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Abstract

Effective learning involves not only the ability to quickly acquire knowledge and skills, but also the capacity to
accurately monitor one’s ongoing learning progress. The present research probed the relation between learning ability
and monitoring accuracy. A meta-analysis (Study 1, V= 2,406) counterintuitively found that individuals with superior
learning ability exhibited slightly poorer monitoring accuracy (measured as the resolution of judgments of learning).
Study 2 reanalyzed the meta-analysis data and observed that expert learners remembered more items they erroneously
believed they would not remember, and this underconfidence in expert learners led to a negative association between
learning ability and monitoring accuracy. Studies 3 (N = 102, adults aged 18-23) and 4 (N = 481, adults aged 18-
59) conceptually replicated the findings of Studies 1 and 2 in controlled experiments. These findings challenge the
conventional wisdom that good learners are also good monitors, suggesting instead that expert learners are actually
the ones with monitoring deficits.
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Introduction monitoring abilities form the backbone of successful
self-regulated learning (Zimmerman, 2002), which is
increasingly important in a rapidly evolving, information-
rich world.

Given the crucial roles of learning and monitoring
abilities in successful learning, many studies have inves-
tigated the relation between the two since Flavell (1976)

Learning ability—the capacity to acquire knowledge
and skills—is widely recognized as a cornerstone of
academic achievement and personal growth (Argote,
2013). However, effective learning is not solely about
quickly acquiring new information—it also requires the
ability to accurately monitor and effectively regulate
one’s own learning process (Bjork et al., 2013). The
capacity for self-assessment, often termed monitoring .
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first introduced the concept of metacognition (e.g.,
Brown et al., 1983; Flavell, 1981). It is commonly believed
that individuals with stronger cognitive resources—such
as memory and attention—are better equipped to moni-
tor their learning progress, resulting in a positive rela-
tion between learning and monitoring abilities (Griffin
et al., 2008). The expertise-superiority hypothesis fur-
ther posits that high-ability learners are better at focus-
ing on critical information during encoding, enabling
them to make more accurate judgments of learning
(JOLs; i.e., subjective estimates about the likelihood of
remembering studied information on a future test; Nietfeld
& Schraw, 2002).

Supporting this view, many early studies documented
a positive relation between absolute JOL accuracy
(measured as the discrepancy between JOLs and test
performance) and learning ability (measured as test
performance) in a variety of learning tasks (e.g., Flavell,
1981). However, it is well known that absolute JOL
accuracy (= |JOLS — test performance|) is inherently influ-
enced by test performance itself, creating a spurious
positive relation between these two variables (Gignac &
Zajenkowski, 2020; Nelson, 1984). In the Supplemental
Material available online, we provide a data simulation
to illustrate this spurious positive relation. Consequently,
findings based on absolute JOL accuracy cannot inform
us about the true relation between learning ability and
monitoring capacity (Hasselhorn & Hager, 1989).

To address this issue, recent research has shifted
toward investigating relative JOL accuracy, measured as
the interitem correlation between JOLs and answer accu-
racy (0 = incorrect, 1 = correct) across trials within an
individual (e.g., Hartwig et al., 2012). Relative JOL accu-
racy, also known as JOL resolution, represents the extent
to which a person can accurately distinguish well-learned
from poorly learned items, providing a more nuanced
measure of monitoring capacity (Dunlosky & Metcalfe,
2009). For the sake of brevity, hereafter we refer to rela-
tive JOL accuracy as JOL accuracy.

Recent studies primarily explored the relation
between JOL accuracy and test performance in recognition-
based learning tasks and consistently detected a posi-
tive relation between these two measures (e.g.,
Hartwig et al., 2012; Smith & Was, 2019), leading to
the conclusion that “good learners are also good moni-
tors” (Touron et al., 2010). However, this conclusion
is clouded by the nature of recognition tests (e.g.,
multiple-choice tests). Specifically, in recognition-
based learning tasks, participants may (correctly) real-
ize that some challenging items are nonmemorable;
they may provide low JOLs to these items but then
correctly guess those items in the final recognition
test, thereby leading to an underestimation of JOL

accuracy. This underestimation of JOL accuracy is
especially pronounced in poor learners because they
are more prone to random guessing in recognition
tests. As a consequence, greater underestimation of
JOL accuracy in poor learners inevitably results in a
spurious positive relation between JOL accuracy and
recognition performance (Vuorre & Metcalfe, 2022).
Vuorre and Metcalfe reported a set of data simulations
to illustrate this spurious positive relation. Therefore,
positive relations detected in recognition tasks again
cannot justify the conclusion that good learners are
also good monitors. A better approach to test this
assumption—as recommended by Vuorre and Metcalfe—
is to investigate the association between JOL accuracy
and test performance in recall-based, rather than rec-
ognition-based, learning tasks.

Despite advances in research methods, the funda-
mental question remains unresolved. Does stronger
learning ability genuinely align with better monitoring
accuracy, as commonly assumed? Or might there be an
unexpected disconnection between the two? The current
research aims to address this important question. In
Study 1, we conducted a meta-analysis, integrating open
data across 43 experiments involving recall tests, to
determine whether learning ability relates to monitoring
accuracy. Surprisingly, it detected a reliable negative
relation, suggesting that more proficient learners tend
to be poorer at monitoring their learning status. In Study
2, we proposed and tested three possible explanations
for this counterintuitive relation. In Studies 3 and 4, we
conducted controlled experiments to conceptually rep-
licate the main findings of Studies 1 and 2.
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Study 1: Meta-Analysis
Method

Literature search. We conducted an extensive search
for open data at Open Science Framework (OSF). It
should be noted that none of the included studies spe-
cifically set out to explore the relation between learning
ability and monitoring accuracy. Hence, we required the
raw data from these studies to calculate our target mea-
sures, which is why we searched OSF for open data. Our
systematic search was initially conducted in July 2022
and then updated in April 2024. The search terms were
[JOL* OR judgment* of learning OR judgement* of learn-
ingl. In a preliminary search, OSF returned over 10,000
records. Given that the search results were sorted by rel-
evance, we decided to only review the first 1,000 results.
We also manually screened the Confidence Database
compiled by Rahnev et al. (2020), which contains 145
datasets of metacognition research.

