performance on that text was slightly higher at 57% (SD=18%), but
still lower than in Study 2.

4.2.2. Participant study strategy choice
When given the opportunity to choose retrieval practice or restudying for the third text in Session 1, 47.5% of participants chose

retrieval practice and 52.5% chose restudying.

4.2.3. Immediate study-strategy perceptions
Participants’ perceptions of retrieval practice and restudy significantly differed on both dimensions: Participants judged retrieval

practice (M=2.55; SD=0.91) as, on average, 0.98 points less effective for learning (95% CI [−1.27, −0.68]) than restudying
(M=3.52; SD=0.96), t(79)=−6.59, p < .001, d=0.74. They also rated retrieval practice (M=3.24; SD=1.11) as, on average,
0.76 points more mentally effortful (95% CI: [0.53, 1.00]) than restudying (M=2.48; SD=0.92), t(79)= 6.40, p < .001, d=0.72.

4.2.4. Relation of perceptions to strategy choice
As in Study 2, separate logistic regression analyses using difference scores showed that for every point that participants perceived

retrieval practice as more mentally effortful relative to restudy, their odds of choosing retrieval practice for future study declined 0.48
times (95% CI [0.14, 0.68]) to, Wald z =−2.54p= .011, Nagelkerke R2= 0.12. By contrast, for every point that participants
perceived retrieval practice as relatively more effective for learning, their odds of choosing it were 2.22 times greater (95% CI [1.44,
3.43]), Wald z=3.60, p < .001, Nagelkerke R2= 0.25.

Fig. 10 depicts the mediation model for immediate perceptions in Study 3, controlling for objective performance during retrieval
practice. We first examine what predicted perceptions of learning (overall R2= 0.46). As in Study 2, objective performance during
retrieval predicted perceptions of material studied under retrieval practice as comparatively well-learned, t=4.37, p < .001, partial
R2= 0.20. But, the stronger predictor was mental effort, such that participants who perceived retrieval practice as relatively more
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mentally effortful also perceived it as relatively ineffective for learning, t =−4.85, p < .001, R2= 0.23.
Next, we consider what predicted participants’ choice of study strategy for the third text (overall Nagelkerke R2= 0.27).

Perceptions of the effectiveness of retrieval practice for learning in turn predicted greater odds of choosing retrieval practice for
future study, z=2.23, p= .026, partial R2= 0.09, indirect effect of mental effort=−0.33, 95% CI [−0.77, −0.03]. The direct
effect of perceived mental effort did not significantly predict strategy choice, z =−0.45, p= .651, partial R2 < 0.01, suggesting full
mediation. Nor did objective performance during practice significantly predict study strategy choice when controlling for perceived
learning, z=1.16, p= .246, partial R2= 0.02.

4.2.5. Retrospective semantic differential
Comparisons of the semantic-differential scale to its midpoint (3.5) revealed that learners judged retrieval practice as significantly

more effortful than restudy (M=5.08, SD=0.93, t(79)=−15.16, p < .001, 95% CI: [4.87, 5.29], d=1.70), but, contrary to the
immediate perceptions, did not regard one strategy as significantly more effective for learning than the other (M=3.36, SD=1.55, t
(79)=−0.84, p= .402, 95% CI: [3.03, 3.69], d=0.09).

4.2.6. Relation of retrospective comparisons to strategy choice
As in Study 2, separate logistic regression analyses supported each of the bivariate relations with strategy choice. For every 1-unit

increase in participants’ rating of the mental effort of retrieval practice relative to restudy, their odds of choosing it for future study
declined 0.58 times (95% CI: [0.01, 0.66]), z =−1.97, p= .049, Nagelkerke R2= 0.07. And, for every 1-unit increase in partici-
pants’ rating of retrieval practice as effective for learning relative to restudy, their odds of choosing it 2.81 times increase (95% CI:
[1.82, 4.36]) to choose it for future study, Wald z=4.64, p < .001, Nagelkerke R2= 0.44.

We applied our mediation model (Fig. 11) to the retrospective semantic-differential comparisons in Study 3. Again, we find that
perceptions of retrieval practice as comparatively effective for learning (overall R2= 0.31) were predicted positively by objective
performance during retrieval practice, t=4.89, p < .001, partial R2= 0.24, and negatively by perceptions of retrieval practice as
comparatively effortful, t =−2.32, p= .023, partial R2= 0.07.

When we turn to the choice of strategy for the third text (overall Nagelkerke R2= 0.44), perceptions of retrieval practice as
comparatively more effective for learning in turn predicted greater odds of choosing it for future study, z=3.88, p < .001, partial
R2= 0.31, indirect effect of mental effort=−0.34, 95% CI [−0.87, −0.01]. Unlike in the retrospective analyses in Study 1 and 2
(but consistent with all of the analyses of immediate perceptions), the direct effect of perceived mental effort on strategy choice was
not significant, z =−0.64, p= .522, partial R2= 0.01, suggesting full mediation, nor was there a significant effect of objective
performance, z=0.05, p= .457, partial R2 < 0.01

4.2.7. Post-test for assigned study activities
The most critical addition to Study 3 was a second session to examine how the study strategies affected participants’ actual long-

Fig. 10. Mediation analysis of immediate study strategy perceptions and choices in Study 3, controlling for objective performance. †p < .10,
*p < .05, ***p < .001.

