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Abstract
Students often misjudge their understanding of learning material, which can lead to 
the use of ineffective learning strategies and result in suboptimal learning outcomes. 
However, it remains unclear how misjudgments relate to the use of metacogni-
tive strategies in online learning settings, which is essential context for develop-
ing effective interventions that support students in making (and using) accurate 
judgments of their performance. To address this, we analyze data from 210 col-
lege students using a computer-based learning environment, investigating the rela-
tionships among calibration discrepancy, judgments, and strategies, as well as the 
factors affecting shifts in metacognitive judgments during learning. Students who 
overestimated their pretest retrospective judgments engaged less in metacognitive 
strategies, particularly in preparatory actions before quizzes (b = -9.100, p < .001). 
Notably, pretest retrospective judgments—rather than actual pretest scores—sig-
nificantly predicted students’ engagement in these metacognitive strategies (b = 
-9.841, p < .001). Furthermore, increased engagement in repeated quiz-taking was a 
significant negative predictor of changes in metacognitive judgments (b = -1.792, 
p = .036), indicating that students engaging in repeated quizzes tended to adjust their 
judgments more conservatively. These results highlight the role of pretest retrospec-
tive judgments in shaping engagement with metacognitive strategies, underscoring 
the importance of correcting early calibration discrepancies. Our findings advocate 
for early, proactive metacognitive support tools that go beyond merely presenting 
information, offering guidance on interpreting feedback, and implementing strate-
gies to better align students’ judgments with their actual performance.
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Introduction

Metacognition, often described as thinking about one’s thinking, encompasses essen-
tial cognitive activities such as planning, monitoring, reflecting, and evaluating one’s 
learning strategies and knowledge (Dunlosky & Metcalfe, 2009; Flavell, 1979). 
The significance of metacognitive skills in enhancing learning outcomes is well-
documented (Acosta-Gonzaga & Ramirez-Arellano, 2021; Dumford & Miller, 2018; 
Stanton et al., 2021; Van Der Stel & Veenman, 2014). Particularly in online learning 
environments—where students are expected to independently navigate their learn-
ing—accurately judging one’s own knowledge and continuously adjusting learning 
strategies based on self-assessment becomes especially important (Broadbent & 
Poon, 2015; Kizilcec et al., 2017; Sorgenfrei & Smolnik, 2016).

A common metric used to assess how accurately one can judge their own knowl-
edge or learning performance is known as metacognitive calibration (Alexander, 
2013; Pieschl, 2009; Winne & Azevedo, 2014). In other words, metacognitive cali-
bration refers to the degree to which students’ self-assessments align with external 
assessments, such as test scores (Stone, 2000). Calibration is context-dependent and 
can be influenced by factors such as task difficulty (Boud et al., 2013; Nietfeld et al., 
2005). Having accurate metacognitive calibration is crucial, since it enables students 
to allocate their time and effort appropriately; students can focus on learning new or 
challenging material while spending less time on topics they know they have already 
mastered (Chou et al., 2015). Such strategic allocation of time and study resources 
likely contributes to the positive correlation observed between metacognitive calibra-
tion and learning outcomes (Kelemen et al., 2007; Lin & Zabrucky, 1998; Wiley et 
al., 2005).

Despite the significance of metacognitive calibration, students often struggle to 
accurately assess their own performance (Bol & Hacker, 2001; Chen, 2003). This cal-
ibration discrepancy, where students make inaccurate judgments of their knowledge, 
can lead to ineffective learning strategies and hinder academic progress (Klassen, 
2002). The challenges students face in self-assessing their understanding are particu-
larly pronounced in online learning environments (Bringula et al., 2021), where lim-
ited external feedback can exacerbate the issue (Chou & Zou, 2020). Online learners 
often miss out on real-time interactions with instructors and peers, which are crucial 
elements for evaluating performance. This lack of external reinforcement and guid-
ance can widen the gap between students’ perceived and actual performance, leading 
to overestimation or underestimation of their knowledge and skills (Bol et al., 2005). 
Such discrepancies may result in neglecting areas needing improvement or over-
studying familiar concepts.

Overestimation of one’s knowledge is especially concerning because students fre-
quently exhibit overconfidence when assessing their performance (Helzer & Dunning, 
2012; Saenz et al., 2017). Overconfidence often leads students to adopt ineffective 
learning strategies and reduce time and effort devoted to studying, resulting in sub-
optimal learning outcomes (Aghababyan et al., 2017; Dunlosky & Rawson, 2012). 
Research has also identified a notable disparity in metacognitive calibration between 
low- and high-achieving students (Pennycook et al., 2017). Typically, low achievers 
exhibit more overconfidence—a phenomenon known as the Dunning–Kruger effect 
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(Kruger & Dunning, 1999). In contrast, high-achieving students often have better 
calibration (Harris et al., 2009), though they can sometimes exhibit underconfidence 
despite their superior actual performance (Hacker & Bol, 2004).

Given these concerns, numerous forms of interventions have emerged to improve 
students’ metacognitive calibration (Bol & Hacker, 2001; Foster et al., 2017; Mor-
phew, 2021; Nederhand et al., 2019), but the effectiveness of these interventions has 
been inconsistent (Saenz et al., 2019). For example, Emory and Luo (2022) discov-
ered that metacognitive monitoring interventions did not enhance the calibration of 
community college students in online learning environments, underscoring the need 
for more targeted studies on the effectiveness of calibration training tools in online 
learning settings, especially for diverse student groups like those in community col-
leges. Moreover, tools supporting metacognitive calibration are predicated on the 
assumption that improved calibration leads to enhanced learning outcomes. There-
fore, a typical strategy used in these interventions involves providing learners with 
feedback after assessments to highlight the differences between students’ perceived 
performance and their actual performance, aiming to raise awareness of inaccuracies 
in their self-assessment skills (Foster et al., 2017; Hacker et al., 2000).

While recognizing the precision of one’s judgment is crucial, the practice of pro-
viding students with feedback on performance discrepancies post-assessment pri-
marily aims to correct superficial errors in their metacognitive evaluations. Further, 
this approach often fails to encourage students to reflect on and address the strate-
gies that might have contributed to performance discrepancies. Dunlosky and Thiede 
(2013) further highlighted that providing accurate performance information alone 
(e.g., student-facing dashboards) does not automatically translate into deeper cogni-
tive processing or improved learning strategies. Likewise, one of the fundamental 
gaps in performance information interventions is their inability to provide students 
with insights into why and how calibration discrepancy impacts students’ subsequent 
engagement in learning behaviors, leading to potential suboptimal learning outcomes 
in online learning settings.

To overcome these limitations in post-assessment feedback regarding perfor-
mance discrepancies from metacognitive interventions, it is necessary to uncover 
the relationships between calibration discrepancy (i.e., inaccurate judgments of 
one’s performance), metacognitive judgments (i.e., one’s perceived performance), 
and the subsequent engagement in metacognitive strategies. Understanding these 
relationships could support the development of calibration intervention tools which 
can go beyond mere identification of inaccuracies, guiding students to modify their 
learning strategies effectively to counterbalance and correct their pretest calibration 
discrepancies.