We note that the goal of this meta-analysis was not
to provide a comprehensive review of all studies on
monitoring accuracy but rather to utilize publicly avail-
able datasets to investigate the specific question of
whether there is any relation between learning ability
and monitoring accuracy. Using open data is a practical
and efficient way to generate a large-sample dataset to
investigate this focused question.

Inclusion and exclusion criteria.

(a) Only experimental studies were included, and
they had to include both a learning and a testing
phase. Furthermore, during the learning phase,
participants had to make a JOL after studying
each item. Several studies were excluded for
methodological reasons. For instance, some
studies incorporated a restudy phase between
making JOLs and the final test (Zimdahl &
Undorf, 2021), some required participants to
provide JOLs for others rather than for them-
selves (Tauber & Witherby, 2019), and some
introduced a practice test prior to the JOL phase
as an intervention to enhance JOL accuracy
(Robey et al., 2017).

(b) The final test on learning performance had to
be in a recall format, such as cued recall or free
recall (Mendes et al., 2019). Studies employing
recognition tests (e.g., old or new recognition)
were excluded for the reasons discussed above
(Vuorre & Metcalfe, 2022).

(¢) Studies had to provide sufficient details of
experimental design and procedure to allow us


https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/q8hbz
https://osf.io/q8hbz
https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/7w6p4
https://osf.io/7w6p4
https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/qzfu8
https://osf.io/kwbzm
https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/f7b4r/files/osfstorage
https://osf.io/ard9g
https://osf.io/ard9g

Hu et al.

Results (V= 1,000)
Found on OSF l

The Confidence Database
(N=145)

Title and Abstract
Screening

Records (N = 72) After Title and
Abstract Screening

Full
Document
Screening

Studies Eligible for Meta-Analysis
(N=13)

— Not on Topic (V= 16)

Test Format Is Recognition

(N=10)
)
1l iri =
< Not Empirical (N = 3)
o 8
> = ||
2
2 Not Reporting Sufficient
8 Data for Effect Size
E Calculation (N = 27)
[N N}

Not in English or Chinese
N=1)

L Duplicates (N =2)

Fig. 1. Flowchart illustrating the study screening process and results. OSF = Open Science Framework.

to reanalyze their raw data and calculate target
measures. Those lacking detailed descriptions
of experimental methods (e.g., brief conference
posters) were excluded.

(d) Studies had to provide item-level data of JOLs
and recall accuracy. Those only providing aggre-
gate data were excluded (Myers et al., 2020).

(e) Only studies written in English or Chinese were
included.

In total, 13 studies were identified as eligible for meta-
analysis, from which 43 effects were extracted, involv-
ing data from 2,533 participants. The screening
procedure is illustrated in Figure 1.

Moderator coding. Moderator coding was indepen-
dently performed by the first and corresponding authors.
In all, five potential moderators were coded, including
material type, test format, age, country, and task difficulty.

Material type. The included studies utilized different
types of study materials as stimuli, such as (a) images,
(b) word pairs, and (¢) word lists. It is well established
that learners adopt different strategies to study and that

they utilize varied cues to make JOLs for different types
of study materials (Undorf & Broder, 2021).

Test format. Depending on the format of the final test
in each experiment, the effects were divided into two
categories: cued recall and free recall. There are notable
distinctions between cued-recall and free-recall tests.

Age. Learning ability declines as a function of age across
adulthood (Small et al., 1999), but it remains controversial
whether monitoring ability declines or not (Siegel & Castel,
2019). Given that this meta-analysis primarily focuses on
the relation between these abilities, age was included as a
potential moderator. According to participants’ mean age
in each experiment, the included effects were divided into
two categories: young adults (M,,. = 18.60-39.74 years)
and older adults (M, = 67.79-72.50 years).

Country. According to the country from which partici-
pants were recruited, the included effects were catego-
rized into three categories: (a) China, (b) Germany, and (¢)
the United States. Coding country as a potential moderator
allowed us to determine whether the documented findings
generalize to different countries and social cultures.
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Task difficulty. We computed an average score of test
performance across all participants in each experiment to
represent the level of task difficulty, and we considered
task difficulty as a potential moderator.

Measures of JOL accuracy and learning ability.
The most commonly used measure of JOL accuracy is the
Goodman-Kruskall gamma (G) correlation, which mea-
sures the rank correlation between JOLs and recall accu-
racy across trials (Nelson, 1984). G is computed by
calculating (N, —=N,)/(N, + N,), where N, is the num-
ber of pairs in which the rankings for both JOLs and
recall accuracy align (i.e., the number of concordant
pairs), and N, is the number of pairs in which the rank-
ings are reversed (i.e., the number of discordant pairs).
For each participant in each experiment, we calculated a
G as a measure of JOL accuracy. In addition to G, the area
under the Type 2 receiver operating characteristic curve
(AUROC2) has also been used occasionally to measure
JOL accuracy (Fleming & Lau, 2014). Hence, we also
employed this method to measure JOL accuracy and per-
formed the same meta-analysis, which showed the same
result patterns as those obtained with G. Detailed results
of the AUROC2 measure are reported in the Supplemen-
tal Material.

Among the included studies, 105 participants pro-
vided constant JOLs to all study items, recalled all items
correctly, or did not recall any items in the final test.
Their data must be excluded because constant values
in JOLs or recall accuracy do not permit calculation of
G. In addition, following Myers et al. (2020), we also
removed 22 participants who did not provide JOLs for
at least 80% of study items. The final data for the meta-
analysis came from 2,400 participants.

In addition to JOL accuracy, we calculated test per-
formance for each participant as a measure of indi-
vidual learning ability. Test performance was calculated
as the proportion of items correctly recalled in the final
test, ranging from 0 to 1.

