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Abstract
Accurately monitoring one’s learning processes during self-regulated learning 
depends on using the right cues, one of which could be perceived mental effort. 
A meta-analysis by Baars et al. (2020) found a negative association between men-
tal effort and monitoring judgments (r = -.35), suggesting that the amount of men-
tal effort experienced during a learning task is usually negatively correlated with 
learners’ perception of learning. However, it is unclear how monitoring judgments 
and perceptions of mental effort relate to learning outcomes. To examine if per-
ceived mental effort is a diagnostic cue for learning outcomes, and whether moni-
toring judgments mediate this relationship, we employed a meta-analytic structural 
equation model. Results indicated a negative, moderate association between per-
ceived mental effort and monitoring judgments (β = -.19), a positive, large associa-
tion between monitoring judgments and learning outcomes (β = .29), and a nega-
tive, moderate indirect association between perceived mental effort and learning 
outcomes (β = -.05), which was mediated by monitoring judgments. Our subgroup 
analysis did not reveal any significant differences across moderators potentially due 
to the limited number of studies included per moderator category. Findings suggest 
that when learners perceive higher levels of mental effort, they exhibit lower learn-
ing (confidence) judgments, which relates to lower actual learning outcomes. Thus, 
learners seem to use perceived mental effort as a cue to judge their learning while 
perceived mental effort only indirectly relates to actual learning outcomes.

Keywords  Mental effort · Monitoring · Performance · Metacognition · Meta-
analysis · Cue-utilization

Knowing how to study and steer, or self-regulate, one’s learning process effectively 
is a key skill in education (Broadbent & Poon, 2015). Even if not being formally 
taught how, learners often have to make decisions when it comes to their learning 
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behavior. For example, they have to decide whether to re-read a text, which learn-
ing task to do next, or which learning strategy to use when memorizing content. 
To optimize learning outcomes, accurately monitoring learning and—based on this 
monitoring—accurately regulating one’s learning process is essential (De Bruin & 
Van Merriënboer, 2017; Dunlosky & Rawson, 2012). However, many learners strug-
gle to accurately monitor their learning process, leading them to make suboptimal 
study decisions (e.g., Baars et al., 2013, 2014; Bjork et al., 2013; Butler & Winne, 
1995; Cavalcanti & Sibbald, 2014; Dinsmore & Parkinson, 2013; Kostons et  al., 
2012), which hampers learning and, consequently, academic outcomes (Dunlosky 
& Metcalfe, 2008; Dunlosky & Rawson, 2012; Kanfer & Ackerman, 1989). In the 
current manuscript, we use the term learning outcomes as quantifiable achievements 
or performances displayed by learners following a learning phase. These outcomes 
usually refer to knowledge acquisition, which is demonstrated shortly after the learn-
ing phase on a near-transfer task.

Given that learners often cannot access information about their learning out-
comes directly, they usually monitor their learning outcomes based on indirect 
information or cues (i.e., cue-utilization framework; Koriat, 1997). More specifi-
cally, learners use various cues, such as processing fluency or perceived men-
tal effort, to inform their metacognitive monitoring (Baars et  al., 2020; Koriat 
& Ma’ayan, 2005; Koriat et al., 2006; Koriat et al., 2014a, b; Onan et al., 2022; 
Undorf & Erdfelder, 2011). Using a meta-analytic approach, Baars and colleagues 
(2020) found a negative, medium-sized correlation (r = -0.35) between effort and 
monitoring judgments. This negative correlation suggests that greater perceived 
effort is often linked to lower estimates of learning, whereas lower perceived 
mental effort tends to correspond with higher estimations of learning. This pattern 
implies that learners might use the amount of effort they expend as a cue to guide 
their monitoring of learning judgments, which we will refer to as “monitoring 
judgments” going forward. More specifically, if learners experience high mental 
effort when working on a task, they could interpret this as a sign of poor learning. 
However, it is unclear to what extent perceived mental effort is associated with 
actual learning outcomes and, therefore, it is unclear to what extent perceived 
mental effort is diagnostic for actual learning outcomes. If indeed perceived men-
tal effort is used as a cue for making monitoring judgments, but perceived mental 
effort is not associated with learning outcomes, this could lead to inaccurate mon-
itoring judgments. Subsequently, this could influence learners to take ineffective 
learning decisions, decreasing their learning and academic outcomes. Therefore, 
it is crucial to investigate the relationship between perceived mental effort, moni-
toring judgments, and learning outcomes. Furthermore, investigating if perceived 
mental effort acts as a diagnostic cue for learning necessitates examining its rela-
tionship with learning outcomes. Following the cue-utilization framework as con-
ceptualized by Koriat (1997) and interpreted by De Bruin & Van Merriënboer 
(2017), it is crucial to determine whether monitoring judgments mediate this rela-
tionship. In case of a negative indirect effect between perceived mental effort and 
learning outcomes, we would interpret this as perceived mental effort being used 
as a negative cue for perceived learning, or confidence herein, which in turn are 
positively related to learning outcomes. Hence, using a meta-analytic approach, 
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the current study investigated the relationship between learners’ perceived mental 
effort, monitoring judgments, and learning outcomes.

Importance of Accurate Monitoring in Self‑Regulated Learning

Self-regulated learning is a crucial skill in education. Learners are exposed to learn-
ing environments where they must plan, monitor, and regulate their learning pro-
cess. They have to make regulatory decisions according to their learning outcomes 
and comprehension and, for example, decide whether to re-read a text or choose 
which learning strategy to use for a specific task. For optimal behavioral regulation 
and adaptation in accordance with learning, it is imperative that learning progress 
is accurately monitored (De Bruin & Van Merriënboer, 2017; Dunlosky & Rawson, 
2012).

Learners often cannot access their learning outcomes and knowledge directly 
and, therefore, usually make inferences about their learning outcomes based on 
indirect information or cues (Koriat, 1993, 1997). According to the cue-utilization 
framework (Koriat, 1997), three elements are involved in self-regulated learning: 
cues, monitoring judgments, and actual learning or performance. Learners utilize 
cues arising from their study experiences or materials to formulate a monitoring 
judgment, which is called cue-utilization (Koriat, 1997). The extent to which cues 
predict learning outcomes and are, therefore, diagnostic is termed cue diagnosticity 
(Brunswik, 1956). The extent to which a monitoring judgment accurately predicts 
learning outcomes is often coined monitoring accuracy (Butler & Winne, 1995; Nel-
son, 1984; Schraw, 2009). Often, learners utilize cues to self-regulate their learning 
process, which are not indicative of actual learning outcomes, meaning that the cues 
are not diagnostic. This use of non-diagnostic cues thus leads to inaccurate monitor-
ing (De Bruin et al., 2017; Koriat, 1993, 1997; Thiede et al., 2010).

Perceived Mental Effort as a Cue for Monitoring

Learners use various cues such as processing fluency of the learning process, pre-
vious task-specific experiences, or perceived mental effort experienced during 
learning to inform their metacognitive monitoring (e.g., Baars et al., 2020; Koriat 
& Ma’ayan, 2005; Koriat et al., 2014a, b; Onan et al., 2022; Undorf & Erdfelder, 
2011). In the memorizing effort heuristic, Koriat et  al. (2006) suggested that per-
ceived mental effort, or invested study time, is often utilized as a cue for metacogni-
tive judgments. That is, learners operate under the assumption that the items they 
learned with less mental effort exertion are easier to recall compared to those that 
required more effort (the “easily-learned-easily-remembered” heuristic; Koriat et al., 
2006). Here, interpretation is driven by learners’ own perception of effort, which is 
also referred to as a data-driven interpretation of effort (Koriat et al., 2014a, b). This 
results in a negative relationship between perceived mental effort and monitoring 
of learning outcomes (e.g., Baars et al., 2013, 2018a, b, 2020; Koriat et al., 2009; 
Undorf & Erdfelder, 2011).
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Interestingly, research indicates that the correlation between mental effort and 
monitoring does not necessarily need to be negative (Baars et al., 2020; Koriat, 
2008; Koriat et al., 2006, 2014b). For example, if learners value learning about 
a topic or have a salient goal to achieve when investing mental effort, there is a 
positive or zero-order relationship between mental effort and monitoring judg-
ments, meaning that more mental effort is related to higher perceived learning 
or certainty of knowing (in case of a positive association). Here, the metacog-
nitive judgments are regarded as goal-driven, and learners invest mental effort 
in accordance with the importance or interest of the to-be-learned materials 
(Koriat et  al., 2014a, b). So far, goal-driven self-regulation has been manipu-
lated by inducing time pressure, providing incentives (e.g., Ackerman, 2014; 
Koriat et al., 2006), or by increasing learners’ sense of agency by changing the 
wording of the mental effort self-rating scale such as asking about the invested 
mental effort instead of the required mental effort (Klepsch & Seufert, 2021; 
Koriat et al., 2014a, b).