In this paper, we explore the relationship between pretest calibration discrepancy 
(i.e., at the beginning of a learning session) and the application of metacognitive 
skills in computer-based learning environments. We further look into how each initial 
actual and predicted grade relates to students’ subsequent engagement in metacogni-
tive strategies. Subsequently, we investigate how patterns of self-regulated learning 
(SRL)-relevant behaviors and other behavioral measures, such as the total num-
ber of topic transitions, serve as predictors for changes in students’ metacognitive 
judgments.
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Theoretical Models of Metacognition

Metacognition, defined as the awareness of one’s cognitive processes (Flavell, 1979), 
is a higher-order thinking skill (Livingston, 2003). Metacognition encompasses a set 
of skills that enable learners to not only determine adequate learning strategies for 
various tasks but also continually assess their own knowledge and understanding 
(Dunlosky & Metcalfe, 2009). At its core, metacognition involves the regulation and 
monitoring of one’s cognitive processes and awareness of one’s own thought pro-
cesses (Cheng & Chan, 2021; Nelson, 1990). Although cognition and metacognition 
are related, they differ in that cognition involves activities like information process-
ing, problem-solving, and reasoning, whereas metacognition refers to the higher-
order regulation and monitoring of these cognitive processes (Winne & Azevedo, 
2014). Further, metacognition is a key component of SRL, which is known to be a 
critical element for academic success (Efklides, 2011; Panadero, 2017; Zimmerman 
& Moylan, 2009).

The concept of metacognition is multifaceted, with numerous models proposed 
for its understanding. Flavell’s model of metacognition identifies four elements: 
metacognitive knowledge, experience, cognitive goals, and cognitive strategies (Fla-
vell, 1979). Metacognitive knowledge, in particular, refers to an individual’s under-
standing of personal, task, and strategy variables, encompassing self-awareness and 
insights about specific tasks and the strategies to approach them. Therefore, students 
with metacognitive knowledge are aware of their own beliefs, tasks, and strategies 
on how to approach a task. Metacognitive experience refers to the feelings that arise 
during the cognitive process. Flavell described that the four metacognitive ele-
ments—knowledge, experience, goals, and strategies—engage with each other in a 
joint process.

Brown (1987) defined metacognition as comprising two primary elements: cogni-
tive knowledge and cognitive regulation. In this model, knowledge about cognition 
and regulation of cognition are interdependent, engaging in a recursive relationship. 
Cognitive regulation involves overseeing cognitive activities, including planning, 
monitoring, and evaluating. Schraw and Dennison (1994) echoed Brown’s model by 
also subcategorizing metacognition into knowledge of cognition and regulation of 
cognition. However, Schraw and Dennison diverged in their detailed breakdown of 
knowledge of cognition, categorizing it into specific types: declarative, procedural, 
and conditional knowledge. Subsequent conceptualizations of metacognition, such 
as those proposed by Pintrich et al. (2000) and Efklides (2008), offer further insights 
to understand elements of metacognition. Pintrich et al. (2000) conceptualized meta-
cognition involving three main components: (i) metacognitive knowledge, (ii) meta-
cognitive judgment and monitoring, and (iii) self-regulation and control. In Pintrich’s 
model, metacognitive judgment and monitoring correspond to one of the metacogni-
tive elements in Flavell’s model: specifically, metacognitive experience. Metacogni-
tive judgments and monitoring, unlike the static nature of metacognitive knowledge, 
are dynamic and process-oriented, reflecting students’ metacognitive awareness and 
their activities while performing tasks.

Efklides (2008) advanced a conceptualization of metacognition encompassing 
three key elements: metacognitive knowledge, experience, and skills. In Efklides’s 
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model of metacognition, metacognitive knowledge encompasses information regard-
ing persons, tasks, strategies and goals (Efklides, 2008). Metacognitive experiences, 
distinct from metacognitive knowledge, serve as a bridge between cognitive and 
emotional regulation. According to Efklides, metacognitive experiences manifest as 
metacognitive judgments/estimates, feelings, and task-specific knowledge in real-
time (Efklides, 2001, 2006a). Therefore, when students make a prediction of their 
own knowledge (i.e., metacognitive judgment), they are engaging in metacognitive 
experience. On the other hand, metacognitive skills pertain to the intentional appli-
cation of strategies for cognitive control. These metacognitive skills encompass a 
range of strategies, including planning, regulating cognitive processes, monitoring, 
and evaluating the results of task execution.

In the conceptual frameworks of metacognition developed by Flavell, Pintrich, and 
Efklides, metacognitive experience is identified as a separate and distinct element. 
Scholars agree that both metacognitive knowledge and experiences are two major 
elements of metacognition (Veenman et al., 2006). Although metacognitive experi-
ence is not identified as a separate main component in the models of Brown (1987), 
Schraw, and Dennison (Schraw & Dennison, 1994), it is considered as an essen-
tial skill within the metacognitive monitoring aspect of the metacognitive regulation 
component in their models (Zhao & Ye, 2020). Building on such insights, Efklides 
specifically highlighted the need for increased attention to metacognitive experience, 
pointing out the pivotal role of metacognitive experiences not only in metacognition 
but also in facilitating students’ self-regulated learning (Efklides, 2006a, b, 2009).

Measuring Metacognitive Judgment, Metacognitive Skills, and Calibration 
Discrepancy

In online learning environments, accurately assessing the numerous dimensions of 
metacognition, including metacognitive judgment, skills, and calibration discrep-
ancy, becomes critical for both understanding and enhancing learning. Compre-
hensive metacognition measurement is essential to grasp how students regulate and 
evaluate their learning processes in online learning environments. However, the pre-
cise classification of metacognitive calibration within the broader spectrum of meta-
cognition—and thus its measurement—is not yet universally agreed upon (Akturk & 
Sahin, 2011). Despite this, researchers agree that calibration is a skill of metacogni-
tive monitoring (Veenman et al., 2006), which refers to an individual’s awareness 
of their cognitive processes, such as comprehension or task performance (Zhao & 
Ye, 2020). While metacognitive monitoring judgments refer to students’ subjective 
evaluations (e.g., confidence ratings or judgments of learning), monitoring accuracy 
reflects how well those judgments correspond to actual performance, with calibra-
tion representing one specific measure of monitoring accuracy. From this viewpoint, 
calibration reflects the degree to which students’ self-perceived performance aligns 
with their actual performance.

Therefore, metacognitive (mis)calibration has typically been measured by taking 
the difference between a student’s perceived performance on an assessment and their 
actual performance (Emory & Luo, 2022; Pesout & Nietfeld, 2021). Additionally, 
measuring changes in metacognitive judgment is valuable for assessing how engage-
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ment with educational content and feedback (i.e., results from taking the quiz) during 
the learning session might alter students’ self-perceived understanding and mastery 
of the material. Understanding these changes can provide insights into how students’ 
self-perceptions evolve through the learning process. Specifically, examining fac-
tors—such as engaging in specific learning patterns—associated with these changes 
can offer valuable insights into what could potentially shape shifts in students’ meta-
cognitive judgments.

Expanding from this focus on metacognitive calibration, the measurement of stu-
dents’ metacognitive strategies emerges as a similarly challenging task (Greene & 
Azevedo, 2010). Metacognitive strategies, a common facet of SRL, can manifest in 
numerous ways, involving a variety of learning strategies (Mitsea & Drigas, 2019). 
For instance, metacognitive strategies could encompass planning and monitoring 
one’s learning strategies (Akturk & Sahin, 2011; Dunlosky & Thiede, 2013; Rivas 
et al., 2022). The complexity of measuring metacognitive strategies necessitates not 
only identifying various strategies but also understanding how they unfold over time 
(Azevedo, 2014). Researchers highlighted the importance of considering the tem-
poral and sequential aspects when it comes to measuring SRL strategies (Molenaar 
& Järvelä, 2014). Particularly, incorporating temporality into understanding SRL 
emphasizes the dynamic nature of SRL, underscoring how SRL strategies evolve and 
adapt over time.