It is important to clarify the distinction between two
key measures: test performance (an index of individual
learning ability) and mean test performance (an index
of group-level task difficulty). For each participant in
each experiment, test performance—defined as the pro-
portion of items correctly recalled by that participant—
was used as a measure of learning ability. In contrast,
mean test performance—calculated as the average of
test performance across all participants in a given
experiment—was used as a measure of task difficulty.
Because all participants within an experiment com-
pleted the same learning task, individual differences
in test performance should primarily reflect variations
in learning ability. By contrast, differences in mean test

performance across experiments (or across different
learning tasks) should mainly reflect variations in task
difficulty.

Methods for meta-analysis. In each of the included
experiments, we first computed a Pearson’s 7 correlation
between test performance and JOL accuracy (indexed by
G values) across participants to determine the relation
between learning ability and monitoring accuracy. These
r scores were then transformed to Fisher’s Zs for meta-
analysis. To address nonindependence issues arising from
multiple effects extracted from the same study, we con-
ducted three-level random-effects meta-analyses, which
consider three variance components, including sampling
variance at Level 1, variance between effect sizes extracted
from the same study at Level 2, and variance between
studies at Level 3 (Cheung, 2014). Heterogeneity was
assessed via Q tests and P, with  further split into
between- and within-study components, denoted as
I} veen and 2., respectively. Univariate meta-regression
analyses were conducted to detect potential moderators.
Notably, none of the coded factors exhibited significant
moderating effects, alleviating concerns about potential
confounding effects among the included moderators.

Results

The weighted-mean relationship between test perfor-
mance and JOL accuracy was significantly negative,
Fisher’'s Z = —0.10, 95% confidence interval (CI) = [-0.15,
—-0.05], r = —.10, p<.001 (Fig. 2), indicating that high-
ability learners are actually poorer at gauging their
learning status than lower-ability learners. This negative
correlation (r = —.10) means that an increase of 1 SD
in learning ability (measured as test performance) was
associated with a reduction of 0.1 SD in monitoring
accuracy (measured as ). There was some heterogene-
ity among the included effects, Q(42) = 65.49, p = .01.
Specifically, within-study heterogeneity was at a low-
to-moderate level, IZ,,. = 34.6%, and between-study
heterogeneity was minimal, IZ,..,<0.1%. Among the
43 effects, 31 exhibited a negative relation, with only
12 showing the converse pattern. The proportion of
effects showing a negative relation was substantially
greater than the proportion showing the converse pat-
tern, x*(1) = 8.40, p = .004. Three analyses of publica-
tion- bias detection consistently found no evidence of
publication bias (see the Supplemental Material for
detailed results).

Table 1 lists detailed results of the moderator analy-
ses. None of the included moderators showed a detect-
able moderating effect, ps > .16. Critically, as shown in
Table 1, the negative relation between test performance
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Author, Year, Experiment Sample Size Forest Fisher's Z [95% CI]
Tauber & Dunlosky, 2012, 1a 29 } : ! —0.09 [-0.47, 0.30]
Tauber & Dunlosky, 2012, 1b 21 } : ! 0.10 [-0.37, 0.56]
Tauber & Dunlosky, 2012, 2a 94 —a— 0.23[0.02, 0.43]
Tauber & Dunlosky, 2012, 2b 83 —a— —0.12[-0.34, 0.10]
Undorf et al., 2018, 2 55 0 —-0.13 [-0.40, 0.15]
Undorf et al., 2018, 4 48 - -0.04 [-0.33, 0.25]
Broder & Undorf, 2019, 5 66 b—o0— —0.22 [-0.47, 0.02]
Tauber & Witherby, 2019, 1a 37 —— —-0.20 [-0.53, 0.14]
Tauber & Witherby, 2019, 1b 39 —— 0.17 [-0.16, 0.49]
Tauber & Witherby, 2019, 2a 37 b 0.04 [-0.30, 0.37]
Tauber & Witherby, 2019, 2b 34 S S —0.15 [-0.51, 0.20]
Tauber & Witherby, 2019, 3a 36 e —0.39 [-0.73, -0.05]
Tauber & Witherby, 2019, 3b 39 ———a—: —0.37 [-0.69, —0.04]
Tauber & Witherby, 2019, 4a 86 —a— -0.07 [-0.29, 0.14]
Tauber & Witherby, 2019, 4b 83 —a— -0.10 [-0.32, 0.12]
Tauber & Witherby, 2019, 5a 42 —a -0.31 [-0.62, 0.00]
Tauber & Witherby, 2019, 5b 45 e —-0.14 [-0.44, 0.17]
Fan et al., 2021, 1 29 } § | 0.03 [-0.36, 0.41]
Fan et al., 2021, 2 97 —a— 0.04 [-0.17, 0.24]
Zimdahl & Undorf, 2021, 1a 58 b —0.07 [-0.33, 0.20]
Zimdahl & Undorf, 2021, 1b 53 e -0.08 [-0.36, 0.20]
Mendes & Undorf, 2022, 1 30 3 I: —0.40 [-0.78, -0.02]
Mendes & Undorf, 2022, 2 30 = | —-0.44 [-0.82, -0.07]
Mendes & Undorf, 2022, 3 30 } : ! —0.09 [-0.47, 0.29]
Witherby et al., 2022, 2 79 —a— —-0.15[-0.38, 0.07]
Witherby et al., 2022, 3 39 [ — : -0.58 [-0.90, —0.25]
Witherby et al., 2022, 4 85 —a— 0.01 [-0.21, 0.23]
Witherby et al., 2022, 5 40 e -0.15[-0.47, 0.17]
Witherby et al., 2022, 7 76 —a— 0.11 [-0.12, 0.34]
Chang & Brainerd, 2023, 1 38 ——a— 0.21 [-0.12, 0.54]
Chang & Brainerd, 2023, 2 39 b—a— —0.58 [-0.91, —-0.26]
Chang & Brainerd, 2023, 3a 32 } : | —0.06 [-0.43, 0.30]
Chang & Brainerd, 2023, 3b 33 —— 0.12[-0.24, 0.48]
Double, 2023, 1 58 —a— —0.01 [-0.27, 0.26]
Double, 2023, 2 74 —a— —0.12 [-0.36, 0.11]
Rivers et al., 2023a, 1a 66 b -0.07 [-0.32, 0.17]
Rivers et al., 2023a, 1b 66 —a —0.34 [-0.58, —0.09]
Rivers et al., 2023a, 2a 34 —e —0.08 [-0.43, 0.27]
Rivers et al., 2023a, 2b 36 ———] 0.12 [-0.22, 0.46]
Rivers et al., 2023a, 4 64 —a— 0.06 [-0.19, 0.31]
Rivers et al., 2023b, 1 102 —a— -0.13[-0.32, 0.07]
Rivers et al., 2023b, 2 46 ——a— —0.04 [-0.34, 0.26]
Yinetal., 2023, 1 198 - —-0.19 [-0.33, -0.05]
RE Model (@ =65.49, df=42, p=.01) 3 : -0.10 [-0.15, -0.05]