The finding that the correlation between mental effort and monitoring does 
not necessarily need to be negative is supported by the meta-analysis by Baars 
and colleagues (2020). While they found an overall negative, medium-sized 
correlation between effort and monitoring judgments (r = -0.35), their modera-
tor analysis results showed that this association was no longer significant for 
studies employing goal-driven manipulations, such as incentives, time pressure, 
or promoting feelings of self-agency (Baars et  al., 2020). While the response 
to goal-driven manipulations and improvement in cue-utilization has been 
shown to develop with increasing age (Hoffmann-Biencourt et al., 2010; Koriat 
et al., 2009; Koriat et al., 2014b), Baars and colleagues (2020) did not identify 
learners’ age or level of education as significantly moderating the relationship 
between effort and monitoring judgments. Contrastingly, Baars and colleagues 
(2020) identified type of task as a significant moderator with a higher negative 
correlation in studies using problem-solving tasks compared to other tasks such 
as word learning or paired associates.

An additional factor potentially influencing the relationship between per-
ceived mental effort and monitoring judgments could be task difficulty (Seufert, 
2018). During tasks that are more difficult learners might have fewer available 
cognitive resources to accurately monitor their learning process compared to 
easier tasks (Seufert, 2018). It is therefore interesting to explore whether task 
difficulty moderates the relationship between perceived mental effort and moni-
toring. Collectively, these studies suggest that perceived mental effort might 
be used as a cue to self-regulate one’s learning. Depending on students’ effort 
interpretation (data- or goal-driven) perceived mental effort may have positive 
or negative effects on students’ monitoring of learning, and thus on their learn-
ing outcomes. To unravel the potential relationships between perceived mental 
effort, monitoring, and learning outcomes, the current study aimed to provide 
more insight into how perceived mental effort is used as a cue to monitor learn-
ing, how that, in turn, affects learning outcomes, and what factors moderate 
these relationships.
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Monitoring Judgments and Learning Outcomes

Learners often face challenges in accurately monitoring and regulating their 
learning without supplementary aid (e.g., Baars et  al., 2013, 2014; De Bruin 
et al., 2011; Dunlosky & Lipko, 2007; Prinz et al., 2020a; Van Gog et al., 2020), 
primarily due to a tendency to overestimate their own learning outcomes (Baars 
& Wijnia, 2018; Baars et al., 2013, 2014). This is potentially due to the additional 
mental effort that is required to simultaneously fulfill the task demands and moni-
tor learning outcomes (Van Gog et al., 2011a, 2011b, 2020) as well as using the 
wrong cues to infer learning (Koriat, 1997). Especially in complex tasks, learners 
tend to inaccurately monitor their learning outcomes compared to less complex 
tasks (Baars et  al., 2018a, b). Several generative strategies have been shown to 
increase learners’ monitoring accuracy. In particular, activities such as generat-
ing keywords, summaries, or diagrams when reading a text, have been indicated 
to improve learners’ monitoring accuracy because they aid learners in gaining 
access to more diagnostic cues (for a review, see Prinz et al., 2020b).

To measure the accuracy of a monitoring judgment in relation to learning out-
comes, several measures of relative or absolute accuracy can be used (see Schraw, 
2009). Relative monitoring accuracy indicates the degree to which learners can 
discriminate between well-learned and less well-learned materials (Maki & 
Berry, 1984; Nelson, 1984) and is the relationship of interest in this manuscript. 
Relative accuracy is typically calculated by a correlational measure (Schraw, 
2009). The higher the positive correlation between a learner’s estimation of learn-
ing outcomes and their actual learning outcomes, the higher their monitoring 
accuracy. A low positive correlation coefficient indicates low monitoring accu-
racy. A negative relationship between a learner’s monitoring judgment and their 
actual learning outcomes indicates inaccurate monitoring.

Absolute accuracy refers to the discrepancy between a monitoring judgment 
and actual learning outcomes and indicates the extent to which learners are able 
to accurately estimate their absolute level of learning outcomes (Schraw, 2009). If 
a learner estimates their learning outcomes higher than their actual learning out-
comes, overconfidence is observed. Underconfidence is observed when learning 
outcomes exceed learners’ estimation of their learning outcomes.

Monitoring judgments are usually assessed using various self-report items 
with different scales (e.g., from 1 to 5, 1 to 7, or in percentages from 0 to 100%; 
Dunlosky & Metcalfe, 2008). There can also be variations in the timing of mon-
itoring judgments. They can be examined prospectively, concurrently, or retro-
spectively (Schraw, 2009). For example, prospective judgments such as ease of 
learning judgments (EOLs) aim to measure learners’ predictions of how easy it 
will be to learn information, while judgments of learning (JOLs) aim to measure 
learners’ prediction of how well they think they will recall just-learned informa-
tion at a later time. These judgments are usually made prior to the task that is 
judged. Concurrent judgments are made whilst performing the task. Commonly, 
they are administered on an item-by-item level immediately after learners answer 
an item of the to-be-judged task (Schraw, 2009). Examples are online confidence 
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ratings, ease of learning judgments, or online learning outcome predictions inves-
tigating how confident a learner is in their learning outcomes, how easy it was to 
work on the task, or how accurate they estimate their learning outcomes (Schraw, 
2009). Retrospective judgments are usually made after fully completing the task 
that is judged. They can refer to an item-by-item level but also to a global task 
level. Examples are similar to the concurrent judgments (i.e., confidence rat-
ings, ease of learning judgments, or learning outcome accuracy judgments) only 
that they are administered after all items of the to-be-judged task are completed 
(Schraw, 2009).

While the type and timing of monitoring judgments significantly vary across the 
field, dictated by the research question, study design, and target population, it has 
been established that the timing of these judgments directly impacts their accuracy 
(Leonesio & Nelson, 1990; Siedlecka et al., 2016). When comparing the accuracy of 
prospective and concurrent1 confidence judgments, Siedlecka and colleagues (2016) 
found that the relationship between confidence and learning outcomes was weaker 
for prospective confidence ratings. A potential reason for this could be that a learner 
has less available information to base their metacognitive judgment on compared 
to judgments that are given concurrently (Siedlecka et al., 2016). Similarly, Baars 
and colleagues (2020) found that both type and timing of monitoring judgments sig-
nificantly moderated the relationship between effort and monitoring. They found a 
weaker correlation for studies administering prospective JOLs compared to other 
judgments and a weaker correlation for studies administering prospective compared 
to concurrent judgments (Baars et al., 2020).

Mental Effort and Learning Outcomes

Previous work has established that mental effort is related to monitoring and could 
thus potentially be used as a cue (Baars et  al., 2020). Yet, it remained unclear to 
what extent perceived mental effort might be a diagnostic cue for monitoring. Men-
tal effort is an essential indicator of cognitive load (Paas et al., 2003; Sweller et al., 
1998, 2019), and effortful processing is necessary for explicit learning (e.g., Bjork 
& Bjork, 2011). A positive relationship exists between effortful processing and 
learning outcomes as long as the learning task requirements are within the limits 
of working memory capacity and the cognitive effort necessary for processing and 
integrating information is directly relevant to learning. However, when the effort 
required to handle the learning task surpasses these boundaries, learning falls short, 
and the relationship between effortful processing and task performance becomes 
negative. For tasks within these cognitive limits, and depending on the complexity 
of the task, various strategies exist to further enhance learning (Chen et al., 2018, 
2023). For complex tasks, this can be done by substituting irrelevant information for 
the learning task with relevant information (Paas & Van Merriënboer, 2020; Sweller 

1  Although Siedlecka et al. (2016) indicated to have used retrospective judgments, in line with Schraw 
(2009), we would operationalize them as concurrent judgments.
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et al., 2019). For less complex tasks, relevant information can be added to the task 
(i.e., increased intrinsic cognitive load) or learners can be encouraged to invest more 
effort into available relevant information (i.e., leveraging desirable difficulties; De 
Bruin et al., 2023).

Next to mental effort, mental load and task performance are also discussed as 
important indicators of cognitive load in the literature (Paas & Van Merriënboer, 
1994). Mental load is commonly seen as learners’ cognitive resources, which are 
required to meet the task affordances in a bottom-up manner and is usually inde-
pendent of learners’ characteristics such as prior knowledge or expertise, increas-
ing with task complexity. This is often also referred to as data-driven effort (Koriat 
et  al., 2006) which learners experience passively (Seufert, 2018; for an overview, 
see Scheiter et al., 2020). Mental effort involves the active investment of learners’ 
resources to fulfill the demands of a task, and this is shaped by the learner’s attrib-
utes, the nature of the learning task, the context of the learning environment, as well 
as the interplay among these factors (Choi et  al., 2014; Paas & Van Merriënboer, 
1994). Additionally, mental effort can have a motivational component (Feldon et al., 
2019; Paas et al., 2005; Scheiter et al., 2020) and is also referred to as goal-driven 
effort (Koriat et  al., 2006). For example, based on learners’ estimated success in 
reaching certain learning outcomes they might be willing to invest more or less 
effort when working on a task.

Learning outcomes are influenced by the mental load and mental effort a task 
elicits and learners’ individual characteristics such as their prior knowledge or will-
ingness to invest mental resources (Paas & Van Merriënboer, 1994). For example, 
if task complexity is high, a task imposes high mental load on the learner and more 
mental effort investment is necessary to perform well on the task, compared to a less 
complex version of the task. Learners have to take into account their self-assessed 
learning outcomes to regulate their effort investment accordingly and, for exam-
ple, invest additional mental effort, switch to a different learning strategy, or ask for 
external help (De Bruin et al., 2023).