A. Kirk-Johnson, et al. Cognitive Psychology 115 (2019) 101237

18



term memory for the texts. We first compared performance on the initial texts, for which participants were assigned a study strategy.
A paired-samples t-test revealed that participants were marginally better at remembering texts for which they were assigned to use
restudy (M=8.31 items correct out of 15; SD=2.79) than assigned to use retrieval practice (M=7.69; SD=2.80), M of the
difference=0.63 (95% CI: [−0.057, 1.31]), t(79)= 1.82, p= .072, d=0.20. This is counter to the typical testing effect, wherein
material reviewed using retrieval practice strategy yield long-term retention than material reviewed using restudy.

4.2.8. Post-test for chosen study activity
Recall that for the final text, learners made their own choice during the first session whether to use restudy or retrieval practice.

An independent samples t-test revealed that participants who selected retrieval practice (M=7.95 items correct of 15, SD=2.42)
remembered significantly more of the final passage than participants who selected restudy (M=6.40, SD=3.12), M of the dif-
ference= 1.54 (95% CI: [0.29, 2.79]), t(78)= 2.46, p= .016, d=0.55.

4.2.9. Open-ended items
Although our primary interest was in the quantitative measures, we also examined responses to the two open-ended questions at

the end of the experiment.
The first question asked participants to freely report why they had chosen the study strategy they selected. Overall, 68% of

participants referred to choosing a strategy better for learning, 19% referred to the ease of the strategy, 6% referred to habit, and 1%
referred to choosing the strategy that was more interesting6. The rates at which participants self-reported choosing a strategy based
on learning effectiveness did not significantly vary between restudy (M=64%, SD=49%) and retrieval practice (M=71%,
SD=46%), t(78)=−0.64, p= .525, d=0.14. This result is consistent with our mediation analyses, in which the primary predictor
of strategy choice was always perceived effectiveness for learning. Although ease of processing was cited less frequently by parti-
cipants as a reason for their choice, participants were more likely to mention this factor when they chose restudy (M=29%,
SD=46%) than when they chose retrieval practice (M=8%, SD=27%), t(78)= 2.42, p= .018, d=0.54. This response also
accords with our mediation analysis, which suggests a secondary direct path whereby some participants favor restudy simply because
it is less effortful.

The second open-ended question queried whether participants thought their choice of strategy ended up being preferable for
learning the material. Although less relevant to our primary research question of why participants choose the study strategies they do,
it is interesting to note that participants who chose retrieval practice were marginally more likely to feel that their choice helped
them learn (M=58%, SD=50%) than participants who chose restudy (M=38%, SD=49%), t(78)= 1.78, p= .078, d=0.40.
This is consistent with the claim that, at least under some conditions, participants may come to recognize the value of such strategies

Fig. 11. Mediation analysis of retrospective study strategy comparisons and choices in Study 3, controlling for objective performance. †p < .10,
*p < .05, ***p < .001.

6 These percentages do not sum to 100% because some responses referred to more than one theme and some referred to none of these themes or
were uncodeable.
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with experience (Tullis et al., 2013).

4.3. Discussion

In Study 3, more participants again chose restudy to learned facts rather than practice retrieving them, although this preference
was not as strong as in Study 2. Nonetheless, our primary research question was not about the base rate at which any particular
strategy is chosen, but rather about why participants who choose a particular strategy favor that strategy. Here, Study 3 closely
replicated Study 2: Retrieval practice was perceived to be significantly more mentally effortful than restudying, and restudying was
judged as significantly more effective for learning than retrieval practice. Most critically, our hypothesized mediation model was
again supported such that the more participants perceived a strategy to be mentally effortful, the less effective they felt it was for their
learning, and in turn the less apt they were to choose that strategy for future study. In Study 3, full mediation was supported for both
measures of participants’ immediate perceptions of each strategy and their retrospective comparison of the two strategies; the
perceived effort required by the study strategies did not have a significant direct effect on which strategy participants chose. These
results further extend and validate our model with a different subject population (students in an undergraduate participant pool), a
different study environment (a university research lab), and additional to-be-learned science content.

The most important addition to Study 3 was a second session two days later to assess participants’ long-term memory for the
materials. Because self-regulated learning strategies differ in their effectiveness for long-term retention, participants’ perceptions and
choices are likely to have consequences for how effectively they learn. Our results were consistent with that claim: Participants who
chose to review a science passage using retrieval practice better remembered the passage two days later than participants who merely
restudied facts from the passage. We caution that because participants self-selected into choosing retrieval practice or choosing
restudy, we cannot say on the basis of the present evidence alone that retrieval practice caused the superior learning, but past work
(Rowland, 2014) does suggest the effect of retrieval practice is indeed causal. (We consider this issue further in Section 6.5.) In
summary, perceiving retrieval practice as more effortful was associated with perceiving it as less effective for learning, and in turn not
choosing it—a decision that was likely unfortunate because choosing retrieval practice was in truth associated with better long-term
retention.

One caveat is that, for the two passages for which participants were randomly assigned a strategy, we did not replicate the typical
benefits of retrieval practice over restudy. One reason for this may be that our study materials were comparatively difficult even
during the first session: Meta-analysis (Rowland, 2014) has demonstrated that the benefits of retrieval practice are greater the better
that learners perform during that retrieval practice, with an effect of retrieval practice potentially absent entirely if initial accuracy is
less than 50%. In the case of the present study, average retrieval practice performance for these texts (55%) was only barely above
that threshold. Thus, these passages may have simply been too difficult to elicit a reliable benefit of retrieval practice. Some evidence
supports this link between initial retrieval practice performance and retention: The better that participants performed on the initial
retrieval practice items, the better their retention for that practiced text relative to the restudied text (i.e., they showed a larger
testing effect), r=0.49, p < .001.