[ I I I |
-1 -0.5 0 0.5 1

Fisher’'s Z-Transformed Correlation Coefficient

Fig. 2. Forest plot of the meta-analysis in Study 1. CI = confidence interval; RE = random effects.

and JOL accuracy generalizes to various types of study
materials, test formats, age groups, countries (or social
cultures), and tasks with varying levels of difficulty.

Study 2: Assessment of Three Possible
Explanations

To our knowledge, no existing theories are available to
explain the negative relation between learning ability

and monitoring accuracy observed in Study 1. Here we
propose three possible explanations for this counterin-
tuitive relation and test them in Study 2.

Statistical artifact

The first possible explanation is that the negative relation
between test performance and JOL accuracy is merely
a statistical artifact resulting from our data-analysis
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Table 1. Moderator Analysis Results

95% confidence

Moderators k Fisher’s Z interval r Ou P
Material type 3.70 157
Image 2 —0.31 [-0.55, —-0.08] -.30 .009
Word list 16 —-0.07 [-0.15, 0.01] -.07 .098
Word pair 25 —-0.10 [-0.17, —0.04] -.10 .003
Test format 0.52 472
Cued recall 23 -0.12 [-0.19, —0.05] -12 .001
Free recall 20 -0.08 [-0.16, —0.01] -.08 .035
Age 0.39 531
Old adults 7 -0.14 [-0.28, —0.01] -.14 .042
Young adults 36 -0.09 [-0.15, —0.04] -.09 .001
Country 1.14 565
China 3 —-0.08 [-0.25, 0.10] —-.08 .397
Germany 8 —0.17 [-0.30, —0.04] —-.16 013
United States 32 -0.09 [-0.15, —-0.03] -.09 .005
Task difficulty 43 0.34 .562

methods. Specifically, in the meta-analysis of Study 1,
recall accuracy in the final test was used to calculate
both JOL accuracy (indexed by the G between JOLs and
recall accuracy across trials) and test performance
(indexed by average recall accuracy across all trials).
This repeated use of recall accuracy may introduce sta-
tistical dependency between JOL accuracy and test per-
formance, leading to a spurious relation between the
two. To test this hypothesis, we followed Vuorre and
Metcalfe (2022) and performed a data simulation.

Details of the simulation procedure are reported in
the Supplemental Material. In brief, data were generated
for 1,000 simulated participants, each studying 100 items
and making a JOL for each item before taking a final
recall test. Participants’ learning abilities were sampled
from a normal distribution, with variability reflecting
individual differences in the proportion of items they
could remember. These learning abilities were then used
to simulate trial-level recall outcomes. In four separate
simulations, we varied the difference between partici-
pants’ mean JOLs for remembered and forgotten items
to reflect different levels of monitoring accuracy.

As shown in Figure 3, across varying levels of JOL
accuracy, repeated use of recall accuracy does not yield
any relation between JOL accuracy and test perfor-
mance in recall tests (for related findings, see Vuorre
& Metcalfe, 2022). These results do not support the
statistical-artifact explanation.

Scale usage

The second possible explanation concerns a potential
difference in JOL scale usage between high- and low-
ability learners. Specifically, expert learners generally

have high confidence in their learning performance and
tend to provide high JOLs for most or even all study
items. This tendency can lead to low variance in their
JOLs, resulting in poor JOL accuracy. Put differently,
individuals with high learning ability may only use a
narrow range of the JOL scale (e.g., 80-100 on a scale
ranging from 0 to 100) to make JOLs, reducing JOL
variance and resolution. Supporting this explanation,
Witherby et al. (2023) found that the lowest JOLs
reported by students with high prior knowledge were
at 50 or even 80 on a JOL scale ranging from 0 to 100,
substantially higher than the lowest JOLs (e.g., 0) given
by students with low prior knowledge.

To test the scale-usage explanation, we reanalyzed
the data from the meta-analysis in Study 1. Specifically,
we first calculated the standard deviation (SD) of JOLs
for each participant and took JOL SD as a measure of
JOL scale usage. Next, a Pearson r correlation between
JOL SD and test performance was calculated in each
experiment. These r scores were then transformed into
Fisher’s Zs and submitted to a multilevel random-effects
meta-analysis. The results revealed no significant rela-
tionship between JOL SD and test performance, Fisher’s
7 =—0.04, 95% CI = [-0.11, 0.03], » = —.04, p = .32, sug-
gesting little systematic difference in JOL scale usage
between high- and low-ability learners. These results
do not support the scale-usage explanation.

Expert underconfidence

The third possible explanation was developed on the
basis of the findings of Witherby et al. (2023). In their
study, Witherby et al. observed a negative relation between
prior knowledge and JOL accuracy in recall-based
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learning tasks. Furthermore, they found that this negative
relation primarily derived from the fact that participants
with high prior knowledge could remember more items
they previously judged as nonmemorable. In other words,
the negative relation between prior knowledge and JOL
accuracy arose from the fact that participants with high
prior knowledge underestimated their ability to remember
challenging items (i.e., the items they predicted they would
not remember but actually successfully remembered).