Consequently, the advent of computer-based learning environments enabled 
researchers to analyze the interaction log trace data generated by online learning 
platforms, providing a means to measure SRL events in real-time. Real-time data 
present a valuable opportunity to assess the use of metacognitive strategies, uncov-
ering patterns of learning behavior. Thus, researchers adopted numerous temporal 
measures of SRL strategies in computer-based learning environments (Saint et al., 
2022). Some data-driven approaches include process mining (Bogarín et al., 2018; 
Sobocinski et al., 2017), epistemic network analysis (Paquette et al., 2021), lag-
sequential analyses (Kuvalja et al., 2014), and constrained sequential pattern discov-
ery (Wong et al., 2019; Liu & Moon, 2023). Moreover, there exist approaches such as 
coherence analysis (CA) (Segedy et al., 2015) which provides a more theory-driven 
approach to measuring and understanding students’ use of metacognitive strategies. 
CA is a method that evaluates metacognitive strategies by examining the sequential 
alignment of students’ learning actions within online learning contexts (Segedy et 
al., 2015). In particular, CA examines how learning activities are sequentially con-
nected in a way that indicates metacognitive strategies such as self-reflection and 
planning, shedding light on how students apply metacognition to navigate their learn-
ing processes.

Coherent actions do not have to occur in sequence, yet it is crucial to limit the 
time gap between the learning activities to be considered as coherent. In the context 
of Betty’s Brain, prior research found that students generally employed information 
within five minutes of encountering it. Specifically, Segedy et al. (2015) found that 
coherent actions within five-minute timeframe showed a positive correlation with 
assessment scores during an online learning session and overall learning improve-
ments throughout the entire learning session. Measuring metacognitive strategies via 
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CA can be adapted to quantify various facets of students’ use of metacognitive strate-
gies, tailored to specific learning settings and research contexts.

Several studies leveraged CA to measure students’ use of metacognitive strategies 
in computer-based learning environments. For instance, Bosch et al. (2021) inves-
tigated the connections between verbalized metacognition and learning, confusion, 
and metacognitive problem-solving strategies. Zhang et al. (2020) initially employed 
CA in a computer-based learning environment called Betty’s Brain to examine the 
relationship between confusion and metacognitive strategies. Building on this, their 
subsequent study Zhang et al. (2022) further utilized CA to explore the evolution 
of metacognitive strategy use, advancing the understanding of how metacognitive 
strategy use develops over time. Through a blend of data-driven and theory-driven 
approaches, researchers developed a multifaceted understanding of how students 
employ metacognitive strategies within computer-based learning environments. This 
comprehensive approach to measurement is crucial for accurately capturing and sup-
porting students’ metacognitive strategy use, ultimately enhancing their learning 
outcomes.

In this study, we use CA to measure students’ use of metacognitive strategies by 
analyzing the temporal and sequential alignment of their learning actions captured 
through trace data. Although various approaches exist for assessing metacognitive 
strategy use (Azevedo, 2015; Veenman & van Cleef, 2019; Winne & Perry, 2000), CA 
is particularly well-suited for our context. CA has been employed in prior research to 
capture metacognitive behaviors in short-term, online learning environments (Bosch 
et al., 2021; Segedy et al., 2015; Zhang et al., 2022)—settings similar to ours, given 
the constrained scope and duration of the learning tasks in our study.

Interventions Supporting Metacognitive Calibration

Numerous studies have examined the relationships between various facets of meta-
cognition and academic performance (Abdelrahman, 2020; Aloqleh & Teh, 2019; 
Avargil et al., 2018; Coutinho, 2007; Jalili et al., 2018; Narang & Saini, 2013; Prad-
han & Das, 2021; Taraban et al., 2000; Wagener, 2016; Ward & Butler, 2019). Addi-
tional research measured the connections between metacognition and numerous 
learning strategies. For instance, Zhou (2023) discovered a moderate positive corre-
lation (r =.42) between university students’ metacognitive calibration and their online 
information search performance scores. Kubik et al. (2022) found that judgments of 
learning with incomplete information, such as presenting partial cues or word stems, 
can stimulate covert retrieval attempts, where individuals internally try to recall infor-
mation without manifesting it externally (e.g., through speech or writing). Miller and 
Geraci (2011) explored the relationship between students’ metacognitive judgment 
(i.e., exam predictions) and their confidence and found that low-performing students 
exhibited lower confidence compared to their high-performing peers. Moreover, 
Zhao and Ye (2020) investigated the impact of metacognitive calibration accuracy on 
assignments in online learning environment, finding that students with better calibra-
tion performed more effectively on both assignments and exams, although the time 
spent on assignments did not directly influence their performance. Sun et al. (2021) 
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found positive correlations between students’ metacognitive experience and their test 
scores for English as a foreign language.

In computer-based online learning settings, the positive relationship between 
metacognitive strategies and academic performance underscores the importance of 
metacognitive strategies for successful learning (Cho & Heron, 2015; Goradia & 
Bugarcic, 2017; Tsai et al., 2018). However, the inherent challenge in computer-based 
environments stems from the requirement for learners to demonstrate a higher degree 
of metacognitive skills and independence, which places a significant demand on stu-
dents’ self-regulatory abilities. While it is common for students to face challenges 
in accurately evaluating their own performance, calibration discrepancy is often not 
an indication of incompetence but rather a result of insufficient support or practice. 
However, evidence suggests that with appropriate support and guidance, students 
can improve their metacognitive calibration abilities (Abdelrahman, 2020; Urban & 
Urban, 2019). Consequently, a range of interventions have been developed to assist 
students in better self-evaluating and calibrating their knowledge both in online and 
traditional classroom environments (Foster et al., 2017; Hacker et al., 2000; Nietfeld 
et al., 2006; Saenz et al., 2017; Urban & Urban, 2019). However, the effectiveness of 
interventions has been inconsistent, reflecting the complexity and diversity of chal-
lenges encountered in educational contexts, including in online settings.