Mental effort can be measured in multiple ways. On the one hand, there are 
physiological measures such as heart rate variability, pupil dilation, or skin con-
ductance rate (for an overview, see Ayres et al., 2021), or behavioral measures such 
as response time or time on task. On the other hand, there are subjective measures 
using self-report scales. In the current study, we are interested in perceived men-
tal effort due to it being a salient cue that learners might experience during their 
self-regulated learning (Bruin et al., 2023). The subjective character usually repre-
sents learners’ self-assessed experience of mental effort and thus provides valuable 
insights into learners’ experiences during learning. A commonly used item in edu-
cational science is the Paas-scale (Paas, 1992), in which learners are asked to judge 
the amount of mental effort they invested on a 9-, 7-, or 5-point Likert scale ranging 
from “very, very low mental effort” to “very, very high mental effort” (for an over-
view see Paas et al., 2003). This scale, proven to be user-friendly, valid, and reliable 
(e.g., Paas et  al., 1994), exhibits even higher construct validity than physiological 
measures, as suggested by the recent review by Ayres et al. (2021).

While the timing of administering these ratings varies in the field, it has been indi-
cated that timing influences the ratings and their predictability of learning outcomes 
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(Schmeck et al., 2015; Van Gog et al., 2012). Compared to an average of mental effort 
ratings administered multiple times during a learning task, a single delayed mental 
effort rating at the end of a series of tasks was higher (Schmeck et al., 2015; Van Gog 
et al., 2012). This suggests that timing or reference level of mental effort ratings influ-
ence the relationship between perceived mental effort and learning outcomes and thus 
the diagnosticity of mental effort as a cue.

Relationship Between Mental Effort, Monitoring, and Learning 
Outcomes

According to models of self-regulated learning (e.g., Panadero, 2017), monitoring 
processes inform regulation processes which in turn affect learning outcomes. Earlier 
research has shown that mental effort is related to monitoring (e.g., Baars et al., 2020) 
which suggests that mental effort can be used as a cue for monitoring. This means that, 
theoretically, mental effort can have an indirect effect on learning outcomes via moni-
toring processes. That is, learners can use their perceived mental effort to make moni-
toring judgments, which in turn affect regulation of learning and learning outcomes.

Evidence exists that mental effort, monitoring judgments, and learning outcomes 
are related in learning tasks. Blissett and colleagues (2018) investigated the trian-
gle between mental effort, monitoring, and learning outcomes in medical reason-
ing. They investigated the cue-utilization of perceived mental effort, how diagnostic 
mental effort is as a cue for monitoring, and the monitoring accuracy of certainty 
judgments. Their findings indicated that mental effort is used as a cue for certainty 
judgments. Furthermore, they identified mental effort as a diagnostic cue: Higher 
perceived mental effort was associated with lower learning outcomes. Addition-
ally, they found that monitoring was moderately accurate as higher certainty was 
related to higher learning outcomes. While this study gives a first insight into the 
relationship between perceived mental effort, monitoring, and learning outcomes, 
it is unclear what this relationship looks like when combining multiple studies and 
when taking into account possible moderators. Knowing to what extent perceived 
mental effort relates to learners’ learning outcomes will indicate whether perceived 
mental effort is a diagnostic cue for learning outcomes and whether and when learn-
ers should use their perceived mental effort as a basis to self-regulate their learn-
ing. Also, to understand the role of mental effort in self-regulated learning, it is 
important to investigate the indirect relationship between mental effort and learn-
ing outcomes via monitoring. Given the specific relationships of interest described 
above and the availability of multiple studies investigating these, a meta-analysis is a 
promising approach to this question.

The Present Study

Using a meta-analytic approach, we investigated the relationship between perceived 
mental effort, monitoring judgments, and learning outcomes. Our goal was to take a 
triangular approach to the cue-utilization framework (De Bruin et  al., 2017; Koriat, 
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1997). Therefore, we specified perceived mental effort as a cue, monitoring of learn-
ing judgments as monitoring judgments, and learning outcomes as an approximation of 
actual learning or performance to understand how they collectively contribute to meta-
cognitive processes. We analyzed the relationships simultaneously by including the 
paths and variables of interest in a comprehensive model. We first tested whether we 
could replicate a medium, negative relationship between perceived mental effort and 
monitoring judgments (i.e., cue-utilization; Baars et al., 2020). We expected a negative 
relationship between mental effort and monitoring judgments (of perceived learning; 
Hypothesis 1). For example, we expected that if a learner judges their perceived mental 
effort to be high, they will judge their perceived learning (reflected by the monitor-
ing judgment) as low. Second, we investigated whether there is a positive relationship 
between monitoring judgments and learning outcomes (i.e., monitoring accuracy). We 
expected a positive relationship between monitoring judgments and learning outcomes 
(Hypothesis 2). For example, we expected that if a learner judges their perceived learn-
ing (reflected by the monitoring judgment) as high, learning outcomes during the task 
would also be high. Third, we wanted to explore whether the relationship between 
perceived mental effort and learning outcomes (i.e., cue diagnosticity) is mediated by 
monitoring judgments. We expected monitoring judgments to mediate the relationship 
between mental effort and learning outcomes (Hypothesis 3) due to the central role of 
monitoring in self-regulated learning. A negative indirect effect (with a negative direct 
effect between perceived mental effort and monitoring judgments and a positive direct 
effect between monitoring judgments and learning outcomes) would indicate that when 
learners experience high mental effort, this is associated with lower feelings of learning 
or confidence, which in turn would also relate to actual lower learning. Furthermore, 
as we expected that certain sample and task characteristics would influence the mag-
nitude of the relationship between mental effort, monitoring judgments, and learning 
outcomes, we conducted various subgroup analyses to investigate moderating effects of 
learners’ level of education, the formulation and timing of mental effort measurements, 
types and timing of monitoring judgments, type of task, task difficulty, and whether 
goal-driven manipulations were used (Hypothesis 4).

Method

Transparency and Openness

We pre-registered our hypotheses, procedure, coding scheme, and analysis plan on the 
Open Science Framework (OSF) website https://​osf.​io/​u4dgt (pre-registration). Our 
data set can be found on OSF via https://​osf.​io/​hc5fk/.

https://osf.io/u4dgt
https://osf.io/hc5fk/
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Inclusion Criteria

1.	 Document type. We included published, peer-reviewed texts as well as unpub-
lished texts that were written in English (i.e., grey literature such as conference 
proceedings, dissertations, and master theses). In addition, unpublished data were 
included.

2.	 Sample size. We only included samples with N > 10 per independent sample to 
make sure to include relatively robust studies. If an article reported multiple 
independent samples, we coded these samples separately.

3.	 Participants. We only included samples of participants who were healthy and had 
no psychological variations (e.g., ADHD, autism) and were not under the influ-
ence of a severe pharmacological or psychological treatment (e.g., drug admin-
istration, induction of stress or mental fatigue, sleep deprivation; e.g., Sugden 
et al., 2012).

4.	 Mental Effort. We focused on perceived mental effort and, therefore, excluded 
studies that only reported other mental effort indicators such as response time, 
time on task, or physiological measures such as pupil dilation (e.g., Huh et al., 
2019; Koriat & Nussinson, 2009).

Method

We only included studies in which the (cor)relation between perceived mental effort, 
monitoring judgments, and learning outcomes and the sample size were reported 
or received after a request via email to the corresponding author. Also, only studies 
were included in which perceived mental effort, monitoring judgments, and learn-
ing outcomes were measured on a quantitative scale in the context of a learning 
outcome of a learning task. Furthermore, perceived mental effort, monitoring, and 
learning outcomes had to be measured in one study or experiment in the same trial 
for the same item or criterion task for a study to be included. Between-subjects con-
ditions were coded separately, but if perceived mental effort, monitoring, and learn-
ing outcomes were measured multiple times under varying conditions for the same 
group of participants (i.e., within-subjects design), we did not code these conditions 
separately but used the mean correlation in our analysis.

Systematic Search Strategy

We searched Maastricht University’s Web of Science (WOS) Core Collection, Pub-
Med, and the CINAHL, ERIC, LISTA, APA PsycInfo, SocINDEX, and OpenDis-
sertations databases within EBSCOhost. The WOS Core Collection included the 
Science Citation Index Expanded (1988–present), Social Sciences Citation Index 
(1988–present), Arts & Humanities Citation Index (1988–present), Conference Pro-
ceedings Citation Index – Science (1990–present), Conference Proceedings Citation 
Index – Social Science & Humanities (1990–present), and the Emerging Sources 
Citation Index (2018–present). We searched the full text of articles and used the 
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following search terms (ALL (“mental effort” OR “perceived effort” OR “subjective 
effort” OR “experienced effort” OR “cognitive effort” OR “cognitive load” OR “men-
tal load” OR “germane load” OR “intrinsic load” OR “extraneous load” OR “work-
ing memory load”)) AND (ALL (monitor* OR “judg* of learning” OR “confidence 
judg*” OR “confidence rating*” OR “metacognit* judg*” OR “latency-confidence” 
OR “perceived learning”)) AND (ALL (learning OR “self regulat*” OR “metacog-
niti*” OR “accuracy” OR “diagnostic*” OR “perform*” OR “learning outcome” OR 
“cue utili*”)). We restricted the results to only including documents published from 
2000 onwards to maintain the relevance of results. Additionally, the influential cue-
utilization framework (Koriat, 1997) underlying the majority of relevant studies was 
published in 1997, which is why we did not expect many relevant studies before 2000. 
Additionally, by limiting our search to include primarily recent research, we antici-
pated a greater homogeneity in the methodologies and technologies used across the 
studies. Our search yielded 1691 total hits, with 735 hits from WOS, 605 hits from 
EBSCO, and 351 hits from PubMed. More details can be found in a PRISMA flow 
chart adapted from Page and colleagues (2021) in the supplementary material.