Building on Witherby et al.’s explanation, we pro-
pose an expert underconfidence hypothesis to account
for the negative relation between learning ability and
monitoring accuracy. Specifically, we hypothesize that
high-ability learners tend to remember many items they
mistakenly believe they will not remember, and this
underconfidence in expert learners amplifies the gap
between their JOLs and recall accuracy. This in turn
leads to a negative relationship between learning ability
and monitoring accuracy across individuals.

To test this explanation, we reanalyzed the data from
the meta-analysis in Study 1 and conducted a Bayesian
mixed-effects mediation analysis using the R brms pack-
age, with all parameters set as default. Specifically, for
each participant in each experiment, we divided study
items into three equal sets (terciles) on the basis of a
tripartite ranking of JOLs, including a high-JOL set
(comprising one third of items with the highest JOLs),
a medium-JOL set (comprising one third of items with
midrange JOLs), and a low-JOL set (comprising one

third of items with the lowest JOLs). When study items
were associated with tied JOLs at the separation bound-
aries, they were randomly assigned in order to maintain
balanced set sizes. Low-JOL items were those perceived
as forgettable, and high-JOL items were those perceived
as memorable. We then calculated recall rates of both
low- and high-JOL items for each participant.

In the mediation analysis, learning ability (indexed
by test performance) was treated as the independent
variable, recall rates of low- and high-JOL items were
included as two parallel mediators, and JOL accuracy
was treated as the dependent variable, with random
effects added at both the study and experiment levels.
As shown in Figure 4, the results revealed a negative
indirect effect of learning ability on JOL accuracy
through improving recall of low-JOL items, a, * b, + 6, =
-1.45, BF,,>1,000, suggesting that the negative relation
between learning ability and monitoring accuracy is at
least partially due to the fact that high-ability learners
can remember many items they erroneously believe
they will forget (BF = Bayes factor; Goodman, 1960;
Kenny et al., 2003). This tendency reduces JOL accuracy
because these items are perceived as forgettable but
are in fact remembered.

Meanwhile, there was also a positive indirect effect
of learning ability on JOL accuracy through improving
recall of high-JOL items, a, * b, + 6, = 1.03, BF,,>1,000,
suggesting that high-ability learners can successfully
remember more items that they believe they will
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remember, which in turn improves their JOL accuracy.
This tendency increases JOL accuracy because these
items are perceived as memorable and are indeed
remembered. This positive indirect effect (1.03) par-
tially cancelled out the negative indirect effect (—1.45).
However, the negative indirect effect was stronger than
the positive one, leading to an overall negative relation
between learning ability and JOL accuracy, total indirect
effect = —-0.41, BF,, = 6.02. Overall, these findings sup-
port the expert underconfidence hypothesis.

Study 3: Experimental Investigation

Given that the findings of Studies 1 and 2 are novel,
the first aim of Study 3 was to test their replicability in
a controlled experiment. Study 3 also aimed to address
several limitations of Studies 1 and 2. In those studies,
recall accuracy was used for calculating both test per-
formance and JOL accuracy. To avoid this issue, par-
ticipants’ learning ability and monitoring accuracy were
measured in Study 3 in two separate tasks. Furthermore,
in the mediation analysis of Study 2, JOLs were made
on a continuous scale (e.g., 0-100), but we arbitrarily
classified high-JOL items as the ones that participants
thought they would remember and low-JOL items as
the ones that they thought they would forget. To mea-
sure these categorical judgments more directly, in Study
3, we followed Witherby et al. (2023) and asked par-
ticipants to make JOLs on a binary scale (0 = 7 will not
remember it; 1 = I will remember it), rather than on a
continuous scale.

Method

Participants. A pilot study with 30 participants found
a moderate negative relation between test performance

and JOL accuracy, » = —.34. A power analysis, conducted
via G*Power (Faul et al., 2007), indicated that 71 partici-
pants were needed to detect a significant (one-tailed, o =
.05) negative relation with .90 power. We planned to use a
one-tailed correlation analysis because we already had an
a priori hypothesis about the direction of this relation,
according to Study 1’s meta-analysis and our pilot results.
Considering the potential for participant exclusion because
of constant values in JOLs or recall accuracy, we decided
to conservatively increase the sample size to 120.

Accordingly, 120 participants were recruited from
Tianjin Vocational Institute. Eighteen participants pro-
vided constant JOL values across all trials, and their
data were excluded, leaving final data from 102 partici-
pants (M, = 19.55 years, SD = 0.79; 77.5% female). All
participants were native Chinese speakers and had no
prior learning experience of the Swahili language. They
provided informed consent and received monetary
compensation.

Materials. A learning task, featuring 30 paintings devel-
oped by Soares and Storm (2022), was employed to
assess participants’ learning ability. Each image (1,351x
736 pixels) displayed a painting along with its title and
the artist's name. Considering that some participants
might have prior knowledge about certain artists, we
replaced all artist names with common Chinese names.

Participants’ monitoring ability was assessed in a
monitoring task that consisted of 23 Swahili-Chinese
word pairs selected from the Swahili-Chinese database
developed by Fan et al. (2025). The difficulty levels of
the selected word pairs, defined as mean recall rates in
Fan et al’s database, ranged from 0.27 to 0.67. Three
pairs were used for practice, with the remaining 20
pairs used in the formal experiment. Data from practice
trials were excluded from analyses.
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Procedure. Each participant completed both a learning
and a monitoring task, with task order counterbalanced
across participants. In the learning task, participants were
instructed to study 30 paintings and remember as many
visual details as possible. During the learning phase, the
30 paintings were presented one by one in a random
order, with each painting displayed for 20s. After study-
ing all paintings, participants completed a 10-min distrac-
tor task in which they solved various algebra problems.
After the distractor task, they took a final test on all paint-
ings. The test included 60 multiple-choice questions (e.g.,
“What type of building is depicted in Li Mingwei’s
‘Rain’?”), with two questions on each painting. Each ques-
tion included one correct option and three lures. Test
questions were presented one by one in a random order,
but with a constraint that the two questions for each
painting were always presented consecutively. The final
test was untimed, and no feedback was provided. The
experiment was programmed using jsPsych 7.2.3 (de
Leeuw, 2015).