Nevertheless, the primary goal of Study 3 was to examine the consequences of study strategy choice, and for the critical text for
which participants made their own choice of strategy, we did indeed see a typical testing effect whereby choosing retrieval practice
was associated with more enduring learning than choosing restudy—and this choice, in turn, was predicted by participants’ per-
ceptions of the mental effort and learning effectiveness of retrieval practice.

5. Study 4

In our first three studies, we found that measures of participants’ perceived mental effort and perceived learning predicted their
choice of study strategy. This pattern is in line with our hypothesis that participants’ choices of study strategies are typically in-
fluenced by such factors. However, an alternate explanation is that this relationship is an artifact of our experimental procedure,
which required participants to rate the strategies on those two dimensions. It is possible that the process of rating study strategies on
these dimensions itself induced participants to choose strategies on that basis even if they would not normally; for instance, the
questionnaire items themselves may alter participants’ mindset (Duckworth & Yeager, 2015; Job, Dweck, & Walton, 2010), or
participants may desire to appear consistent with their previous questionnaire responses7 (Peer & Gamliel, 2011). In particular,
having rated restudy favorably compared to retrieval practice, participants may have then felt obligated to choose it as their study
strategy.

We conducted Study 4 to test for this possibility. We used the same procedure as our one-day Study 2 except that participants did
not provide any sort of ratings of the study strategies. Instead, they simply experienced both strategies and then made a final choice of
strategy for the third text. If the act of rating strategies for perceived effort and learning had inflated participants’ preference for the
strategy they preferred on those dimensions (which, in this case, had been restudy), then we should see that preference reduced when
participants did not make any such ratings.

7 We thank an anonymous reviewer for suggesting this possibility.
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5.1. Method

5.1.1. Participants
We recruited participants through the University of Pittsburgh undergraduate participant pool in exchange for partial credit

towards a course requirement (N=57 based on availability; 39% female; 68% White, 7% Black/African American, 16% Asian, 7%
other race; 2% declined to report; 2% Hispanic or Latino; 19% high school diploma, 74% some college, 5% bachelor’s degree, 1%
some graduate school, 16% master’s degree, 1% doctoral degree). The mean age of the 56 participants reporting their age was
19.75 years (SD = 1.52).

5.1.2. Materials
The materials were identical to Study 2.

5.1.3. Procedure
We adapted the procedure from Study 2 by eliminating both the immediate-perception and retrospective semantic-differential

questionnaires. Participants experienced each of the strategies without rating, then made a final choice of strategy for the final third
text. (See Fig. 7, above.)

5.2. Results

The sole measure collected in Study 4 was participants’ final choice of study strategy. We compared these choices to those in
Study 2, which used an identical one-day procedure but with the inclusion of ratings. In Study 4, 23% of participants chose retrieval
practice and 77% chose restudying. A chi-square test for independence showed that these proportions did not significantly differ from
the preferences in Study 2 (31% and 69%, respectively), χ2(1)= 0.90, p= .344.

5.3. Discussion

Eliminating the ratings of perceived mental effort and perceived learning in Study 4 did not significantly change participants’
ultimate preference for restudy versus retrieval practice. Indeed, participants were numerically more likely to choose restudy in Study
4 than in Study 2. Thus, there was no evidence that the act of providing favorable ratings to one strategy (i.e., restudy) in prior studies
had artificially inflated participants’ propensity to choose that strategy.

6. General discussion

In four studies, we examined the reasons and processes behind learners’ study strategy choices and (in Study 3) the consequences
of those choices. In the first three studies, participants experienced two different (and theoretically contrasting) study strategies, rated
each for the mental effort experienced and its perceived effectiveness for learning, and made a choice of study strategy for future use.
Although each of these constructs has been viewed as relevant to self-regulated learning, few studies have assessed all of them at the
same time in the same participants to determine their relations.

Across these first three studies, a consistent pattern emerged: The more learners perceived a study strategy as mentally effortful,
the less they judged it to be effective for learning; this, in turn, predicted their choice of study strategies such that the more effective
that participants thought a strategy was for learning, the more likely they were to choose it for future study. That is, we observed an
indirect effect of perceived effort on study strategy choices, mediated by perceived learning. This pattern held across differences in
study strategies (the choice between blocked vs. interleaved schedules and the choice between restudy vs. retrieval practice), to-be-
learned materials (learning to classify category exemplars and learning of science texts), subject populations (students and the
general adult population), and locations (the Web or a laboratory). This indirect effect also always held across both participants’
measures of immediate perceptions of each strategy and retrospective comparisons of the two strategies. It also held even when
controlling for participants’ objective performance during study.

Further, this mediation effect generally outweighed other influences on study choice that we measured: When we considered
immediate perceptions of each strategy, there was no significant direct effect of perceived effort on study choices, suggesting the
influence of perceived mental effort was fully mediated by how it influenced by perceptions of study. When we instead considered
retrospective comparisons of each strategy, an additional direct effect emerged in two of the three studies whereby participants were
less likely to choose strategies they regarded as mentally effortful, but the mediation effect remained even in those cases. Moreover,
Study 3 suggested full mediation even in the retrospective comparisons.

Further, Study 3 suggests that these perceptions and choices have consequences for long-term retention of science texts: Not only
did perceptions predict whether or not participants chose to employ retrieval practice, that choice in turn predicted performance on a
test of retention 48 h later.