We applied our inclusion criteria in two steps. First, we screened the articles, 
checking whether the article reported mental effort ratings, monitoring judgments, 
and a learning outcome measure using the website Rayyan.ai (Ouzzani et al., 2016). 
In the second step, we checked the remaining inclusion criteria of the articles that 
measured the three variables.

Included Variables and Effect Sizes

Our key outcome of interest was participants’ learning outcome. We operationalized 
the variable as the actual learning or performance on a learning task, such as the 
number of correct answers on a test (e.g., Mihalca et al., 2017) or number of correct 
solution steps in a problem-solving task (e.g., Baars et al., 2014). The main inde-
pendent variables were perceived mental effort and monitoring judgments. Both var-
iables were measured with self-report items. Perceived mental effort, which usually 
represents learner’s self-assessed experience of mental effort, was usually measured 
using the Paas-scale (Paas, 1992), in which learners are asked to judge the amount 
of mental effort they invested on a 9-, 7-, or 5-point Likert scale ranging from “very, 
very low mental effort” to “very, very high mental effort.” Monitoring judgments, 
which usually are a form of learners’ self-assessment of their learning, such as judg-
ments of learning or confidence ratings, are often measured by asking participants to 
indicate how likely they are to remember studied information on a later test. Often 
these monitoring judgments, such as JOLs, feeling of knowing, or ease of learning 
judgments, are answered by indicating one’s estimated likelihood to later recall the 
information on different scales (e.g., from 1 to 5, 1 to 7, or in percentages from 0 to 
100%; Dunlosky & Metcalfe, 2008). As mentioned above, the type and timing of 
monitoring judgments and perceived mental effort ratings can vary.

To perform the meta-analysis, we collected the Pearson’s correlation coefficient 
between perceived mental effort, monitoring judgments, and learning outcomes as 
reported by other researchers. If a study measured various types of the variables of 
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interest such as ease of learning and JOLs (e.g., Beege et al., 2021), we chose the 
type that was most commonly used in other studies, which were JOLs. We coded 
between-subjects conditions as independent samples (e.g., in the study by Baars 
et al. (2014) the learners in the self-assessment training condition and learners in the 
no self-assessment training condition were coded as separate samples) and coded 
all variables on the task level (i.e., each data point reflected a group of people that 
carried out the same task). If the correlations were not reported in the paper, we 
contacted the corresponding authors. We extracted or received the Pearson’s correla-
tion coefficient and accompanying sample size from 35 papers, with 83 independent 
samples, and 236 effect sizes. The effect sizes consisted of 83 correlations between 
mental effort and monitoring, 77 correlations between monitoring and learning out-
comes, and 76 correlations between effort and learning outcomes. Based on the cor-
relation coefficient and sample size, we estimated the sampling variances with the 
rma.mv function of the metafor package (Viechtbauer, 2010) in R (R Core Team, 
2023).

Coding

Procedure

Table 1 represents the clustering of moderators we used in our analysis. LD, FB, 
MB, and LW coded the moderators and control variables of the articles. To facili-
tate the reproducibility of the coding, we created a detailed coding scheme before 
data extraction. For calibration purposes and to examine the coding scheme’s fit to 
the articles, all coders coded the same five articles. Coding differences were dis-
cussed and resolved, and when necessary, the coding scheme was adjusted or the 

Table 1   Overview of Moderator Variables

The Description column reports all moderator categories that we included in our analysis. To our knowl-
edge, the analytic approach we chose only allows for subgroup analysis, which is why we merged cat-
egories with small numbers of effect sizes per moderator to create two groups. Certain moderators did 
not have enough variability within their categories, which is why we decided against analyzing them. 
The categories and excluded moderators are not included in this table but are described in the main text. 
The number in brackets represents the number of effect sizes in the category and is referred to as k in the 
main text.

Moderator Description (number of studies)

1 Education Higher & Post Education (165); Other levels of education (55)
2 Mental Effort Measurement Mental effort rating (167); Other types of effort ratings (69)
3 Mental Effort Wording Active (166); Other (70)
4 Effort Reference Item-by-item (146); Global task (90)
5 Type of Monitoring JOL (169); Other (67)
6 Monitoring Timing Prospective (157); Concurrent (76)
7 Monitoring Reference Item-by-item (125); Global task (111)
8 Type of Task Problem-solving (98); Other tasks (138)
9 Task Difficulty Not specified (157); Other (79)
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interpretation of coding categories was further clarified. After this calibration phase, 
49 samples (corresponding to 59% of the total data) were coded by two raters to 
estimate the alignment of the coding. To assess inter-rater reliability, we calculated 
Cohen’s k for categorical variables, which ranged from k = 0.30 (fair) to k = 1 (per-
fect) with a mean of k = 0.77 (substantial; Landis & Koch, 1977). After discussing 
the results and coming to an agreement and included additional examples in our 
coding scheme to improve clarity. Our final coding scheme is available at OSF.

Moderators

Level of Education  If reported, we coded the sample’s average level of education 
based on the authors’ categorization. The majority of measurements came from 
samples in higher education (k = 152), followed by 9th grade (k = 26), 8th grade 
(k = 18), postgraduate education (k = 13), 3rd grade (k = 6), and 4th grade (k = 5). 
For 13 effect sizes, no level of education was mentioned (k = 13). If there were par-
ticipants from multiple levels of education included in the study, then we coded the 
level of education of the majority of participants. If participants were spread across 
levels of education, then we coded the sample’s mean level of education. For the 
subgroup analysis, we compared effect sizes from samples within higher or post-
graduate education to samples from all other levels of education.

Mental Effort Measurement  We coded the type of mental effort measurement. The 
majority of measures were conducted using a mental effort rating such as the Paas-
scale (k = 167; Paas, 1992) followed by effort ratings (k = 42), other ratings (k = 22), 
and judgments of difficulty (k = 5). We coded effort ratings as ratings in which learn-
ers were not specifically asked about their mental effort but for example their study 
efforts (e.g., Koriat, 2018). We coded “other” if for example participants were asked 
how tiring an exercise was (e.g., Kirk-Johnson et al., 2019). For the subgroup analy-
sis, we compared effect sizes from samples measured via mental effort measure-
ments to samples measured by all other types of ratings.

Wording of Mental Effort Judgments  We coded the wording of the mental effort 
measurement. The majority of measurements used active wording (k = 166). We 
coded the wording as active if the formulation would suggest that the learner had 
agency over his effort expenditure (Koriat et al., 2014a, b), such as “investing” or 
“putting”. If the authors mentioned having used the Paas-scale from 1992, this was 
coded as active as the Paas-scale uses the formulation “invest”. Passive (k = 42) 
would be words that indicate that the learner did not have agency but that the task 
requirements were guiding the effort expenditure (Koriat et al., 2014a, b), such as 
“requiring” or “costing”. For the remaining measures (k = 28), the wording was not 
specified. For the subgroup analysis, we compared effect sizes from samples meas-
ured with active wording compared to samples measured via passive or not specified 
wording.
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Reference of Mental Effort Judgments  We coded to which level the mental effort 
rating referred. The majority of the effort judgments referred to an item (k = 146), 
meaning that the judgments were made for different items of a task. In 90 cases, the 
judgments were made on a global task level (k = 90).

Types of Monitoring Judgments  Based on the authors’ categorization, we coded 
what kind of monitoring judgments were measured. The majority of studies used 
judgments of learning (k = 169), followed by confidence ratings (k = 46), and other 
types of judgments (k = 21), such as a learner’s self-assessment (e.g., Baars & 
Wijnia, 2018). For the subgroup analysis, we compared effect sizes measured with 
JOLs compared to all other types of judgments.

Timing of Monitoring Judgments  We coded the timing of monitoring judgments. 
We coded judgments as prospective if the judgments of learning/performance 
occurred prior to performing the task that was judged (i.e., predictions; k = 157). 
We coded judgments as concurrent if judgments were made during the task that was 
judged (k = 76). We coded judgments as retrospective if judgments were made after 
completing the entire task that was judged (k = 3). For the subgroup analysis, we 
compared effect sizes measured with prospective judgments compared to concurrent 
judgments.

Reference of Monitoring Judgments  We coded to which level the monitoring 
judgment referred. The majority of the monitoring judgments referred to an item 
(k = 125), meaning that the judgments were made for different items of a task. In 111 
cases, the judgments were made on a global task level (k = 111).