In the monitoring task, participants studied 20 Swahili-
Chinese word pairs. They were informed that after
studying each word pair, they would need to predict
whether they would remember the Chinese translation
of the Swahili word in a test 1 min later. The word pairs
were presented one by one in a random order, with
each word pair shown for 10s. After studying each pair,
participants made a binary JOL (0 = 7 will not remember
it; 1 = T will remember it). JOL ratings were self-paced.
After studying all word pairs, participants solved a set
of algebra problems for 60s. Then they proceeded to
the final test, where the 20 Swahili words were pre-
sented one by one in a random order, and participants
were asked to recall the Chinese translation to each
Swahili word. The final test was untimed, and no feed-
back was provided. The experiment was programmed
using PsychoPy 2023.2.3 (Peirce et al., 2019).

Results

All Bayesian analyses reported in Studies 3 and 4 were
performed using the R BayesFactor package with all
parameters set as default, except for the Bayesian medi-
ation analyses, which were performed using the R brms
package with all parameters again set as default.

For each participant, we calculated a G between JOLs
and recall accuracy in the monitoring task as a measure
of JOL accuracy. Because it is impossible to construct the
full Type 2 ROC for binary JOLs (Fleming & Lau, 2014),
AUROC?2 scores were not calculated. Test performance
in the learning task was calculated as a measure of learn-
ing ability. Test performance in the monitoring task was
also calculated, serving as a secondary measure of learn-
ing ability. A two-tailed correlation analysis showed a
positive relation between test performance in the learning

and monitoring tasks, r = .24, p = .02, BF,, = 3.45, sug-
gesting that good learners in one task are also good
learners in the other one.

A one-tailed correlation analysis revealed a negative
relation between JOL accuracy in the monitoring task
and test performance in the learning task, r=-.23, p =
.01, BF,, = 5.75 (Fig. 5a). There was also a negative
correlation between JOL accuracy and test performance
in the monitoring task, r = —.28, p = .002, BF,, = 19.77
(Fig. 5b). Together, these results indicate that, regard-
less of whether learning ability and JOL accuracy are
measured within the same task or across different tasks,
there is always a negative relation between these two
variables.

To test the expert underconfidence hypothesis, we
conducted a Bayesian mediation analysis in which learn-
ing ability (indexed by test performance in the learning
task) was treated as the independent variable, monitor-
ing accuracy (indexed by G values in the monitoring
task) served as the dependent variable, and recall rates
were included as two parallel mediators (JOL = 0 items
and JOL = 1 items). As shown in Figure 6, there was a
negative indirect effect of learning ability on JOL accu-
racy via improving recall of JOL = 0 items, a, * b, =
—1.73, BF,, = 101.98, reflecting that expert learners are
more likely to remember the items perceived as non-
memorable but doing so reduces their monitoring accu-
racy. Meanwhile, there was also a positive indirect effect
of learning ability on JOL accuracy via improving recall
of JOL =1 items, a, * b, = 0.53, BF,, = 3.49, reflecting
that expert learners are more likely to remember the
items perceived as memorable, and doing so increases
their monitoring accuracy. Critically, the total indirect
effect was negative, a; * b, = —1.20, BF,;, = 3.41. This
composite mediation effect suggests that, although the
negative mediation effect through improving recall of
JOL = 0 items and the positive mediation effect through
improving recall of JOL = 1 items counteracted each
other, the former (-=1.73) was much stronger than the
latter (0.53), leading to an overall negative relation
between learning ability and monitoring accuracy. Last,
we performed another mediation analysis, substituting
the independent variable with test performance in the
monitoring task. This analysis showed the identical
result pattern (see the Supplemental Material).

Figure 7 provides a visual representation of the media-
tion effects, illustrating the relations among the indepen-
dent variable, the two mediators, and the dependent
variable. As depicted in Figure 7a, learning ability
(indexed by test performance in the learning task) posi-
tively predicted recall rates of both JOL = 0 items and
JOL =1 items, and these prediction effects did not differ
greatly. However, as shown in Figure 7b, successfully
remembering JOL = 0 items substantially reduced JOL
accuracy. By contrast, successfully remembering JOL = 1
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items only slightly improved JOL accuracy. Therefore, the
total relation between learning ability and JOL accuracy
was negative.

Intuitively, readers may consider that the negative
relation between JOL accuracy (i.e., relative JOL accu-
racy) and test performance runs counter to the well-
known Dunning—Kruger (DK) effect (Dunning, 2011;
Kruger & Dunning, 1999)—the phenomenon that peo-
ple with limited ability in a given domain substantially
overestimate their task performance, whereas those
with high ability estimate their performance more accu-
rately (or slightly underestimate it). However, it should

be emphasized that our findings do not directly chal-
lenge the DK effect. Specifically, the current research
probed the relation between relative JOL accuracy (i.e.,
JOL resolution) and test performance. By contrast, the
DK effect concerns the relation between absolute accu-
racy of metacognitive judgments (e.g., absolute JOL
accuracy or JOL calibration) and objective task perfor-
mance (e.g., test performance).

We reanalyzed the data from the monitoring task of
Study 3 to demonstrate that the DK effect was also
observed in the current data. Specifically, we first cal-
culated an average JOL across trials for each participant
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to represent the proportion of items the participant
predicted he or she would remember (i.e., subjective
estimate of learning ability). We also calculated each
participant’s test performance in the monitoring task as
a measure of objective learning ability. Next, we divided
the 102 participants into quartiles (1 vs. 2 vs. 3 vs. 4)
according to their test performance in the monitoring
task, with Group 1 comprising the 26 participants with
lowest test performance (very poor learning ability) and
Group 4 comprising the 26 participants with highest
test performance (excellent learning ability). Each of
Groups 2 and 3 contained 25 participants.