Among metacognitive calibration interventions, one common approach is provid-
ing feedback to students on the discrepancy between their expected grades and their 
actual performance on assessments. While feedback-oriented interventions might 
be beneficial for students to correct their calibration discrepancies in some cases, 
with only the information on their actual assessment score students may struggle 
to make meaningful adjustments. For instance, Foster et al. (2017) found that stu-
dents’ calibration accuracy did not improve upon receiving feedback on their esti-
mated and actual test performance. On the other hand, Urban and Urban (2019) found 
that students showed improvements in calibration after receiving a combination of 
approaches (i.e., SRL training, peer evaluation and calibration feedback). Further, 
Saenz et al. (2017) compared the effectiveness of five different calibration-support-
ing interventions: (i) review (reviewing test questions and performance grade pre-
dictions), (ii) salient feedback (which entailed clear feedback on performance and 
prediction accuracy), (iii) motivation warning lecture (an educational session about 
personal motivations and academic information’s role in prediction accuracy), (iv) 
incentives (students were given the chance to receive $50 for making accurate pre-
dictions), and (v) reflective practices (students had to reflect on their predictions for 
an extended period receiving no feedback). Saenz et al. (2017) discovered that only 
the motivation warning lecture and salient feedback improved students’ prediction 
accuracies. Likewise, there is a need for more targeted studies on the development 
of tools that effectively support metacognitive skills, particularly in online learning 
environments (Azevedo et al., 2022). There is significant potential for these calibra-
tion interventions to become more comprehensive, yet further research is needed to 
explore the interconnections among various facets of metacognition. For instance, 
insights into how students adjust their learning strategies based on their metacogni-
tive judgments could enrich current feedback-oriented interventions by providing 
more targeted guidance on engagement in effective learning strategies.
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Overview of the Study

Despite significant progress in understanding metacognition in learning (Tsai et al., 
2018; Zhou, 2023), there remains much to be explored regarding how key metacogni-
tive elements—calibration, judgment, and strategies—interact within computer-based 
learning environments. Prior studies showed that students whose metacognitive cali-
bration is relatively accurate tend to achieve higher learning outcomes (Dunlosky & 
Rawson, 2012; Hacker et al., 2000; Nietfeld et al., 2005). Although only a few stud-
ies explored why calibration accuracy translates into better academic performance, 
existing evidence suggests that students who overestimate their knowledge often fail 
to recognize when self-regulatory strategies are needed, tend to ignore feedback, and 
are less likely to take corrective actions in goal-setting practices (Hadwin & Web-
ster, 2013; Hattie, 2013). Although a limited number of semester-long studies linked 
calibration inaccuracy to later strategy use (e.g., Hadwin & Webster, 2013, for goal-
setting), little empirical evidence addresses whether the same relationship holds in 
shorter, computer-based learning environments, which are becoming an increasingly 
common mode of instruction.

Additionally, high-performing students tend to engage more frequently in meta-
cognitive strategies such as self-testing, planning, and monitoring (Miller & Ger-
aci, 2011). These students adapt and adjust their learning strategies during learning, 
which may partly explain their frequent use of metacognitive strategies. However, 
these students often underestimate their performance—a pattern related to the Dun-
ning-Kruger effect—suggesting that they are more conservative in evaluating their 
own knowledge. This conservatism may further prompt high-performing students to 
engage in strategies that support continuous self-assessment and regulation. Students’ 
perceived performance may serve as an immediate driver of metacognitive strategy 
use. While prior studies have shown that what students believe they know directly 
influences their study choices (Metcalfe & Finn, 2008), these findings were primarily 
drawn from in-person settings involving college students. It remains underexplored 
whether similar patterns hold in computer-based learning environments. Investigat-
ing this question is particularly important in digital learning contexts, where early 
detection of learners’ confidence levels could enable educational systems to deliver 
timely, targeted interventions that foster effective metacognitive strategy use and, 
ultimately, enhance learning outcomes.

Moreover, research shows that opportunities for self-evaluation can improve meta-
cognitive calibration over time (e.g., Osterhage et al., 2019; Boud et al., 2013), and 
increased self-assessment may even lead to underconfidence in students’ judgments 
(Koriat et al., 2002). However, most of these findings come from semester-long, 
in-person courses. Therefore, additional empirical evidence is needed to establish 
whether these patterns extend to computer-based learning environments. Zhao and 
Ye (2020) emphasized that while numerous studies focused on the role of metacogni-
tive calibration in predicting student learning outcomes, the majority were conducted 
in controlled laboratory environments with simulated tasks (Thiede et al., 2003). 
Additionally, Zhao and Ye (2020) pointed out a significant gap in research exploring 
metacognitive calibration in natural learning settings, especially in online learning 
environments at the university level.
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Motivated by these gaps in literature, we focus on three research questions: the 
first two examine the relationship between students’ calibration discrepancy and 
judgments, and their application of metacognitive strategies in subsequent learn-
ing sessions. The last research question investigates whether SRL patterns and other 
behavioral measures can predict changes in metacognitive judgments. RQ1 investi-
gates the relationship between students’ pretest calibration discrepancies—defined 
as the difference between their predicted (guessed pretest) scores and actual pretest 
scores—and their subsequent engagement in using metacognitive strategies. This 
question seeks to understand how students’ overconfidence or underconfidence, as 
evidenced by this difference, predicts their approach to learning. While RQ1 offers 
insights into the impact of calibration discrepancy on subsequent metacognitive strat-
egy use, it does not dissect the individual components of calibration discrepancy—
namely, students’ pretest retrospective judgment and their actual performance. This 
limitation prompts our second research question, which aims to unpack these ele-
ments separately.

Therefore, RQ2 examines the individual components of calibration discrepancy, 
focusing on the independent relationships between students’ pretest retrospective 
judgment, their actual performance, and their usage of metacognitive strategies. 
Lastly, in RQ3, we explore how certain SRL patterns and behavioral measures pre-
dict changes in students’ metacognitive judgments, thereby providing insights into 
the specific factors influencing this shift in metacognitive judgments.

In sum, we answer the following research questions:

	● RQ1. How do students’ pretest calibration discrepancies relate to their use of 
metacognitive strategies?

	 H1. We hypothesize that higher levels of pretest calibration discrepancy will be 
associated with less frequent use of metacognitive strategies. Specifically, over-
confident students are less likely to engage in reflective or regulatory learning 
behaviors, consistent with prior studies showing that such students often fail to 
recognize when self-regulatory strategies are needed, tend to ignore feedback, 
and are less likely to take corrective actions (Hadwin & Webster, 2013; Hattie, 
2013).

	● RQ2. How are students’ pretest retrospective judgments and actual performances 
separately related to their metacognitive strategy use?

	 H2. We hypothesize that students’ actual performance will be positively associ-
ated with metacognitive strategy use, whereas pretest retrospective judgments 
will not show a significant relationship. This hypothesis is based on prior studies 
which showed that high-performing students tend to engage more frequently in 
metacognitive strategy use (Miller & Geraci, 2011; Zimmerman, 1989).

	● RQ3. How do SRL-relevant learning patterns, number of topic changes, and 
number of activity measures predict changes in students’ metacognitive judg-
ments?

	 H3. We hypothesize that SRL-relevant learning patterns involving self-assess-
ment (e.g., taking a quiz in this study), along with the number of activity meas-
ures, will be negative predictors of changes in students’ metacognitive judgments. 
That is, students who frequently engage in self-evaluations and demonstrate fre-
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quent engagement with learning activities are expected to show a decrease in 
their perceptions of how much they learned, in line with prior work (Koriat et al., 
2002). This may be because such behaviors provide opportunities for students 
to assess their understanding, increasing their awareness of knowledge gaps and 
leading them to make more conservative predictions of their performance.

Method

Participants

We collected behavioral trace data and survey responses from a total of 210 college 
students who learned four distinct subtopics of statistics through a web-based learn-
ing environment that we developed. Our sampling approach was twofold: first, we 
recruited 112 students from a large, public research university located in the Midwest 
of the United States. These students, who were enrolled locally, were given course 
credit for their participation in the study. Second, we used Prolific, a digital crowd-
sourcing platform that provides access to a pool of students from various U.S. col-
leges and universities (Peer et al., 2021). Prolific offers the option to filter participants 
based on several criteria, including demographic factors. For our study, we limited 
our participant criteria to include only undergraduate students from either two-year 
or four-year institutions, including both community colleges and universities. This 
second group comprised 98 students, each of whom received $15 in compensation.