Type of Task  We coded the type of tasks participants had to work on. The major-
ity of tasks were problem-solving tasks (k = 98), followed by other types of tasks 
(k = 55), text comprehension tasks (k = 45), image learning tasks (k = 30), and word 
learning tasks (k = 8). For the subgroup analysis, we compared effect sizes measured 
during problem-solving tasks compared to effect sizes measured during all other 
types of tasks.

Task Difficulty  Based on the authors’ categorization, we coded the task difficulty. 
In the majority of cases, task difficulty was not specified (k = 157), in 56 cases the 
authors indicated using varying levels of difficulty (k = 56), followed by difficult 
tasks (k = 15), other levels of difficulty (k = 5), or easy tasks (k = 3). For the subgroup 
analysis, we compared effect sizes measured during tasks with not specified task dif-
ficulty, compared to effect sizes measured during all other types of task difficulty.

Goal‑Driven Manipulations  We coded to what extent goal-driven manipula-
tions were used. The majority of cases did not include goal-driven manipulations 
(k = 220). In 16 cases, a goal-driven manipulation was present (k = 16). Examples 
of goal-driven manipulations were, whether there was a time limit/time pressure to 
conduct a task (e.g., Koriat, 2018), if researchers tried to promote learner’s sense of 
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agency (e.g., Koriat et al., 2014a, b), or tried to promote learner’s effort investment 
(via, for example, instructions; e.g., Onan et al., 2023).

Analytic Approach

We used a meta-analytic structural equation model (MASEM) to analyze our data. 
All analyses were performed using RStudio (Version 4.2.1; RStudio Team, 2023). 
As articles reported multiple studies with multiple samples, our data had a nested 
structure. We considered this dependency by following the WPL approach (Stol-
wijk et al., 2022; Van den Noortgate et al., 2013; Wilson et al., 2016). Using this 
approach, we first estimated the synthesized correlation matrix using a three-level 
hierarchical model. First, to account for dependency amongst effect sizes within 
each article, we included the article number in our random effects structure. This 
level assumes that scores within one article can be more similar than scores from 
other articles. Second, to account for a dependency amongst scores within the same 
sample, we included the sample ID. This level assumes that scores within one sam-
ple are more similar than scores across samples. Third, we added a unique identifier 
of each task within each independent sample to our random-effects structure. Due to 
the limited number of articles that reported effect sizes from multiple studies (k = 8), 
we did not specify this as an additional level. Thus, our random-effects structure was 
specified as “ ~ 1 | ArticleID/SampleID/MeasureID.”

Similar to Stolwijk et  al. (2022), we used a random-effects-no-intercept model 
with maximum likelihood estimation to compute the unadjusted synthesized corre-
lation coefficients for the pooled correlation matrix using the metafor package (Ver-
sion 4.2.0; Viechtbauer, 2010). We then used this pooled correlation matrix as well 
as the asymptotic covariance matrix for the Stage 2 analysis.

Based on our hypothesized model, we first specified a full mediation model 
with mental effort as predictor, monitoring as mediator, and learning outcomes as 
outcome variable. We then compared the model fit to a partial mediation model. 
We assessed model fit by comparing the models using the chi-squared difference 
test (Δχ2), considering a significance level of α = 0.05 to indicate a substantial 
difference between the two models. Furthermore, we used additional fit indices 
like RMSEA and CFI. RMSEA values and their 95% confidence intervals were 
interpreted following the benchmarks for acceptable (RMSEA ≤ 0.08) and good 
(RMSEA ≤ 0.05) model fit by Hu & Bentler (1998). CFI values exceeding 0.95 sug-
gest a reasonable fit (Schermelleh-Engel et al., 2003). We conducted our moderator 
analysis, by using the subgroup analysis approach (Jak & Cheung, 2018) to inves-
tigate for each moderator separately whether the parameter estimates differed per 
subgroup. We did the Stage 2 analysis and the moderator analyses via the metaSEM 
package (Version 1.3.0; Cheung, 2015).

We interpreted the magnitude of our effect sizes following the rule of thumb by 
Keith (2015) who established this based on their expertise of effects on learning out-
comes. For the direct effects, we considered betas above 0.05 as small, betas above 
0.10 as moderate, and betas above 0.25 as large. We interpreted the size of indirect 
effects by considering that indirect effects are the product of two small, moderate, or 
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large effects. This consideration leads to values of 0.052 = 0.003 (small), 0.102 = 0.01 
(moderate), and 0.252 = 0.063 (large) for interpreting the magnitude of the indirect 
effects.

Deviations from Pre‑Registration

We initially planned to use a one-stage meta-analytic structural equation 
(OMASEM) mediation model (Jak et  al., 2021) to test the mediation path model. 
To our knowledge, the OMASEM approach does not allow the inclusion of multiple 
effect sizes per sample since we can then no longer assume independence between 
effect sizes. Therefore, in cases of multiple effect sizes of the same sample (i.e., 
within-subjects design), we planned on aggregating the effect sizes to a mean effect 
size. In case of separate effect sizes for non-overlapping subsamples (i.e., between-
subjects design), we planned to treat them as separate studies in the analysis and 
thus ignore dependency. However, Stolwijk et al. (2022) proposed a superior method 
to deal with dependency (i.e., the multilevel approach) which can be used by fol-
lowing a two-stage meta-analytic structural equation mediation model. We thus, 
followed that approach, which allowed us to take into account the non-overlapping 
subsamples.

Furthermore, we planned to analyze the moderator goal-driven manipulations. 
However, it turned out that, in most studies, there was no goal-driven manipulation 
(k = 220). Only 16 measures were taken under a goal-driven manipulation. There-
fore, we decided against analyzing this moderator.

Additionally, we coded whether a regulation strategy was used in the included 
studies and planned to explore the relationship between mental effort, monitor-
ing judgments, and regulation strategies. Using the same analysis approach as for 
our first research question, we intended to specify mental effort as the predictor, 
monitoring judgments as the mediator, and instead of learning outcomes, regula-
tion behavior as outcome variable. Due to the low number of studies that measured 
regulation behavior (k = 12), we did not analyze this relationship or the exploratory 
moderator type of regulation strategy.

Results

Study Descriptives

The current sample consisted of data from 35 manuscripts, with 83 independent 
samples, 236 effect sizes, and a total sample size of N = 3973. Of the studies, 97.1% 
reported multiple effect sizes. Most studies were conducted in Europe (k = 154), 
followed by Asia (k = 26), North America (k = 23), online (k = 21), and Australia 
(k = 12). The median age of the overall sample was Mdn = 22.32, with ages ranging 
from 9 to 70.8 years.
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Main Analyses

To investigate our first three research questions, we specified a full mediation 
model as well as a partial mediation model with perceived mental effort as predic-
tor, monitoring judgments as mediator, and learning outcomes as outcome variable. 
We specified the direct paths between mental effort and monitoring judgments and 
monitoring judgments and learning outcomes. Additionally, we specified the indi-
rect effect from mental effort to learning outcomes via monitoring judgments. For 
the partial mediation model, we added the direct effect between mental effort and 
learning outcomes (for the differences between the models, please see Figs. 1 and 
2). The results of the partial mediation model are included in Fig.  1. The model 
suggests a negative, statistically significant parameter estimate between mental 
effort and monitoring judgments β = -0.22, 95% LBCI [-0.30; -0.13], a positive, sta-
tistically significant parameter estimate between monitoring judgments and learn-
ing outcomes β = 0.23, 95% LBCI [0.13; 0.34], and a negative, statistically non-sig-
nificant parameter estimate between mental effort and learning outcomes β = -0.07, 
95% LBCI [-0.16; 0.02]. The goodness of fit indices of the model indicate that 
the model is saturated and overfitted and should thus be interpreted with caution, 
χ2(0) = 0, p = 0.00, with a RMSEA of 0.00, 95% CI [0.00; 0.00], and the CFI of 
1. Due to the saturated partial mediation model, we specified a more parsimoni-
ous full mediation model, with the direct paths between mental effort and monitor-
ing judgments and monitoring judgments and learning outcomes. Additionally, we 
specified the indirect effect from mental effort to learning outcomes via monitor-
ing judgments. The χ2 of the hypothesized full mediation model was statistically 
non-significant, χ2(1) = 2.57, p = 0.1, so the null hypothesis of exact fit cannot be 
rejected. Also, the RMSEA of 0.01, 95% CI [0.000; 0.051], and the CFI of 0.98 
indicated a close approximate fit of the model.