A Bayesian mixed analysis of variance (ANOVA) was
conducted, with measurement type (JOLs vs. test per-
formance) as a within-subjects variable and group as a
between-subjects variable. As shown in Figure 8, the
results reveal a substantial interaction between mea-
surement type and group, F(3, 98) = 41.64, p<.001, 1,7 =
.56, BF,,>1,000. These results perfectly replicate the
DK effect, with Group 1 showing substantial overesti-
mation of test performance, difference between JOLs
and test performance = .42, 95% CI = [.35, .49], #(25) =
12.57, p<.001, Cohen’s d = 2.47, BF,,>1,000, and Group
4 exhibiting slight underestimation of test performance,
difference between JOLs and test performance = —.08,
95% CI = [-.15, —.02], €25) = -2.79, p = .01, Cohen’s d =
~0.55, BF,, = 4.72.

Many researchers have argued that the DK effect may
be merely a statistical artifact (Gignac & Zajenkowski,
2020; Jansen et al., 2021; Krueger & Mueller, 2002),
induced by regression-toward-the-mean (Stigler, 1997)
and the better-than-average effect (Alicke et al., 1995).
A data simulation is provided in the Supplemental Mate-
rial to demonstrate the statistical issues associated with
the DK effect, as illustrated in the present data. What-
ever the merits of these arguments against the DK effect
as a general phenomenon, it is clear that when trial-
by-trial metacognitive judgments are obtained, as was
done here, the standard DK analysis as shown in Figure
8 encourages an incorrect inference. Far from indicating
worse metacognitive monitoring in poor learners than
in good learners, poor learners in fact have better meta-
cognitive insight into their learning. Poor learners (rela-
tive to good ones) may overestimate their learning and
provide average JOLs that are objectively too high (the
DK effect), while at the same time showing a tighter
correlation between their trial-by-trial JOLs and later
recall accuracy (i.e., greater JOL resolution).

Study 4: Preregistered Replication

In Study 4, we conducted a preregistered, large-sample
experiment to further test the replicability of the find-
ings of Studies 1 through 3. It also aimed to address a
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limitation of Study 3, in which JOLs were made on a
binary scale and there were only 20 trials in the moni-
toring task. The binary JOLs and small number of trials
might jointly induce frequent occurrence of extreme G
values at 1 or —1, as can be seen in Figure 5. To mitigate
this problem, we employed a continuous (i.e., 0-100)
JOL scale in Study 4 and increased the number of trials
to 30.

Method

Participants. We preregistered a goal of 500 partici-
pants to run a large-sample replication experiment
(https://osf.io/kwbzm). Accordingly, 512 participants
were recruited from NAODAO (an online behavioral
research platform; https://www.naodao.com/). Data
from 31 participants were excluded because they pro-
vided constant JOLs across all trials, recalled all items
correctly, or did not recall any items in the final test, leav-
ing final data from 481 participants (M,,, = 24.85 years,
SD = 5.94 years; 50.9% female). According to the negative
relation (r = —.28) detected in the monitoring task of
Study 3, this sample size had a statistical power greater
than .99 to detect a significant (one-tailed, o = .05) nega-
tive relation between test performance and monitoring
accuracy. All participants were native Chinese speakers
and had no prior learning experience of the Swahili lan-
guage. They provided online informed consent and
received monetary compensation.

Materials and procedure. The stimuli were 33 Swa-
hili-Chinese word pairs selected from Fan et al. (2025),
with difficulty levels ranging from 0.12 to 0.87. Three
pairs were used for practice, and the remaining 30 pairs
were used in the formal experiment. Data from practice
trials were excluded from analyses.

The procedure was the same as that in the monitor-
ing task of Study 3, except that participants studied 30
(rather than 20) Swahili-Chinese word pairs and made
their JOLs on a continuous (rather than on a binary)
scale ranging from 0 (sure [ will not remember it) to 100
(sure I will remember it). The experiment was pro-
grammed using jsPsych 7.2.3 (de Leeuw, 2015).

Results

For each participant, we calculated a G correlation
between JOLs and recall accuracy as a measure of JOL
accuracy. An AUROC2 score was also calculated as a
second measure of JOL accuracy, and it showed the
same result patterns as those of G (see the Supplemen-
tal Material). Test performance was calculated as a mea-
sure of learning ability. A one-tailed correlation analysis
revealed a negative relation between JOL accuracy
(indexed by &) and test performance, r=—-.27, p<.001,
BF,,>1,000 (Fig. 9).

To test the expert underconfidence explanation, we
divided the 30 study items into three equal sets (ter-
ciles) for each participant on the basis of a tripartite
ranking of JOLs, including a high-JOL set (comprising
10 items with the highest JOLs), a medium-JOL set
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Fig. 9. Scatterplot depicting the relation between learning ability
and monitoring accuracy in Study 4. Shaded bands represent 95%
confidence intervals; JOL = judgment of learning.
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(comprising 10 items with midrange JOLs), and a low-
JOL set (comprising 10 items with the lowest JOLs). If
some items had tied JOLs at the separation boundaries,
they were randomly assigned to ensure that each set
contained 10 items. Then we computed recall rates for
the low- and high-JOL items, respectively. Next, a
Bayesian mediation analysis was conducted, in which
learning ability (indexed by test performance) was
treated as the independent variable, monitoring accu-
racy (indexed by &) served as the dependent variable,
and recall rates of low- and high-JOL items were
included as two parallel mediators.

As shown in Figure 10, there was a negative indirect
effect of learning ability on JOL accuracy via improving
recall of low-JOL items, a, * b, = —1.26, BF,,>1,000.
Meanwhile, there was also a positive indirect effect of
learning ability on JOL accuracy via improving recall
of high-JOL items, a, * b, = 0.76, BF ,>1,000. Critically,
the total indirect effect was negative, a, * b, = —0.50,
BF,, = 130.10. These results again support the expert
underconfidence explanation.

Figure 11 provides a visual representation of the medi-
ation effects. As shown in Figure 11a, learning ability
positively predicted recall rates of both low- and high-JOL
items, and these prediction effects did not differ greatly.
However, as shown in Figure 11b, successfully remem-
bering low-JOL items substantially reduced JOL accuracy.
By contrast, successfully remembering high-JOL items
only slightly improved JOL accuracy. Therefore, the total
relation between learning ability and JOL accuracy was
negative.