Lastly, in Study 4, we tested the possibility that providing the act of favorable ratings for certain study strategies, such as restudy,
itself drove participants’ subsequent choice of those strategies (e.g., if participants tried to conform their choice to their ratings). We
adapted Study 2 to eliminate the ratings of perceived mental effort and perceived learning, but this alteration did not decrease (and,
in fact, numerically increased) participants’ ultimate preference for restudy relative to the original Study 2. Thus, there was no
evidence that participants’ preference for certain strategies was an artifact of providing favorable ratings to them in our procedure.
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6.1. Metacognitive monitoring and control

Together, this series of studies makes several contributions to our understanding of the metacognitive processes that underlie self-
regulated learning. First, they demonstrate that learners’ choices about how to study are predicted by their judgments of which
strategies result in the best learning. Prior work has demonstrated that learners often elect which individual items to study based on
their judgments of learning (Son & Metcalfe, 2000). Here, we show that decisions about how to study (i.e., which study strategies to
apply) are also predicted by perceived learning, at the level of a strategy as a whole rather than individual items. This result furthers
the claim that learners can exert effective metacognitive control (in the framework of Nelson & Narens, 1990) insofar as they can
translate their metacognitive judgments into corresponding study decisions (even if those judgments themselves may be erroneous).
More generally, this work supports the idea that perceptions experienced while studying have consequences for future study choices.

Second, our results reinforce the long-held notion that metamnemonic processes are inferential (Koriat, 1997; Schwartz et al.,
1997): Learners do not have direct access to their state of knowledge or rate at which they are learning. Rather, they must infer this
from cues in their mental and/or external environment (Jacoby & Whitehouse, 1989; Koriat, 1997), using heuristics that are often
accurate but that are not infallible (Benjamin, Bjork, & Schwartz, 1998), such as using the ease of processing to infer learning (Kornell
et al., 2011). These inferential processes may outweigh even objective evidence about their own learning: for instance, participants
who have been shown the empirical benefits of an interleaved schedule for their own learning nevertheless often persist in judging a
blocked schedule as more effective (Yan et al., 2016). In the present study, this principle was realized in the difference between
measures of objective performance and perceived learning. In both Studies 2 and 3, participants’ objective performance under
retrieval practice predicted their perceptions of that strategy’s effectiveness for learning, suggesting some ability to accurately
monitor their learning. But, it was ultimately those perceptions of learning effectiveness that predicted which strategies people chose;
when controlling for perceived learning, there was no direct effect of objective performance on study strategy choice. That is,
although objective performance with a particular study strategy no doubt informs perceptions of how effectiveness it is for learning, it
is ultimately learners’ perceptions that determine their behavior (especially since learners often do not have access to objective data on
how well they learn under different strategies).

Third, our results also provide a new form of evidence supporting the principle of desirable difficulties. It has long been observed
that ease of initial learning is not always an indicator of long-term retention (e.g., Benjamin et al., 1998; Soderstrom & Bjork, 2015)
and that the conditions most effective for long-term retention often require more difficulty and effort during initial learning (Bjork,
1994; Bjork & Bjork, 1992; Schmidt & Bjork, 1992). But, past work on these desirable difficulties has typically characterized con-
ditions as difficult based either on objective performance or fluency during learning (e.g., variable practice conditions result in lower
performance initially but better performance later; Schmidt & Bjork, 1992) or on intuitions about which conditions are likely to be
experienced as difficult (e.g., words in small fonts are assumed to be more disfluent for participants; for further discussion, see
Mueller et al., 2014). Here, we directly queried learners’ own perceptions of their experience with various study strategies. We found
that two strategies that have been found to result in more enduring learning—interleaving categories (Birnbaum et al., 2013; Hall
et al., 1994; Kang & Pashler, 2012; Kornell & Bjork, 2008a; Kornell et al., 2010; Rohrer & Taylor, 2007; Rohrer et al., 2014; Taylor &
Rohrer, 2010; Wahlheim et al., 2011, 2012; Yan et al., 2016; Zulkiply et al., 2012) and retrieval practice (Carpenter et al., 2008;
Karpicke & Roediger, 2008; Karpicke, 2012; Roediger & Karpicke, 2006; Rowland, 2014)—were indeed perceived by learners as
comparatively effortful, a perception that may influence their study strategy choices.

One point of divergence between our series of studies and the broader self-regulated learning literature is that we found only
partial support for one particular study strategy argued to be normatively more effective for learning: retrieval practice (for meta-
analysis, see Rowland, 2014). In Study 3, participants randomly assigned to study a text using retrieval practice actually performed
worse than those using restudy. (It must be noted, though, that when given the opportunity to choose between the two, participants
who chose retrieval practice did have better retention—and that an ancillary measure in Study 2 that asked participants to recall a
single interesting fact did show a marginal benefit for randomly-assigned retrieval practice.) It is not necessarily clear what accounts
for this discrepancy, although low performance during the initial retrieval practice may be a factor; the present studies were primarily
intended to assess why learners are making the choices they are, rather than which choices are normatively more effective. Indeed,
these studies (and in particular, Study 3) point to the need to better understand what strategies work for whom, how, and under what
conditions (for further discussion, see, e.g., Agarwal, Finley, Rose, & Roediger, 2017; Karpicke & Aue, 2015; van Gog & Sweller,
2015), and if normatively less effective strategies could actually be a better choice for some learners.