Fig. 1   Partial Mediation Model. The figure presents the partial mediation model, which was not indi-
cated as having a significantly better fit compared to the more parsimonious full mediation model. The 
standardized regression coefficients of the direct effects specified in the model are indicated
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Model comparison showed non-significant differences between the full and par-
tial mediation model, suggesting that the saturated partial mediation model was not 
a significantly better fit than the more parsimonious full mediation model, and we 
thus continued our analysis with the full mediation model (see Fig. 2). In support of 
Hypothesis 1, a negative parameter estimate between mental effort and monitoring 
judgments was found β = -0.19, 95% LBCI [-0.27; -0.12], indicating that with each 
unit increase in perceived mental effort, monitoring judgments decrease by 0.19 
units on average. In support of Hypothesis 2, a positive parameter estimate between 
monitoring judgments and learning outcomes was found β = 0.29, 95% LBCI [0.22; 
0.36], indicating that with each unit increase in monitoring judgments, learning out-
comes increased by 0.29 units on average. In support of Hypothesis 3, represent-
ing the indirect effect between mental effort and learning outcomes via monitoring 
judgments, a negative parameter estimate was found β = -0.05, 95% LBCI [-0.08; 
-0.03]. This indicates that one unit increase in perceived mental effort, on average, 
was associated with a 0.05 unit decrease in learning outcomes due to the negative 
effect of perceived mental effort on monitoring judgments, which, in turn, positively 
related to learners’ learning outcomes. Based on the 95% likelihood-based confi-
dence intervals, which did not include 0 for all three coefficients, we concluded that 
all effects were significantly different from 0 with p < 0.05.

Moderator Analysis

We conducted various moderator analyses using subgroup analysis with educa-
tion (higher and postgraduate education vs other types of education), mental effort 
measurement (mental effort ratings vs other types of ratings), mental effort wording 
(active wordings vs other wordings), effort reference (item-by-item level vs global 

Fig. 2   Full Mediation Model. The figure presents the full mediation model, which was indicated as hav-
ing good fit indices while not being overfitted. The standardized regression coefficients of the direct 
effects specified in the model are indicated. Additionally, the indirect effect between mental effort and 
learning outcomes was specified in the full mediation model and is represented with the dashed arrow. 
All three paths were significant at p < 0.05
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task level), type of monitoring (JOL vs other types of monitoring), monitoring tim-
ing (prospective vs concurrent), type of task (problem-solving vs other types of 
tasks), and task difficulty (not specified vs other difficulty levels) as moderators. We 
used the full mediation model and investigated whether the subgroup analysis would 
reveal significant differences in regression coefficients across groups.

Our subgroup analysis revealed no significant differences for any of the modera-
tors at p < 0.05. The regression coefficients and their corresponding 95% likelihood-
based confidence intervals from the full mediation model ran per subgroup can be 
found in Table 2.

Publication Bias Analysis

We evaluated publication bias using a three-level funnel plot of all effect sizes 
(Fernández-Castilla et  al., 2020). The funnel plot below (Fig.  3) displays the col-
lected effect sizes against their measurement precision, in this case, the standard 
error. Visual inspections of the plot reveal an asymmetric shape as there are for 
example few studies with a larger, negative effect size and larger standard error, 
which indicates that there could potentially be selection or publication bias. We 
investigated this further by conducting a p-curve analysis using the p-curve app 
(Version 4.06; Simonsohn et  al., 2014). Via this analysis, it is possible to investi-
gate the likelihood of the findings underlying a true effect or if they are a result of 
selective reporting. The p-curve represents the distribution of statistically significant 
p-values (p < 0.05). Right-skewed p-curves suggest that included studies contain 
more low (e.g., 0.01  s) than high (e.g., 0.04  s) significant p-values and thus pro-
vide diagnostic evidence of the presence of evidential value for a true effect. The 
results of the p-curve analysis showed that the distributions of effects underlying the 
correlations between perceived mental effort, monitoring judgments, and learning 
outcomes were right-skewed (Fig. 4a; perceived mental effort and monitoring judge-
ments, binomial test p < 0.001, continuous test: Z = -19.31, p < 0.001; Fig. 4b, moni-
toring judgements and learning outcomes, binomial test p < 0.001, continuous test: 
Z = -13.74, p < 0.001; Fig. 4c, perceived mental effort and learning outcomes, bino-
mial test p < 0.001, continuous test: Z = -8.53, p < 0.001). The p-curves thus indicate 
evidential value underlying the relationships.

Discussion

In the current study, we aimed to investigate the relationship between perceived 
mental effort, monitoring judgments, and learning outcomes using a meta-analytic 
approach. Based on our model comparison, the more parsimonious full mediation 
model compared to the partial mediation model indicated good fit indices while not 
being overfitted. Thus, we based our results on the full mediation model. In line with 
Hypothesis 1, we found a moderate, negative association between perceived mental 
effort and monitoring judgments (β = -0.19). This indicates that if a learner judges 
their perceived mental effort to be high, they will judge their perceived learning 
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Table 2   Results Moderator Analysis

Moderator Subgroup Relationship β 95% LBCI

Education Higher/Post Education Effort-Monitoring -0.19 [-0.28; -0.10]
Monitoring-Learning outcome 0.29 [0.21; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Other Education Effort-Monitoring -0.23 [-0.31; -0.15]
Monitoring-Learning outcome 0.26 [0.17; 0.35]
Effort-Learning outcome (Indi-

rect)
-0.06 [-0.09; -0.03]

Effort Measurement Mental effort ratings Effort-Monitoring -0.19 [-0.28; -0.11]
Monitoring-Learning outcome 0.29 [0.21; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Other effort ratings Effort-Monitoring -0.19 [-0.34; -0.04]
Monitoring-Learning outcome 0.29 [0.16; 0.43]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.10; -0.01]

Effort Wording Active Effort-Monitoring -0.18 [-0.28; -0.08]
Monitoring-Learning outcome 0.30 [0.21; 0.39]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Other wording Effort-Monitoring -0.19 [-0.31; -0.07]
Monitoring-Learning outcome 0.29 [0.19; 0.40]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.09; -0.02]

Effort Reference Item-by-item Effort-Monitoring -0.20 [-0.29; -0.11]
Monitoring-Learning outcome 0.29 [0.20; 0.38]
Effort-Learning outcome (Indi-

rect)
-0.06 [-0.08; -0.03]

Global task Effort-Monitoring -0.18 [-0.31; -0.05]
Monitoring-Learning outcome 0.30 [0.20; 0.41]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.09; -0.02]

Monitoring Type JOL Effort-Monitoring -0.19 [-0.28; -0.09]
Monitoring-Learning outcome 0.30 [0.22; 0.38]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Other types Effort-Monitoring -0.22 [-0.31; -0.12]
Monitoring-Learning outcome 0.28 [0.19; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.06 [-0.09; -0.03]

Monitoring Timing Prospective Effort-Monitoring -0.19 [-0.29; -0.08]
Monitoring-Learning outcome 0.30 [0.21; 0.39]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Concurrent Effort-Monitoring -0.22 [-0.32; -0.12]
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(reflected by their monitoring judgment) as low. This indicates that perceived men-
tal effort is potentially used as a cue and aligns with earlier research (Baars et al., 
2020). In line with Hypothesis 2, we found a large, positive relationship between 
monitoring judgments and learning outcomes (β = 0.29). This indicates that if a 
learner judges their perceived learning (reflected by their monitoring judgment) 
as high, their learning outcomes during the task would also be higher. Similarly to 
Blissett et al. (2018), we would still interpret this as low to moderate accuracy when 
monitoring one’s learning due to the beta coefficient. However, this interpretation of 
magnitude should be regarded with caution as relative metacomprehensive accuracy 
is typically judged via the Gamma or Pearson correlation coefficients (for a recent 
meta-analysis on relative metacomprehension accuracy, see Prinz et al., 2020a). In 
line with Hypothesis 3, we found a significant negative, moderate-sized indirect 

Table 2   (continued)

Moderator Subgroup Relationship β 95% LBCI

Monitoring-Learning outcome 0.27 [0.18; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.06 [-0.09; -0.03]

Monitoring Reference Item-by-item Effort-Monitoring -0.21 [-0.30; -0.13]
Monitoring-Learning outcome 0.28 [0.19; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.06 [-0.09; -0.03]

Global task Effort-Monitoring -0.17 [-0.28; -0.05]
Monitoring-Learning outcome 0.31 [0.21; 0.41]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.02]

Task Type Problem-solving Effort-Monitoring -0.18 [-0.28; -0.08]
Monitoring-Learning outcome 0.30 [0.22; 0.39]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.02]

Other task types Effort-Monitoring -0.19 [-0.29; -0.10]
Monitoring-Learning outcome 0.29 [0.21; 0.38]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Task difficulty Not specified Effort-Monitoring -0.20 [-0.29; -0.10]
Monitoring-Learning outcome 0.29 [0.21; 0.37]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.08; -0.03]

Other levels difficulty Effort-Monitoring -0.19 [-0.32; -0.06]
Monitoring-Learning outcome 0.29 [0.17; 0.42]
Effort-Learning outcome (Indi-

rect)
-0.05 [-0.10; -0.02]

In the table, the standardized regression coefficient and their corresponding 95% likelihood-based confi-
dence interval are displayed. These coefficients were based on the full mediation model that was run for 
each of the subgroups separately and then compared for statistically significant differences in their effects
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association between perceived mental effort and learning outcomes (β = -0.05), 
which was mediated by monitoring judgments. This suggests that when learners 
perceive higher levels of mental effort, their learning outcomes tend to decrease 
as mediated by monitoring judgments, indicating the important role of monitoring 
judgments in explaining the relationship between perceived mental effort and learn-
ing outcomes. These findings imply that learners use their perceptions of invested 
mental effort as a cue when monitoring learning, while the significant indirect nega-
tive effect between effort and learning outcomes indicates that mental effort might 
be indirectly related to actual learning outcomes. More specifically, the negative 
indirect effect seems to indicate that when learners experience high mental effort, 
this is associated with lower feelings of learning or confidence, which in turn relates 
to actual lower learning. When learners experience lower mental effort, this is asso-
ciated with higher feelings of learning or confidence, which in turn relates to higher 
actual learning. This suggests that when learners perceive high mental effort, they 
seem to score lower on the learning outcomes. In line with the cue-utilization per-
spective, our findings suggest that learners judged their learning outcomes relatively 
accurately (due to the positive direct effect between monitoring judgments and 
learning outcomes) to be lower (due to the negative direct effect between perceived 
mental effort and monitoring judgment) when they experienced high mental effort.