Finally, we reanalyzed the data using the same meth-
ods as in Study 3 to investigate the DK effect. As shown
in Figure 12, a Bayesian mixed ANOVA revealed a sub-
stantial interaction between measurement type (JOLs
vs. test performance) and group (1 vs. 2 vs. 3 vs. 4), F(3,
477) = 267.87, p<.001, n,* =.63, BF,;>1,000. Group 1
(i.e., participants with lowest test performance) showed

substantial overestimation of test performance, differ-
ence between JOLs and test performance = 0.32, 95%
CI =[0.29, 0.35], #(119) = 23.69, p<.001, Cohen’s d =
2.16, BF,,>1,000; Group 4 (i.e., participants with high-
est test performance) exhibited underestimation, differ-
ence between JOLs and test performance = —0.13, 95%
CI = [-0.15, —0.11], #(119) = —11.87, p<.001, Cohen’s
d = -1.08, BF,,>1,000. It is important to note that the
degree of overestimation in Group 1 was much stronger
than the degree of underestimation in Group 4. These
results again successfully replicate the DK effect.

General Discussion

This research documents a small but consistent negative
relation between learning ability and (relative) JOL accu-
racy. Furthermore, the meta-analysis in Study 1 shows that
this negative relation holds across different types of study
materials, test formats, age groups, countries or social
cultures, and learning tasks of varying difficulty, although
it is worth noting that this meta-analysis was not compre-
hensive. These findings unveil a paradox that challenges
a long-standing assumption in the fields of learning, meta-
cognition and education: that stronger learners are natu-
rally more adept at accurately assessing their learning
progress (Griffin et al., 2008; Nietfeld & Schraw, 2002).
What causes this negative relation and misalignment
between learning ability and monitoring accuracy? One
plausible explanation, which we term “expert under-
confidence,” posits that high-ability learners tend to
underestimate their retention capabilities, particularly
for challenging material they judge to be nonmemorable
(Witherby et al., 2023). This underconfidence introduces
a bias in their JOLs, causing them to underestimate what
they are likely to remember and overestimate what
they might forget. These findings suggest that (a) high
learning ability and accurate self-monitoring are distinct
skills that do not necessarily develop together and (b)



Psychological Science XX(X)

15

d

1_0_. 0ne000000000 b
YYYY
0.8 4
$ 0.6 1
=
o'
=
(&)
& 041
r=.87, p<.001
AAAAA
0.2 4 eoscssssfanaasaan| = HighJOL
‘ = Low JOL
COAAAANAALMAAAAAL
0_0— AAAAWAAAA A

0.0 0.2 0.4 0.6 0.8 1.0
Learning Ability

1.0
]
4 A [ ]
SEEBEE R
064 .4 1 1 s ]
: 2
i
g 021
5 s 42 8
3 .
r=*25, p< 001 i 4 i
S 02 . ¢ g 4
]
r=-62ip<.001% *
064 | =HighJoL
= Low JOL
-1.04

0.0 0.2 0.4 0.6 0.8 1.0
Recall Rates

Fig. 11. Scatterplot depicting the relations among different variables in Study 4. In (a) we depict the relations between learning abil-
ity (indexed by test performance) and recall rates of low and high judgment of learning (JOL) items; in (b) we illustrate the relations
between JOL accuracy (indexed by &) and recall rates of low- and high-JOL items. Shaded bands represent 95% confidence intervals.

being a good learner does not necessarily translate into
having high monitoring accuracy (Vlach et al., 2019).

The expert underconfidence hypothesis offers a
compelling explanation for the present findings, but it
may not be the sole factor at play. It is also possible
that expert learners rely on different cues to assess their
learning progress (Koriat, 1997). Rather than focusing
on simple or superficial cues, they may engage in
deeper processing, which, although beneficial for learn-
ing, could disrupt the straightforward assessment of
learning progress (Van Gog et al., 2011). Their cognitive
resources may be focused on encoding the information
rather than on monitoring their learning progress (Bryce
et al., 2023). Effectively, this is a problem of resource
allocation. Evidence supporting this explanation comes
from Bryce et al. (2023) and Li et al. (2024), who
showed that monitoring accuracy is compromised when
cognitive resources are limited and that multitasking
impairs JOL accuracy. Direct tests of this explanation
are called for.

Although teachers, parents, and educational policy-
makers often operate under the assumption that high-
performing students require less support in learning how
to learn (Griinke, 2006), our findings suggest that such
students, although excelling in acquiring knowledge,
may still benefit from metacognitive support; specifically,
they may need assistance in enhancing their awareness
of what they know and do not know. However, the

current data also suggest a potential trade-off: The
underconfidence exhibited by expert learners may serve
an adaptive strategy. Specifically, their underconfidence
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Fig. 12. Line plot depicting the Dunning-Kruger effect in Study
4. Participants were divided into quartiles according to their test
performance. Error bars represent 95% confidence intervals; JOLs =
judgments of learning.
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in challenging material may prompt them to allocate
additional resources for encoding (Yang et al., 2017).
Therefore, although metacognitive support (e.g., meta-
cognitive training) could help raise their monitoring
accuracy (Handel et al., 2020), it may concurrently dis-
rupt their adaptive learning behaviors. Further research
is needed to determine whether enhancing expert learn-
ers’ monitoring accuracy would truly improve, or hinder,
their learning performance. These findings, which were
derived primarily from Chinese participants, should be
generalized to other populations with caution. Future
research could also profitably explore the neural mecha-
nisms underlying the dissociation between learning abil-
ity and monitoring capacity. For instance, neuroimaging
studies could examine whether specific brain regions
associated with metacognition, such as the anterior pre-
frontal cortex (Fleming et al., 2014), function differently
in high- and low-ability learners.

In summary, our findings reveal a novel, important,
yet overlooked aspect of self-regulated learning: high-
ability learners are not always accurate judges of the
strength of their learning. The negative relation between
learning ability and monitoring accuracy challenges
conventional wisdom, suggesting that high learning
ability does not guarantee accurate self-monitoring. The
expert underconfidence hypothesis offers a potential
explanation for this misalignment.
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