We provide the self-reported demographic data of our participants to describe the 
diversity within the sample, although demographic variables were not included in 
our analysis. The sample characteristics are fundamental in establishing the extent to 
which findings from meta-analytic research, which may include studies like this one, 
can be generalized. The local sample (n = 112) was composed of 56.3% White, 25.0% 
Asian, 8.0% Black, 8.0% Latinx/Hispanic, and 2.7% grouped for anonymity; 74.1% 
female, 23.2% male, and 2.7% other genders grouped for anonymity. The Prolific 
sample (n = 98) consisted of 55.2% White, 16.3% Asian, 12.2% Black, 11.2% Latinx/
Hispanic, and 5.1% grouped for anonymity; 44.9% female, 44.9% male, and 10.2% 
other genders grouped for anonymity. The Prolific sample represented students from 
62 unique colleges/universities, including 11 community colleges.

Online Learning System Settings

We used a self-guided, web-based online learning system that we developed in a 
prior study (Lee & Bosch, 2024), which allowed students to navigate learning con-
tent at their own pace. The source code for the system is publicly available at ​h​t​t​p​s​
:​​/​/​o​s​f​​.​i​o​/​j​9​​h​7​4​/​​?​v​i​e​w​​_​o​n​l​y​​=​a​9​3​f​7​​b​3​6​4​​9​4​1​4​b​2​8​8​9​3​3​c​c​7​3​f​b​1​8​8​7​9​5. The system was 
optimized for desktop or laptop use, and participants were instructed to use these 
devices. This system recorded students’ trace data at the activity level, capturing each 
interaction (e.g., navigation events, quiz answers) with associated timestamps. The 
self-paced online learning system included four distinct, illustratively presented sub-
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topics with associated icons (Fig. 1). No formal navigation training was provided, 
as findings from our in-person think-aloud usability study (N = 5) indicated that all 
students were able to navigate the system without difficulty. Specifically, participants 
were able to access each learning activity by clicking labeled icons, and the interface 
did not include any complex features that required additional training.

Each subtopic module included one reading, quiz, set of worked examples, and 
summary. Participants received instructions indicating that they would study intro-
ductory statistics for 60 min by freely engaging with four types of learning activities 
before beginning the study. Students were not required to complete studying all sub-
topics during the learning session, nor all parts of each subtopic, as the system was 
open-ended. Additionally, the system allowed students to revisit and complete any 
activity multiple times, catering to their individual learning needs and preferences. 
Each module comprised four distinct learning activities: reading, quizzes, examples, 
and summaries.

All learning content used in the four learning activities was adapted from two 
main sources: (1) Statistics: The Art and Science of Learning from Data, 3rd edition, 
by Alan Agresti and Christine Franklin (Pearson Education, 2013), and (2) publicly 
available instructional content from the Pennsylvania State University’s STAT 200 
course. The content from both sources was developed for an introductory-level sta-
tistics audience and was adapted to match the readability level appropriate for college 
students without prior statistics experience—the target population of our study. All 
materials consisted primarily of text with static images and diagrams, some of which 
were adapted from the same textbook by Agresti and Franklin.

Students had the flexibility to decide the order of learning activities that they 
wanted to complete, irrespective of the subtopic. Every activity served a distinct 
learning purpose. The reading activity, typically four to six pages per subtopic, pro-

Fig. 1  Screenshot showing the learning software’s main menu (top) alongside an illustration of a stu-
dent’s attempt at an incorrect quiz question (bottom)
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vided comprehensive information about the subject matter. The quiz, consisting of 
around 10 questions, allowed students to assess their understanding of the material 
by taking it as many times as they wished. Incorrect answers were flagged, but the 
correct answers were not revealed to promote students’ self-guided learning. The 
examples provided more than just correct answers to example questions; they dem-
onstrated the proper problem-solving methods. Finally, the summary provided a con-
cise recap of each module’s essential learning materials, allowing students to review 
each subtopic’s content quickly.

Study Procedure

The study required students to complete surveys and participate in a focused 60-min-
ute learning session on four subtopics in introductory statistics. Before participation, 
students filled out a consent form (approved, along with all other study procedures, 
by our institutional review board). Students then completed a demographic survey, 
collecting information on race, gender, first-generation status, and other sensitive 
attributes. After completing the survey, students took a pretest consisting of 12 
required multiple-choice questions designed to assess their prior knowledge of the 
topics covered in the subsequent learning session. Following the pretest, students 
were asked to estimate their score (0–100%) to reflect on what they thought they 
had achieved on the pretest, which was used to measure their pretest retrospective 
judgments. Students were not informed of their actual pretest scores after making 
these estimates. Students then began a self-paced learning session to study at their 
own pace, during which a timer was visible to show the remaining time, which only 
counted down when there was active interaction with the system, to promote focus 
and engagement. After the learning session, students took a posttest on the material 
they had studied. As with the pretest, students were asked to estimate their posttest 
score (0–100%), reflecting on what they thought they had achieved on the posttest to 
measure their posttest retrospective judgments.

Pretests and posttests were designed to be as similar as possible in both difficulty 
and subtopic coverage. We created two interchangeable versions of the test, labeled 
A and B, which could be used as either pretests or posttests. Although we intended 
the tests to be identical in difficulty and content coverage, we also implemented a 
counterbalanced test ordering to account for any potential differences. Students were 
randomly assigned one of two test orders: those in version A took test A as the pretest 
and test B as the posttest, while students in version B had the order reversed.

The test items reflected a mix of recall, comprehension, and application. Questions 
involving calculations (e.g., calculating means or medians) assessed application-
level skills, while items focused on conceptual definitions in introductory statistics 
assessed recall and comprehension. Both the pretest and posttest consisted of 12 
multiple-choice questions, with three questions aligned to each of the four subtopics 
to ensure balanced content coverage. To establish content validity for the pretest and 
posttest, four content experts (i.e., individuals with substantial post-graduate training 
in statistics) were asked to match randomly shuffled questions from Tests A and B, 
which were used interchangeably as pretests and posttests, based on the statistical 
concepts each question assessed. All four experts achieved 100% accuracy in this 
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matching task, indicating that the two test forms measured equivalent knowledge. 
We direct readers to our prior study (Lee & Bosch, 2024), which provides a detailed 
explanation of how the pretest and posttest were comparable in both difficulty and 
subtopic representation, along with the full set of test questions.

Data and Variable Measurements

The variables in our study were derived from students’ behavioral trace data, recorded 
by the online learning system. Some variables directly reflected students’ responses, 
such as metacognitive judgments, while others, related to student learning behav-
ior—such as the use of metacognitive and SRL strategies—were measured using 
CA. In this context, CA was operationalized by analyzing the sequential alignment of 
students’ learning activities. We identified two coherent activities (i.e., coherent quiz 
and reading) that signify specific metacognitive strategies. Further details on these 
measurement methods are provided in this section.