Fig. 3   Funnel Plot of all Effect Sizes. The figure shows a funnel plot displaying the collected effect sizes 
against their standard error
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The lack of a statistically significant direct relationship between perceived mental 
effort and learning outcomes could be explained by cognitive load theory (Sweller 
et  al., 1998, 2019). As introduced earlier, the relationship between mental effort 
and learning outcomes could be positive when task requirements meet the learner’s 
working memory capacity and the cognitive effort necessary for processing and inte-
grating information is directly relevant to learning. When the mental effort required 
for a learning task exceeds this capacity, learning is hampered and the relationship 
between mental effort and learning outcomes becomes negative. In addition, it might 
be that in some instances learners’ perceived high mental effort is due to factors 
such as suboptimal task design, a distracting environment, less effective strategies, 
or incorrect strategy utilization, which are not conducive to effective learning. When 

Fig. 4   P-Curve Analysis of the Effect Sizes per Relationship. P-curve analysis of studies on the relation-
ship between mental effort, monitoring judgments, and learning outcomes presenting the distribution of 
significant p-values. a Analysis of the correlations between mental effort and monitoring judgments. The 
observed p-curve includes 47 statistically significant (p < 0.05) results, of which 41 are p < 0.025. There 
were 36 additional results entered but excluded from the p-curve because they were p > 0.05. b Analysis 
of the correlations between monitoring judgments and learning outcomes. The observed p-curve includes 
36 statistically significant (p < 0.05) results, of which 31 are p < 0.025. There were 41 additional results 
entered but excluded from the p-curve because they were p > 0.05. c Analysis of the correlations between 
mental effort and learning outcomes. The observed p-curve includes 31 statistically significant (p < 0.05) 
results, of which 26 are p < 0.025. There were 45 additional results entered but excluded from the p-curve 
because they were p > 0.05
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learners experience high mental effort due to such non-learning conducive factors 
(i.e., high extraneous load; Paas & Van Merriënboer, 1994), we would anticipate the 
relationship between mental effort and learning outcomes to be different compared 
to instances in which task design is optimal, the environment is distraction-free, and 
learners employ correct learning/problem-solving strategies. Future research could 
investigate to what extent task design and strategy use play a role in the relationships 
between mental effort, monitoring judgments, and learning outcomes.

Another factor, which could potentially explain the statistically non-significant 
direct relationship between mental effort and learning outcomes, is that the studies 
included in this meta-analysis might have been too heterogeneous in their approxi-
mation of mental effort and/or load. Although we did not find evidence for this in 
our subgroup analysis, it could be that the use of different self-report questions and 
formulations hereof might have caused too much noise to detect a significant rela-
tion or by measuring extraneous and germane load at the same time and combining 
them to indicate load (e.g., Schleinschok et al., 2017).

When investigating the direct relationships between perceived mental effort, cer-
tainty as the monitoring judgment, and learning outcomes, Blissett and colleagues 
(2018) found a significant negative relationship between mental effort and monitor-
ing (β =  -0.37) and a significant positive relationship between monitoring and learn-
ing outcomes (β = 0.34). The results from our study extend these findings by discov-
ering similar results across different settings, tasks, and populations. Additionally, 
they found a significant negative relationship between mental effort and learning 
outcomes (β =  -0.17) which they interpreted as mental effort being diagnostic due to 
its predictive value for learning outcomes. Our model comparison showed non-sig-
nificant differences between the full and partial mediation model, suggesting that the 
saturated partial mediation model with a direct effect from mental effort to learning 
outcomes was not a significantly better fit than the more parsimonious full media-
tion model. Extending the findings from Blissett and colleagues (2018), our findings 
suggest evidence for an indirect rather than a direct effect between mental effort and 
learning outcomes, mediated by monitoring judgments.

Our data seem to support the idea that effort is used as a cue for monitoring even 
though it is not directly related to learning outcomes, highlighting the importance 
of metacognition during learners’ self-regulated learning. As perceived mental 
effort seems to be used as a cue, it is important to teach students how to interpret 
their mental effort experience correctly and use it adequately when monitoring their 
learning. Our findings show that learners tend to interpret it as negatively related to 
learning when in reality this is not necessarily the case. Additionally, the mediation 
pathway between mental effort and learning outcomes through monitoring indicates 
a potentially important role that monitoring has in linking perceived mental effort to 
actual learning outcomes. Incorporating and further exploring this mediation mech-
anism into self-regulated learning models could further enhance our understanding 
of the on-task experiences learners have and how these relate to their actual learning 
outcomes.

To counteract learners’ low metacognitive skills, instructional approaches that 
support learners in aligning their perceived effort and perceptions of learning 
with their actual learning, are necessary. Generative strategies such as generating 
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keywords, summaries, or diagrams when learners are required to read a text, have 
been suggested to facilitate learners’ monitoring accuracy by providing learners 
with more salient access to more diagnostic cues (Prinz et  al., 2020b). Educators 
could for example try to integrate such strategies to facilitate learners’ calibrations 
of their perceived learning. Furthermore, providing learners with feedback on their 
actual learning outcomes could help them to gain a deeper understanding of their 
actual learning and the corresponding on-task experiences (De Bruin et al., 2023).

Alternatively, to increase monitoring accuracy, it might be important to refrain 
from asking learners to rate their mental effort, to reduce the use of effort as a cue 
for monitoring. While there is unpublished data by Raaijmakers et al., (2023), which 
indicates that the order of mental effort and monitoring judgment administration 
does not influence learners’ ratings, it might be that the specific combination of per-
ceived mental effort ratings and monitoring judgments could cause changes in moni-
toring judgments compared to situations in which only monitoring judgments are 
administered.

Hoch and colleagues (2023) who examined the predictive value of mental effort, 
task difficulty, and confidence appraisals for performance, found that compared to 
effort appraisals, confidence, and difficulty appraisals demonstrated stronger asso-
ciations with performance. They concluded that mental effort appraisals reflect 
fluency and might thus not serve as reliable predictors of actual performance and 
instead are misleading (Hoch et al., 2023). These findings suggest that monitoring 
judgments instead of mental effort might be more reliable predictors of learning suc-
cess and could thus potentially serve as a more reliable cue when for example taking 
a regulatory decision.

However, there are also situations during which effort is diagnostic of learn-
ing outcomes, but this diagnosticity could still be misleading. For example, in the 
case of desirable difficulties (i.e., learning conditions that are experienced as effort-
ful while also enhancing learning and long-term retention; Bjork & Bjork, 2011) 
learners often misinterpret this higher mental effort as a cue for low learning which 
biases learners to lower judgments of their learning and to choose learning strate-
gies that require less mental effort (Hui et al., 2022; Kirk-Johnson et al., 2019; Onan 
et  al., 2022). Also, when using desirable difficulties, initial learning can be lower 
compared to other learning strategies. For example, when using retrieval practice 
compared to re-study, the beneficial effects can become evident only after a few days 
(Karpicke & Roediger, 2008; Nunes & Karpicke, 2015). This means that immediate 
learning outcomes can sometimes be lower while effort is higher compared to an 
ineffective learning strategy. Even though immediate perceptions of effort during the 
learning task would not be diagnostic in this case, it is important to consider poten-
tial delayed learning effects as the cue diagnosticity of mental effort may become 
apparent after a delay. Learners might benefit from interventions that address this 
paradox and thus be able to regulate their learning accordingly (De Bruin et  al., 
2023). Future studies should investigate whether or not mental effort is a diagnos-
tic cue for delayed compared to immediate learning outcomes. This could also be 
meaningful in order to gain a better understanding of how mental effort and moni-
toring relate to learning outcomes. In our analysis, we considered the relationships 
between mental effort, monitoring judgments, and immediate learning outcomes. 
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Immediate learning outcomes, however, might not be the best approximation for 
long-term learning, thus limiting the interpretation of our results. More specifically, 
the fact that monitoring judgments are positively associated with immediate learn-
ing outcomes does not necessarily mean that they are also positively related to long-
term learning. The studies included in this meta-analysis commonly measured learn-
ing outcomes immediately after a learning task or after a short delay. Furthermore, 
if transfer was included, this was usually a near-transfer task. Due to the lack of 
temporal changes and far-transfer tasks captured in the included studies, we can-
not differentiate between performance and learning as suggested by Soderstom and 
Bjork (2015) as we do not know whether the changes in behavior/knowledge were 
permanent. Future research should investigate to what extent perceived mental effort 
and monitoring judgments relate to long-term learning.