6.2. Making self-regulated learning decisions

The most critical outcome of the present studies is that they support our misinterpreted-effort hypothesis of why learners fre-
quently make ineffective self-regulated learning decisions. Specifically, when learners experience a study strategy, such as simple
restudy of a text, as fluent and not effortful, they perceive that strategy to be more effective for learning (i.e., the ease of processing
heuristic; Kornell et al., 2011), and they are consequently more likely to choose it for future study. Conversely, when learners
experience a study strategy, such as retrieval practice, as difficult and effortful (and thus do not have the feeling of fluency associated
with a less effortful strategy), they perceive that strategy to be less effective for learning, and they are less apt to employ it. However,
learners’ perception that difficult processing results in poor learning is at odds with the finding that study strategies that are effective
for long-term retention often require more effort or difficulty during initial learning (i.e., desirable difficulties). Indeed, we observed
in Study 3 that choosing the effortful retrieval-practice strategy over restudy was associated with better retention 48 h later. Thus,
although the decision not to employ effortful strategies may feel logical to the learner (because they have judged those strategies as
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ineffective for learning), this heuristic is likely to prove suboptimal for long-term learning. In sum, learners experience effective
learning strategies like retrieval practice as effortful, and they misperceive that effort as indicative of poor learning, so they do not
make full use of these effective strategies. We found this hypothesis supported in all three studies, both in measures of learners’
immediate perceptions of each study strategy and in their retrospective comparisons.

We found less support for two alternative accounts of self-regulated learning decisions. Under an effort-avoidance hypothesis,
learners seek to minimize mental effort and avoid study strategies they perceive as effortful even if they know those strategies are
effective for learning (for further discussion, see Duckworth et al., 2011; Guo et al., 2016, Perez et al., 2014). This hypothesis predicts
a direct relation between perceived effort and strategy choice, independent of perceived learning. We did find some support for this
prediction—but only in participants’ retrospective comparisons of the strategies (not in their immediate perceptions), and only in
Studies 1 and 2. Together, the results suggest that a particularly powerful influence on learners’ self-regulated learning decisions is
the interpretation of mentally effortful strategies as yielding poor learning (and hence being undesirable), but that learners to some
degree may also avoid strategies simply because they are taxing to implement. Indeed, these two influences may both be active in a
single decision, as learners judge whether a seemingly effective strategy is “worth the effort.”

Finally, a third possible hypothesis is the effort-disregard hypothesis. Metacognitive judgments can be made on multiple bases
(Kelley & Jacoby, 1996; Koriat, 1997), so it is possible that choices of study strategies are not guided by the experience of mental
effort and are made on some other basis (or bases). For example, if learners generally defer to already-established habitual strategies
(Ariel & Dunlosky, 2013; Ariel et al., 2011), or they choose strategies based on a normative belief about how to study, then their
experience of mental effort would be largely irrelevant to their own decisions. We found a hypothesis of complete disregard of mental
effort was not supported insofar as perceived mental effort was closely linked to perceived learning, and, consequently, to learners’
choices.

Of course, it is plausible that some of these other bases—such as habits or beliefs—also influence self-regulated learning decisions
in addition to experienced effort. Indeed, a valuable future direction would be to additionally assess these constructs to determine how
they additionally influence decisions, or even interact with perceived mental effort, in a paradigm such as this one. For example,
general beliefs about study can be assessed separately from in-the-moment experience by asking participants to plan future study
without engaging it (Yan, Soderstrom, Seneviratna, Bjork, & Bjork, 2017) or to predict the outcome of an experiment that they did not
participate in (Koriat et al., 2004; Kornell et al., 2011). Nevertheless, we argue that the effects of mental effort that we observe here
are likely to be relevant in many ecologically valid study situations in that nearly any time learners attempt actual study or learning
activities, they will be confronted with the mental effort (or lack thereof) associated with those activities. That is, even if participants
have a normative belief they can use to plan future study, when it comes time to carry out those study activities, they will experience
mental effort or mental ease, which could then influence their perceptions of learning and choice of study strategies.

6.3. Integrating cognitive and motivation science

More broadly, the present work points to the importance of considering—and synthesizing—both cognitive and motivational
perspectives in understanding self-regulated learning. For instance, work in cognitive psychology on the comparative effectiveness of
particular study strategies has inspired efforts to teach learners those strategies (e.g., Ariel & Karpicke, 2018; Bielaczyc, Pirolli, &
Brown, 1995; Broeren, Verkoeijen, Heijltjes, Smeets, & Arends, 2018; Chi, De Leeuw, Chiu, & Lavancher, 1994; Einstein, Mullet, &
Harrison, 2012; McNamara, 2004; McNamara, Levinstein, & Boonthum, 2004; McNamara, O’Reilly, Best, & Ozuru, 2006). Although
these interventions have had some success, one challenge is even students trained on these strategies do not always use them and
often quickly revert to old strategies (Schunn, Moss, Huppert, & Schneider, 2009; Susser & McCabe, 2013) and do not always show
benefits in learning (Broeren et al., 2018). Indeed, explicit instruction may not even change learners’ perceptions of which strategies
are effective for learning (Yan et al., 2016).

These prior outcomes raise the question of why normative beliefs and knowledge appear to exert only a limited influence on self-
regulated learning decisions. Our results suggest that this pattern may be explained by an appeal to motivation science: Verbal
knowledge about ideal behavior is often overridden by the visceral experience of effort (Hofmann et al., 2008; Kurzban et al., 2013;
Mann et al., 2013; Rothman et al., 2015). In particular, explicit instruction on the effectiveness of particular strategies may be
outweighed by the experience of mental effort, which many learners appear to interpret as an indicator of poor learning.