Metacognitive Judgment, Calibration Discrepancy, and Changes in Metacognitive 
Judgments

We constructed three metacognitive metrics: metacognitive judgment, calibration 
discrepancy, and change in metacognitive judgment. Pretest (i.e., before the learning 
session) and posttest (i.e., after the learning session) metacognitive judgment repre-
sents students’ perceived understanding or beliefs about their own knowledge of the 
material before engaging in the learning session. This metric was measured by asking 
students to estimate their pretest and posttest scores as percentages, within a range 
of 0 to 100% (i.e., “What do you think your grade will be on the test you just took? 
(0–100%)”). Pretest calibration discrepancy quantifies the discrepancy between stu-
dents’ perceived performance (pretest retrospective judgment) and their actual per-
formance on the pretest. To measure students’ pretest calibration discrepancy, we 
subtracted students’ actual pretest scores from their estimated scores (i.e., pretest 
retrospective judgments), using this difference as a measure for pretest calibration 
discrepancy. This discrepancy metric allows us to understand the variance between 
the students’ pretest retrospective judgments and their actual test outcomes. A posi-
tive calibration discrepancy indicates overconfidence, i.e., that students estimated a 
higher grade than they actually achieved. For example, if a student estimated a pretest 
grade of 50% but actually scored 40%, the pretest calibration discrepancy would be 
+ 10%, indicating overconfidence in their knowledge. Conversely, a negative value 
signifies underconfidence, where students underestimated their performance.

Change in metacognitive judgment measures the evolution of students’ self-
assessments from before to after the learning session. We measured students’ change 
in metacognitive judgments by taking the difference between posttest and pretest 
retrospective judgments. A positive change in metacognitive judgment indicates that 
a student’s posttest retrospective judgment was higher than the pretest retrospective 
judgment, meaning students adjusted their self-assessments upwards. This upward 
adjustment possibly reflects increased confidence or perceived learning gains after the 
learning session. Conversely, a negative change in metacognitive judgment indicates 
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that students’ pretest retrospective judgment was higher than their final estimate. This 
downward adjustment suggests that students revised their self-assessments down-
wards, potentially reflecting a decrease in confidence or a more accurate understand-
ing of their knowledge following the learning session.

	● Pretest and posttest retrospective judgment: Students’ estimated pretest or 
posttest scores. These measures reflect students’ perceptions or beliefs about their 
knowledge of the material before or after the learning session.

	● Pretest calibration discrepancy: Pretest calibration discrepancy is calculated as 
follows: estimated pretest grade – actual pretest grade. This metric quantifies the 
accuracy of students’ pretest retrospective judgments, where the values indicate 
overconfidence or underconfidence in their understanding.

	● Change in metacognitive judgment: This measurement was calculated as post-
test retrospective judgment – pretest retrospective judgment, measuring the shift 
in students’ self-evaluations post-learning session, highlighting changes in confi-
dence or perceived learning gains.

Use of Metacognitive Strategy

We measured two types of metacognitive strategies via CA: coherent reading and 
coherent quiz. Coherent reading and coherent quiz differ by their focus and timing in 
the learning process. Coherent reading activity refers to learning sequences in which 
students, after completing a quiz, engage with additional materials to address poten-
tial knowledge gaps. These activities are considered coherent when the subsequent 
learning action occurs within a five-minute window (Segedy et al., 2015), indicating 
a timely and purposeful response to taking a quiz. For instance, the sequence Quiz → 
Read reflects a proactive effort by students to use quiz feedback to locate and review 
relevant material, suggesting intentional efforts to improve understanding. Similarly, 
Quiz → Examples represents students reviewing worked-out examples after a quiz, 
which implies a coherent attempt to seek help and clarify misconceptions, particu-
larly on missed items. In the Quiz → Summary sequence, students turn to summary 
content following a quiz, indicating an effort to consolidate key concepts and rein-
force comprehension based on quiz performance. These sequences exemplify stu-
dents’ metacognitive strategies to monitor and regulate their learning in response 
to assessment outcomes, thereby qualifying as coherent reading activities. As such, 
coherent reading is one type of metacognitive strategy applied following a quiz. This 
coherent approach requires students to detect their knowledge gaps revealed by the 
quiz results and promptly direct their attention to bridging these gaps.

Time was tracked at both the activity and page levels using the trace data, which 
recorded every interaction (e.g., navigation events, quiz answers) with associated 
timestamps. This granularity allowed us to measure students’ engagement with 
specific content related to each quiz item. For example, if a student answered quiz 
questions incorrectly on a subtopic like “What is Data”, particularly on sample vs. 
population, we tracked the time spent reviewing the relevant pages in the Reading, 
Summary, and Examples activities.
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Coherent quiz behavior, on the other hand, centers on the time before taking a quiz, 
involving proactive engagement with reading materials, examples, and summaries to 
prepare, reflecting a strategic approach in acquiring and assessing knowledge. While 
coherent reading is a response to identified weaknesses, coherent quiz represents 
preparatory actions for knowledge evaluation. Hence, coherent quiz behavior dem-
onstrates that students are intentionally spending time on reading and understanding 
relevant information prior to evaluating their knowledge by attempting the quiz. For 
instance, if a student goes through the summary pages of one subtopic and takes the 
quiz (i.e., Summary → Quiz) for that subtopic within a five-minute window, then the 
student’s activity sequence is considered a coherent quiz activity.

We measured coherent reading by adding up the time students devoted to review-
ing material related to the questions they missed in the quiz, within a five-minute 
period after the quiz. Such a strategy demonstrates a student’s proficiency in monitor-
ing their academic advancement, discerning their own errors, and executing actions 
for improvement, which are fundamental elements of employing metacognitive strat-
egies. We measured coherent quiz behavior by calculating the total amount of time 
students devoted to reading activities in the five-minute window before attempting 
quizzes related to those reading topics. In the context of this study, reading activities 
encompass three distinct types, which are studying the main reading content, going 
through worked-out examples, and going over the summary pages. If a student takes 
a quiz on one subtopic and then reviews the reading pages related to the questions 
they answered incorrectly within a five-minute window, this activity is considered a 
coherent reading activity.

SRL and Other Behavioral Measures

We measured students’ use of SRL strategies by examining the sequence of learning 
activities (i.e., reading, quizzes, examples, and summaries) that students engaged in 
during learning (Lee & Bosch, 2024). In the previous study, we used sequence min-
ing, especially constrained Sequential Pattern Discovery (cSPADE), which allowed 
us to identify frequent learning sequences of activities (e.g., Read → Quiz) and asso-
ciate these sequences with potential SRL strategies (e.g., Read → Quiz with seeking 
evaluation), as detailed in Table 1. These associations were grounded in the litera-
ture (Corrin et al., 2017; Sonnenberg & Bannert, 2015; Zimmerman & Pons, 1986), 
and we mainly adopted Zimmerman’s 14 classes of SRL strategies as a framework 
to relating learning patterns to potential SRL strategies (Table 1). Zimmerman and 
Pons’s 14 SRL strategies (Zimmerman & Pons, 1986), which define SRL as observ-
able actions directed at acquiring knowledge or skills. This framework aligns with 
our focus on students’ active learning behaviors during the performance phase, as 
captured through trace data in a computer-based learning environment. For an elabo-
ration on how each association between learning pattern and SRL-relevant strategies, 
see Lee and Bosch (2024).

For example, the sequence Read → Quiz indicates that students first engaged in 
a reading activity and then completed a quiz. This sequence suggests the use of the 
seeking evaluation strategy, as it reflects students’ efforts to assess their understand-
ing by reading the material and then taking the quiz. Using this SRL strategy frame-
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work established in the previous study (Table 1), we applied six different learning 
patterns and their associated SRL-relevant strategies as SRL constructs in this study. 
We counted the occurrences of each learning pattern to measure students’ use of SRL 
skills.