Surprisingly, our moderator analysis revealed no significant differences across 
subgroups. More specifically, the moderators education, mental effort measurement, 
mental effort wording, effort reference, type of monitoring, monitoring timing, mon-
itoring reference, and type of task or task difficulty did not significantly moderate the 
relationships between mental effort, monitoring judgments, and learning outcomes. 
This finding contrasts with previous findings such as the meta-analysis by Baars 
and colleagues (2020), who found timing of monitoring judgment, type of task, and 
goal-driven manipulations significantly moderated the relationship between mental 
effort and monitoring. While we were not able to assess the moderator goal-driven 
manipulations due to the small number of goal-driven manipulations in our sample, 
we did not find a significant difference in the magnitude of effect sizes for timing of 
monitoring judgment or type of task.

A potential reason for these different findings might be the statistical analysis 
approach used. Using a multilevel meta-analytic structural equation model, we con-
ducted a subgroup analysis and thus investigated whether the effect sizes in the 
full mediation model were statistically different amongst samples from two differ-
ent subgroups. We did not test the moderating influence of the variables on the 
separate paths. To our knowledge, using a multilevel meta-analytic structural equa-
tion model with subgroup analysis is currently the best way to examine the influ-
ence of moderating variables in a two-stage model (Jak & Cheung, 2018). Further-
more, another potential reason for this incongruence in findings compared to earlier 
work could be the limited number of studies we were able to include in our analysis 
or a lack of variability within our moderators. Additionally, Baars and colleagues 
(2020) did not focus on perceived mental effort as measured by self-report items 
only but also took (mental) effort indicators such as response time or time on task 
into account. This broader perspective on (mental) effort might have caused the 
difference in results. In the present study, we focused on perceived mental effort 
as a more subjective representation of effort compared to a more objective opera-
tionalization, via for example time on task, for two reasons. During self-regulated 
learning, learners often need to regulate their effort investment. In order to do so, 
they need to monitor their effort. As learners usually do not have direct access 
to the mental effort they invested during a task, they infer the amount of mental 
effort based on subjective experiences of effort (De Bruin et al., 2023). Therefore, 
in the context of self-regulated learning, perceived mental effort seemed a more 
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appropriate operationalization compared to a more objective one. A second rea-
son was to avoid ambiguity between learning outcomes and effort measures. While 
for example time on task is sometimes operationalized as an indication of mental 
effort, it is also often used as a learning outcome measure. To avoid this ambiguity, 
we focused on perceived mental effort only. Future studies could investigate this 
further by testing whether the current findings extend to studies employing other 
operationalization of (mental) effort such as study time. Such an approach might 
also be interesting in light of the previously raised point that the specific combina-
tion of perceived mental effort ratings and monitoring judgments could potentially 
cause changes in monitoring judgments compared to situations in which only moni-
toring judgments are administered. However, unpublished data indicates that the 
order of administration seems to not influence mental effort ratings or monitoring 
judgments (Raaijmakers et al., 2023).

Limitations and Future Studies

The current study has various limitations, which should be taken into consideration 
when interpreting these findings. First, the effect sizes used in our study were purely 
correlational, thus limiting our ability to establish causal relationships. In line with 
the cue-utilization framework (Koriat, 1997), we theorized directional paths from 
mental effort to monitoring, from monitoring to learning outcomes, and from men-
tal effort to learning outcomes. While our study contributes to an increased under-
standing of the associations across diverse studies, the observed correlations do 
not confirm the directionality or causality of these relationships. For example, we 
cannot exclude the fact that the relationships between some of the variables are 
reversed. More specifically, it might be the case, that in some instances perceived 
mental effort and monitoring judgments are influenced by learning outcomes. Raai-
jmakers and colleagues (2017) found that performance feedback influenced learn-
ers’ perceptions of their invested effort. While we cannot exclude this reversed 
directionality, the majority of studies included in this meta-analysis did not provide 
learners with access to their actual learning outcomes, and commonly mental effort 
judgments and monitoring judgments were asked prior to the learning outcome 
measure. In order to gain more insight into the causal relationships between mental 
effort, monitoring, and learning outcomes, future research could manipulate learn-
ers’ experience of their perceived mental effort or their monitoring which would 
allow for causal inference and would thus be essential in validating the directional-
ity of the proposed relationships within the cue-utilization framework. Additionally, 
it is important to acknowledge the current lack of comprehensive understanding 
regarding optimal strategies to assist learners in effectively monitoring and regulat-
ing their learning. We argue that accurate monitoring is a requirement for effective 
self-regulated learning. However, research suggests, that accurate monitoring does 
not necessarily mean that learners will actually engage in (beneficial) regulation. 
For example, prompting learners to monitor their understanding or informing them 
about the dangers of inaccurate monitoring does not necessarily lead to improved 
learning outcomes (Berthold et al., 2007; Nückles et al., 2020; Roelle et al., 2017). 
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This suggests that even if learners are able to accurately monitor their learning, 
they will not necessarily engage in effective self-regulation due to for example the 
additional mental effort that is required but not available to regulate effectively (De 
Bruin et al., 2023).

Furthermore, due to the correlational nature of the data, it might be the case 
that an underlying third variable such as motivation influences the associations 
between mental effort, monitoring judgments, and learning outcomes. Research 
has shown that motivational profiles were related to monitoring accuracy and 
learning outcomes after self-regulated learning skills training (Baars & Wijnia, 
2018; Wijnia & Baars, 2021). Specifically, results showed that learners with 
higher-quality motivation obtained better scores on monitoring accuracy and 
problem-solving tasks after the intervention. Results further suggested that 
participants with lower-quality motivation perceived the learning task as more 
effortful than students with higher-quality motivation. Therefore, individual dif-
ferences in learners’ motivation could potentially serve as a third variable influ-
encing the observed correlations. Depending on learners’ motivation, they might 
experience increased mental effort and more accurate monitoring of their learn-
ing processes. Additionally, motivational profiles might independently contrib-
ute to enhance their learning outcomes. As we did not have access to learners’ 
motivation, we cannot rule out the possibility that the observed associations 
may be confounded by, for example, learners’ motivation. Future research could 
incorporate measures of motivation or manipulate motivation for a more nuanced 
understanding of the relationships between mental effort, monitoring, and actual 
learning outcomes. Moreover, in order to gain more insight into the causal rela-
tionships between mental effort, monitoring, and learning outcomes, future 
research could manipulate learners’ experience of their perceived mental effort 
or their monitoring which would allow for causal inference and would thus be 
essential in validating the directionality of the proposed relationships within the 
cue-utilization framework.

Second, we included a relatively small number of studies in our analysis. While 
there is no common cut-off score of minimum number of studies necessary to apply 
meta-analytic structural equation modeling, it is suggested to include a sufficient 
number of studies to ensure the reliability and generalizability of the meta-analytic 
findings. A small number of studies might limit the statistical power and precision 
of the analysis, making it challenging to draw meaningful conclusions. Addition-
ally, the studies we selected for our meta-analysis stem from a particular intersec-
tion of research into metacognition and cognitive load theory. It is possible that this 
intersection excluded certain research lines or paradigms, where, e.g., measures of 
effort are not typically used. The conclusions drawn regarding the relationships of 
interest are situated within these frameworks and while providing valuable insights 
within this theoretical context, their generalizability to broader educational settings 
or other fields of research might therefore be limited. Future studies should investi-
gate the relationships further and consolidate our findings.

Third, the role of the moderators that were tested in the current study needs fur-
ther investigation. We were not able to replicate previous meta-analytic findings, 
which identify moderating effects of certain types of tasks and timing of judgments. 
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Potential reasons for this include the lack of variability in our moderators or the lim-
ited sample size. Future research is necessary to disentangle the effects moderators 
might have on the relationships between mental effort, monitoring judgments, and 
learning outcomes.

Fourth, we have restricted the publication period of studies eligible for our meta-
analysis and only included studies published in the year 2000 or thereafter. We 
decided to do so to maintain the contemporary relevance of results, to increase the 
likelihood of homogeneity in the studies’ employed methodology and technology, 
and because the influential cue-utilization framework (Koriat, 1997) underlying the 
majority of relevant studies was published in 1997, which is why we did not expect 
many relevant studies before 2000. However, in restricting the publication period 
we might have biased our selected sample and missed influential studies published 
before the year 2000.

Conclusion

In the current study, we investigated the association between mental effort, moni-
toring, and learning outcomes using a meta-analytic approach. The results indi-
cate a negative association between mental effort and monitoring judgments, a 
positive association between monitoring judgments and learning outcomes, and 
a significant indirect association between mental effort and learning outcomes 
mediated by monitoring judgments. Surprisingly, our subgroup analysis did not 
reveal any significant differences across moderators. These findings suggest that 
mental effort is used as a cue for monitoring judgments and is only indirectly 
related to immediate learning outcomes via monitoring judgments. We did not 
find evidence that these relationships were influenced by certain task or learner 
characteristics.
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