Conversely, for motivation science, our results highlight the importance of cognitive interpretations of learners’ experience.
Substantial work in motivation science has studied the factors modulating mental effort and its effect on learning (Barron &
Hulleman, 2015; Eccles & Wigfield, 2002; Flake et al., 2015; Inzlicht et al., 2018; Westbrook & Braver, 2015) as well as how students
and other learners might be induced to exert more effort (Autin & Croizet, 2012; Eskreis-Winkler et al., 2016; Job et al., 2010; Job,
Friese, & Bernecker, 2015; Mrazek et al., 2018; Smith & Oyserman, 2015). However, our results suggest that it is ultimately the
cognitive interpretation of that effort that is the most important influence on behavior (see also Koriat, Nussinson et al., 2014; Susser
et al., 2016; Unkelbach, 2006); this effect reliably emerged every time we tested for it, whereas a direct effect of effort on study
strategy choice appeared less robustly. That is, participants generally did not avoid study strategies simply because they were per-
ceived as effortful, but rather because they interpreted their experience of effort as indicating that they were not learning from those
strategies. Our misinterpreted-effort hypothesis implies that motivation and effort cannot be considered independent of the cognitive
interpretation of those experiences; conversely, cognitive judgments of learning are likely powerfully influenced by visceral moti-
vational experiences. An interdisciplinary approach may be most fruitful in understanding the interplay of cognitive and motivational
factors in self-regulated learning.
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6.4. Implications for practice

This interaction of cognitive and motivational factors also has implications for how to facilitate effective self-regulated learning.
Specifically, targeting either cognition or motivation alone may be insufficient to change learners’ behavior. For instance, if the most
common reason that learners eschew effective strategies is not because they want to avoid the required mental effort but because they
interpret that effort as indicative of poor learning, then attempts to enhance learning by targeting the level of student effort alone may
be misguided. The problem may not be that learners are not trying hard enough, but rather that they do not understand the re-
lationship between expended effort and learning.

Past work has also found that simply telling or showing learners which strategy is best for learning does not always change their
judgments (e.g., Yan et al., 2016). Our misinterpreted-effort hypothesis suggests that instruction on cognitive principles alone may be
insufficient to change judgments of learning or study behavior given the powerful visceral experience of mental effort and its influence
on perceived learning.

Rather, our findings suggest the link between perceived effort and perceived learning may be a critical locus for intervention. In
reality, many strategies effective for long-term retention, such as retrieval practice, require initial, “desirable” difficulty, which our
current results suggest gives rise to the experience of mental effort. However, for learners, more effort is often interpreted as a sign of
less learning (Heine et al., 2001; Plaut & Markus, 2005; Yeager & Dweck, 2012). This interpretation can be harmful to learning
because the way learners perceive a strategy’s effectiveness for learning is directly related to whether or not they choose to employ it.
For this reason, learners—and those teaching learners—may need to take a different perspective of the experience of effort itself; that
is, to develop a new metamotivational belief (Scholer, Miele, Murayama, & Fujita, 2018). Specifically, it may be beneficial to reframe
feelings of mental effort as a sign of learning and growth rather than of failure, which might weaken or reverse the link between
mental effort and (lack of) perceived learning. (For a review of similar approaches, see Yeager & Walton, 2011). A further benefit of
such reframing is that it could support students’ metacognitive understanding of effective learning in a way that generalizes across
decisions, rather than having to individually learn which strategy is better in each case (e.g., learning whether to practice retrieval or
restudy, then learning whether to use a blocked or interleaved schedule, etc.).

Of course, there may be some situations in which additional effort does not prove fruitful (e.g., the labor-in-vain effect; Nelson &
Leonesio, 1988). Although effective study strategies often entail initial effort, the converse is not true: adding arbitrary initial dif-
ficulties does not necessarily enhance learning (Yue, Castel, & Bjork, 2013). Indeed, one of the reasons that learners may interpret
difficulty or disfluency as a sign of poor learning is that, in many cases, difficulty does augur poor retention (Benjamin et al., 1998;
Koriat, 2008). The challenge for students is to overcome this preconception when it comes to effective study strategies and, ulti-
mately, to learn when difficulty predicts learning (e.g., when the difficulty during learning resembles the difficulties that will be
present when the information must be used later; Blaxton, 1989; Schmidt & Bjork, 1992) and when it does not.

6.5. A causal relation?

One limitation of our present study is that our data were primarily correlational in nature. Although in each study we assigned
learners to experience both of the strategies in question (either a blocked schedule vs. an interleaved schedule, or restudy vs. retrieval
practice), we did not directly manipulate their perceptions. Thus, although our misinterpreted-effort hypothesis proposes that the
experience of mental effort has a causal role in the perception of poor learning, and that perceptions of learning efficacy in turn
influence study strategy decisions, the present data taken alone cannot speak to the direction of causation.