Note. The leftmost column displays the frequent learning sequences, while the 
subsequent column lists the corresponding type of SRL strategy that each frequent 
learning sequence exemplifies. The last column indicates the proportion of students 

Table 1  Learning patterns and associated SRL-relevant strategies with descriptions
Learning 
pattern

SRL-relevant strategy Description Support

Read → 
Quiz

- Seeking evaluation
(Zimmerman & Pons, 1986)

When students read material and then take a 
quiz on it, they are evaluating their under-
standing and recall of the material they just 
read. After taking the quiz, they can gauge the 
quality or progress of their work based on their 
performance.

0.850
(n = 179)

Quiz → 
Read

- Keeping records and 
monitoring
(Zimmerman & Pons, 1986)
- Seeking information
(Zimmerman & Pons, 1986)
- Search
(Sonnenberg & Bannert, 
2015)

Students taking the quiz and then reading the 
main material signifies that students are aware 
of the knowledge gap and might specifically 
look for information to address the gaps.

0.770
(n = 162)

Quiz → 
Quiz

- Rehearsing and 
memorizing
(Zimmerman & Pons, 1986)
- Repeating
(Sonnenberg & Bannert, 
2015)

When students encounter the first quiz, they are 
prompted to recall specific information. By the 
second quiz, they are not just accessing their 
foundational understanding but also relying on 
memory from the previous quiz attempt.

0.690
(n = 145)

Quiz → 
Examples

- Keeping records and 
monitoring
(Corrin et al., 2017)
- Seeking information
(Zimmerman & Pons, 1986)
- Help-seeking
(Corrin et al., 2017)

After taking the quiz, students are trying to 
make an effort to gather specific, detailed infor-
mation on how to approach or solve problems 
correctly.

0.630
(n = 133)

Read → 
Examples

- Seeking information
(Zimmerman & Pons, 1986)
- Elaboration
(Sonnenberg & Bannert, 
2015)

Illustrates student-initiated efforts to seek ad-
ditional knowledge from additional resources 
to bolster their learning. Students are actively 
seeking clarity and deeper understanding as 
Examples provides them with detailed worked-
out problems with explanations on how to 
approach solving the problem.

0.570
(n = 120)

Quiz → 
Summary

- Keeping records and 
monitoring
(Zimmerman & Pons, 1986)
- Seeking information
(Zimmerman & Pons, 1986)
- Search
(Sonnenberg & Bannert, 
2015)

Students are not only keeping records of their 
quiz performance but are also actively seeking 
to enhance their understanding through the 
supplementary information provided in the 
summary. This dual approach allows them to 
both identify areas of improvement from their 
quiz results and address those areas by going 
through a summary.

0.450
(n = 95)

1 3



International Journal of Artificial Intelligence in Education

who engaged in each frequent learning pattern at least once, as well as the corre-
sponding number of students.

Alongside the SRL strategy measurements, we incorporated two additional behav-
ioral metrics: the total number of topic transitions and the aggregate count of learning 
activities. We quantified the number of topic transitions by tracking the counts of 
students shifting between different topics during their learning sessions. Within a ses-
sion containing four unique subtopics, we tallied the number of times students moved 
from one subtopic to another. Additionally, we calculated the total number of activi-
ties (i.e., reading, quizzes, examples, and summaries) in which students participated 
throughout their study. We were interested in these two measurements because a high 
or low total number of topic transitions and learning activities could potentially pre-
dict students shifting their metacognitive judgments.

Results

For all regressions in RQ1-RQ3, we checked the assumptions of linear regression, 
including linearity, independence, homoscedasticity, and normality, using the visual-
izations (i.e., residual plots, Q-Q plots), and found no significant deviations. For RQ2 
and RQ3, there was no evidence of multicollinearity; correlations and variance infla-
tion factors are presented in Appendix Tables 5 and 6. We also conducted sensitivity 
power analysis using G*Power (Faul et al., 2009). With a sample size of N = 210, an 
alpha level of 0.05, and a power level of 0.90, the minimum effect sizes were f² = 
0.051 for RQ1, f² = 0.061 for RQ2, and f² = 0.094 for RQ3, each corresponding to a 
small-to-medium effect size (Cohen, 1988).

Descriptive Statistics

Table 2 summarizes the means and standard deviations of participants’ performance, 
pretest and posttest retrospective judgments, and calibration discrepancy. Students 
demonstrated a significant learning gain, calculated as the difference between posttest 
performance and pretest performance (d = 0.705, t (209) = 10.117, p <.001), indicating 
a substantial improvement in knowledge after the learning session. Students studied 
an average of 3.952 out of 4 subtopics, with a subtopic counted as studied if they 
engaged in at least one of the four learning activities (i.e., Reading, Quiz, Examples, 
or Summary), suggesting that most students engaged in at least one activity for each 
subtopic. On average, students’ pretest retrospective judgments were lower than their 
final judgments, suggesting that after the learning session, students estimated higher 
scores on their assessments (mean pretest retrospective judgment: 55.7%, mean post-
test retrospective judgment: 73.4%). Both pretest and posttest calibration discrep-
ancy measures (pretest: 0.796% points; posttest: 3.89% points) suggest that students 
demonstrated overall accurate calibration, which may be explained by established 
moderators of calibration accuracy, such as the increased accuracy of delayed versus 
immediate judgments and the effect of pretesting (Nelson & Dunlosky, 1991). While 
we could not directly analyze these potential moderators of calibration accuracy in 
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this study, given the fixed study design, these factors are discussed in the Discussion 
section as possible explanations for the observed calibration results.

Moreover, students’ engagement in coherent quiz activity far exceeded their 
engagement in coherent reading (mean coherent reading: 1.8  min; mean coherent 
quiz: 11.2 min). This difference likely arises from how coherent reading and quiz 
activities were measured, as coherent reading only accounts for the time spent 
reviewing material students answered incorrectly on the quiz. Consequently, students 
who performed well on the quiz had fewer opportunities for coherent reading com-
pared to students who scored lower. We examined the associations between students’ 
engagement in coherent activities and their posttest performance. The results showed 
a significant positive association between coherent quiz engagement and posttest 
grade (rho = 0.381, p <.001), and a weaker but still significant association for coher-
ent reading engagement (rho = 0.174, p =.012), suggesting that students who engaged 
more frequently in coherent activities tended to achieve higher posttest scores.

RQ1. How do students’ pretest calibration discrepancies relate to their use of 
metacognitive strategies?