However, other studies provide evidence that each link in this indirect effect is indeed causal. First, numerous studies have
experimentally manipulated ease of processing and found that it influences perceptions of learning. For example, Carpenter et al.
(2013) varied the fluency of the speaker in a video-recorded lecture while holding the lecture content constant. Participants randomly
assigned to the fluent lecture perceived greater learning, even though this variable was unrelated to actual recall (see also Fiechter,
Fealing, Gerrard, & Kornell, 2018). Similarly, when the volume of words is experimentally manipulated, louder (and thus easier to
perceive) words are perceived as better learned even though volume is unrelated to actual recall (Rhodes & Castel, 2009). Similar
effects have also been observed with experimental manipulations of superfluous diagrams (Serra & Dunlosky, 2010), font size
(Kornell et al., 2011; Rhodes & Castel, 2008), and the coherence of text (Rawson & Dunlosky, 2002). Indeed, what we regard as a
contribution of the present study is to generalize these experimental manipulations of ease of processing to the type of mental effort
and difficulty encountered as learners choose among authentic study strategies.

The second link in our mediation model was between perceived learning and study choices. Is this relationship also causal? Prior
researchers have argued so, insofar as study decisions track with experimental manipulations that spuriously influence JOLs, rather
than with objective learning (Metcalfe & Finn, 2008). We observed an analogous pattern here in that the final choice of study strategy
was predicted by perceived learning rather than objective performance.

Lastly, a question of causality arises in interpreting the superior retention of learners who chose retrieval practice in Study 3: Does
choosing retrieval practice help people learn better, or do learners choose retrieval practice because they are already high-performing
students (who perhaps view all study strategies as less effortful)? Here, again, our present study is ambiguous taken alone, but a large
number of experimental studies have provided robust evidence for a causal benefit of retrieval practice (for meta-analysis, Rowland,
2014), including in authentic educational settings (e.g., Agarwal, Bain, & Chamberlain, 2012; Carpenter, Pashler, & Cepeda, 2009;
Einstein et al., 2012; McDaniel, Anderson, Derbish, & Morrisette, 2007; McDermott, Agarwal, D’Antonio, Roediger, & McDaniel,
2014; Nungester & Duchastel, 1982). Further, we also note that the indirect effect of mental effort on study strategy choice remained
even after controlling for participants’ actual learning performance; thus, it cannot be attributed to high-performing learners simply

A. Kirk-Johnson, et al. Cognitive Psychology 115 (2019) 101237

24



experiencing less effort. Nevertheless, causal conclusions could be further strengthened with future experimental work, such as with
the reframing manipulations we discuss above.

6.6. Limitations and future directions

The present set of studies also have several other limitations. We observed our misinterpreted-effort hypothesis to explain de-
cisions both between interleaving versus blocking categories and between restudying versus practicing retrieval; we examined these
particular decisions because of the attention given to them in both the theoretical and applied literature. However, learners must
make many other sorts of decisions in self-regulated learning, such as deciding whether to distribute practice over time or mass it into
a single study episode (Baddeley & Longman, 1978; Benjamin & Bird, 2006; Pyc & Dunlosky, 2010; Son, 2004, 2010; Toppino, Cohen,
Davis, & Moors, 2009) and deciding how long or how many times to study (Karpicke & Roediger, 2007; Karpicke, 2009; Kornell &
Bjork, 2008; Postman, 1965; Pyc & Rawson, 2011; Rawson & Dunlosky, 2011; Son & Metcalfe, 2000; Tullis & Benjamin, 2011;
Vaughn & Rawson, 2011). Further, learners do not face only binary decisions between two study strategies but rather a broader
panoply of options about how, when, what, how long, and how often to study. Although it seems likely that our hypothesis could also
be applied to other decisions in self-regulated learning decisions, its generality across all of these decisions remains to be tested.

We also tested perceptions and self-regulated learning decisions only in an experimental context (although we chose our materials
to be educationally relevant). However, given the importance of self-regulated learning for educational success, it would be valuable
to confirm that our misinterpreted-effort hypothesis is also supported in the classroom context. Educational practice might also
benefit from potential interventions on the pattern and process of study strategy choices we observed, such as with the reframing
procedures discussed above.

A particular advantage of testing the misinterpreted-effort hypothesis in authentic educational contexts is that it would assay
learners’ self-regulated learning choices when their learning outcomes are more consequential. In the present studies, participants
had no particular incentive to master the study materials (beyond social acceptability or a desire not to “look stupid”; Hawkins,
Brown, Steyvers, Wagenmakers, 2011, 2012). Could this account for the influence of perceived effort we observed? We argue it is
unlikely for three reasons. First, there was evidence in all three studies that participants did learn the material: Classification per-
formance improved from pre-test to post-test in Study 1, retrieval practice performance was more than 50% accurate in both Studies 2
and 3, and participants remembered more than half of the material even 48 h later in Study 3. Second, the free-response items in
Study 3 (although subject to the limitations of self-reporting) also suggested that participants were generally attempting to learn the
material; a majority of participants (68%) self-reported choosing a study strategy based on what would be most effective for learning
the material, and only 19% reported choosing based on what would minimize the effort required in the experiment. Lastly, and most
importantly, the pattern of results we observed was not what would be expected if participants simply chose the least effortful
strategy because they did not really need to learn the material: The primary way that perceived mental effort influenced study
strategies was that it predicted perceptions of learning, and it was perceived learning effectiveness that proximally predicted strategy
choice; that is, participants were making a genuine attempt to learn the material by choosing the strategies that they regarded as
more effective for learning. Evidence for a direct effect of perceived effort on choices (i.e., avoiding strategies simply because they
require more effort than participants are willing to exert) was comparatively weak. Indeed, we think it is remarkable that we
observed weaker support for the effort-avoidance hypothesis despite the fact that our paradigm presented what was in many ways the
environment most likely to reveal such an effect (i.e., there was no real incentive to learn). Nevertheless, it will be important to
validate the misperceived-effort hypothesis in more authentic educational contexts in the future.

Another critical future direction will be to determine whether the perception of mental effort as poor learning is ever absent or
reversed. While we observed general support for our misinterpreted-effort hypothesis across participants, it is possible that individual
learners have different conceptualizations of mental effort. For example, learners with a more incremental views of intelligence (i.e.,
people who believe that intelligence can be improved with effort) do not necessarily rely on an ease-of-processing heuristic in judging
learning (Miele et al., 2011). In our mediation model, this would be realized as a weaker, or even reversed, link between mental effort
and perceived (lack of) learning. We did not observe any link between naïve theories of intelligence and study-strategy perceptions or
choices in our own data (nor have several other studies; Koriat et al., 2014; Yan, 2014), but individual differences in these heuristics
merit further study.

This goal could also be aided by taking a developmental perspective (Koriat, Ackerman et al., 2014). We observed evidence that
learners use an ease-of-processing heuristic in translating mental effort into perceived learning, but it is not clear how or when this
heuristic develops. It would be interesting to examine if the pattern of perceptions and choice observed in our studies for adults holds
for children across developmental stages. Is a high level of mental effort perceived to be indicative of poor learning effectiveness for
all stages of development, or do children view effort differently? If we can understand when in development learners begin to
misperceive effort as poor learning, interventions at that point could support a better and more positive view of mental effort as it
relates to learning effectiveness.

7. Conclusion

Learners are frequently tasked with choosing how, when, what, and how long to study. These self-regulated learning decisions
have consequences for long-term learning and retention because not all study strategies are equally effective. Unfortunately, learners
often make suboptimal self-regulated learning decisions, employing normatively less-effective strategies rather than more effective
ones. Why? In four studies spanning a variety of study strategies, to-be-learned material, and participant populations, we obtained
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support for a misinterpreted-effort hypothesis of self-regulated learning decisions: Learners perceive the mental effort that is asso-
ciated with many normatively effectively strategies as a sign of poor learning, and hence they perceive these strategies as ineffective
and do not choose them.

Appendix A. Interleaved vs. Blocked Perception Items

Perceptions of Mental Effort

1. How tiring was the last exercise?
1=Not at all to 6=A lot

2. How mentally exhausting was the last exercise?
1=Not at all to 6=A lot

3. How difficult was the last exercise?
1=Not at all to 6=A lot

4. How boring was the last exercise?
1=Not at all to 6=A lot

Perceptions of Learning Effectiveness

1. How likely are you to be able to distinguish between the types of birds?
1=Not very likely to 6= Extremely likely

2. How good do you think your memory for the different types of birds will be?
1=Not very good to 6= Extremely good

3. How effective was this exercise in helping you to distinguish between the types of birds?
1=Not very effective to 6= Extremely effective

4. How well did you learn do distinguish the types of birds?
1=Not very well to 6= Extremely well

Appendix B. Interleaved vs. Blocked Semantic Differential Items

Perceptions of Mental Effort

1. Which exercise required more mental effort?
1=Grouped together to 6=Not grouped together

2. Which strategy would be harder for other people?
1=Grouped together to 6=Not grouped together

3. Which strategy was more enjoyable? (reverse-scored)
1=Grouped together to 6=Not grouped together

4. Which strategy was harder for you?
1=Grouped together to 6=Not grouped together

Perceptions of Learning Effectiveness

1. Which birds do you think you’ll remember better?
1= Birds grouped together to 6= Birds not grouped together

2. Which do you think is a more effective learning strategy for you?
1=Grouped together to 6=Not grouped together

3. Which do you think is a more effective learning strategy for the average person?
1=Grouped together to 6=Not grouped together

4. Which strategy would you use to study in the future?
1=Grouped together to 6=Not grouped together

Appendix C. Retrieval Practice vs. Restudy Perception Items

Perceptions of Mental Effort

1. How tiring was the last exercise?
1=Not at all to 6=A lot

2. How mentally exhausting was the last exercise?
1=Not at all to 6=A lot

3. How difficult was the last exercise?
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1=Not at all to 6=A lot
4. How boring was the last exercise?
1=Not at all to 6=A lot

Perceptions of Learning Effectiveness

1. How likely are you to remember the answers to the questions?
1=Not very likely to 6= Extremely likely

2. How good do you think your memory for the answers will be?
1=Not very good to 6= Extremely good

3. How effective was this exercise in helping you to learn the answers to the questions?
1=Not very effective to 6= Extremely effective

4. How well did you learn the answers to the questions?
1=Not very well to 6= Extremely well

Appendix D. Retrieval Practice vs. Restudy Semantic Differential Items

Perceptions of Mental Effort

1. Which exercise required more mental effort?
1= Fill-in-the-blank to 6= Review the fact

2. Which strategy would be harder for other people?
1= Fill-in-the-blank to 6= Review the fact

3. Which strategy was more enjoyable? (reverse-scored)
1= Fill-in-the-blank to 6= Review the fact

4. Which strategy was harder for you?
1= Fill-in-the-blank to 6= Review the fact

Perceptions of Learning Effectiveness

1. Which facts do you think you’ll remember better?
1= Fill-in-the-blank to 6= Review the fact

2. Which do you think is a more effective learning strategy for you?
1= Fill-in-the-blank to 6= Review the fact

3. Which do you think is a more effective learning strategy for the average person?
1= Fill-in-the-blank to 6= Review the fact

4. Which strategy would you use to study in the future?
1= Fill-in-the-blank to 6= Review the fact
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