We conducted two linear regression analyses to address RQ1, which examines 
whether students’ pretest calibration discrepancy serves as a predictor of their sub-
sequent use of metacognitive strategies (i.e., coherent reading and quiz activities) 
during the learning session. In the first model, the dependent variable was the engage-
ment in coherent quiz activities, with students’ pretest calibration discrepancy as the 
independent variable. The second model was analogous to the first, with coherent 
reading engagement as the dependent variable. Our analysis revealed that students’ 
pretest calibration discrepancy was a significant negative predictor of engagement in 
coherent quiz activities (b = −9.100, β = − 0.283, p <.001, 95% CI: [−13.308, −4.890], 
R² = 0.080, adjusted R² = 0.076, f² = 0.087). This result implies that higher levels of 
pretest calibration discrepancy—an overestimation of their pretest performance—

Category Mean SD
Initial performance (0–100%) 54.9% 19.0%
Pretest retrospective judgment (0–100%) 55.7% 20.2%
Pretest calibration discrepancy (percentage 
points)

0.796 20.6

Final performance (0–100%) 69.5% 21.6%
Posttest retrospective judgment (0–100%) 73.4% 17.4%
Posttest calibration discrepancy (percentage 
points)

3.89 17.6

Coherent reading (in minutes) 1.8 2.7
Coherent quiz (in minutes) 11.2 11.0
The measures provide an overview of students’ performance and 
metacognitive judgments at both the initial stage (i.e., before the 
learning session) and the final stage (i.e., after the learning session), 
as well as their calibration discrepancy. The metrics on coherent 
reading and quiz show students’ time engagement in these activities, 
measured in minutes. All statistics are based on data from N = 210 
students.

Table 2  Means and standard 
deviations of Performance, 
metacognitive Judgments, 
calibration Discrepancy, and 
coherent actions.
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were associated with reduced engagement in coherent quiz activities. However, 
pretest calibration discrepancy did not significantly predict engagement in coherent 
reading activity (b = − 0.074, β = − 0.010, p =.891, 95% CI = [−1.132, 0.984], R² = 
0.009, adjusted R² = − 0.005, f² = 0.001).

RQ2. How are students’ pretest retrospective judgments and actual perfor-
mances separately related to their metacognitive strategy use?

Building upon the findings of RQ1, where students’ pretest calibration discrepancy 
was a significant negative predictor of engagement in coherent quiz activities, RQ2 
examines whether it is the students’ perceived performance (i.e., pretest retrospective 
judgments) or their actual pretest scores that better predict the engagement in meta-
cognitive strategies. To address RQ2, we conducted two linear regression analyses 
similar to those in RQ1. One model uses a coherent quiz as the dependent variable, 
while the other uses coherent reading. In both models, the independent variables 
are pretest retrospective judgment and actual pretest grade (Table 3). Our findings 
revealed that pretest retrospective judgments were significant negative predictors of 
engagement in coherent quiz activities (b = −9.841, β = − 0.306, p <.001, 95% CI: 
[−14.663, −5.019], R² = 0.082, adjusted R² = 0.073, f² = 0.078). This suggests that 
students who believed they performed well on the pretest were less likely to engage 
in quiz-based metacognitive strategies during the learning session. In contrast, actual 
pretest grades did not significantly predict engagement in coherent quiz activities (b 
= −1.654, β = − 0.048, p =.533, 95% CI: [−6.875, 3.567], R² = 0.073, adjusted R² = 
0.073, f² = 0.002). Similarly, in the model examining coherent reading engagement, 
neither pretest retrospective judgments nor actual pretest grades were significant pre-
dictors. This aligns with the findings from RQ1, where pretest calibration discrep-
ancy did not significantly predict engagement in coherent reading activities.

RQ3. How do SRL patterns, number of topic changes, and number of activ-
ity measures predict changes in students’ metacognitive judgments?

In RQ3, we examined how learning patterns that are potentially associated with 
SRL-relevant strategies, the number of topic transitions, and the count of learning 
activities predict changes in students’ metacognitive judgments. Understanding these 

Dependent
variable

Independent
variable

Coefficient p-value 95% 
Confi-
dence
Interval

Coherent
Quiz

Pretest retrospec-
tive judgment

−9.841 < 0.001 [−14.663, 
−5.019]

Actual pretest 
grade

−1.654 0.533 [−6.875, 
3.567]

Coherent
Reading

Pretest retrospec-
tive judgment

− 0.007 0.905 [−1.287, 
1.140]

Actual pretest 
grade

0.001 0.999 [−1.313, 
1.314]

Table 3  Regression analysis for 
predictors of engagement in co-
herent quiz and reading (RQ2)

Coherent quiz and reading 
indicate students’ engagement 
in those activities in minutes. 
Pretest retrospective judgment 
refers to students’ estimated 
pretest grade
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relationships provides valuable insights into which factors significantly contribute to 
adjustments in students’ self-assessments after the learning session, should any be 
identified as significant predictors. To explore this, we conducted a linear regression 
analysis with the change in metacognitive judgments as the dependent variable. The 
independent variables included: (i) the counts of six learning patterns (as shown in 
the left-most column of Table 1), (ii) the total number of topic transitions, and (iii) 
the aggregate count of learning activities. Our analysis revealed that the frequency 
of the Quiz → Quiz sequence, potentially indicative of rehearsing and memorizing 
and repeating SRL-relevant strategy, was the only significant negative predictor of 
change in metacognitive judgments among the variables considered (b = −1.792, 
p =.036, 95% CI: [−3.464, −0.120]). This result suggests that an increase in students’ 
engagement with the Quiz → Quiz pattern is associated with a decrease in the change 
in metacognitive judgment. In other words, students who frequently engaged in con-
secutive quizzes tended to experience less positive or even negative adjustments in 
their self-assessed performance after the learning session (Table 4).

Discussion

RQ1. How do students’ pretest calibration discrepancies relate to their use of 
metacognitive strategies?

We observed relatively accurate calibration means, with calibration discrepancy mea-
sures of 0.796% points at pretest and 3.89% points at posttest. While our study design 
does not allow us to directly examine moderators such as the increased accuracy of 
delayed versus immediate judgments, prior work suggests that such factors may con-
tribute to the observed outcomes (Nelson & Dunlosky, 1991). One possible explana-

Dependent 
variable

Independent 
variable

Coefficient p-value 95% Con-
fidence
Interval

Change 
in meta-
cognitive 
judgement

Read → Quiz − 0.258 0.831 [−2.631, 
2.116]

Quiz → Read 0.342 0.793 [−2.227, 
2.911]

Quiz → Quiz −1.792 0.036* [−3.464, 
−0.120]

Quiz → 
Examples

− 0.871 0.532 [−3.616, 
1.874]

Read → 
Examples

− 0.750 0.538 [−3.148, 
1.647]

Quiz → 
Summary

− 0.089 0.946 [−2.670, 
2.492]

Topic 
transitions

− 0.678 0.148 [−1.598, 
0.243]

Learning 
activities

0.686 0.131 [−0.206, 
1.579]

Table 4  Regression analysis for 
factors influencing change in 
metacognitive judgment (RQ3)

Topic transitions indicate 
the total number of topic 
transitions, and learning 
activities imply the total count 
of learning activities
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tion is that taking the quizzes during the learning session, which allowed students to 
see which questions they answered incorrectly, may have helped them calibrate more 
accurately for the posttest. In our study, students also completed a pretest before the 
learning session, although they did not receive feedback on their answers. While this 
differs from typical pretesting implementations that provide feedback, future studies 
could investigate these moderators to better understand their impact on calibration 
accuracy.

Our findings revealed a significant negative relationship between pretest calibra-
tion discrepancy and subsequent engagement in coherent quiz (b = −9.100, p <.001, 
95% CI: [−13.308, −4.890]) and support the hypothesis. This result suggests that 
students who tend to overestimate their knowledge (i.e., higher positive calibration 
discrepancy) are less likely to engage in coherent quiz activity, which involves proac-
tive engagement with learning materials before attempting a quiz. This finding aligns 
with prior studies (Hadwin & Webster, 2013; Hattie, 2013) and adds empirical evi-
dence that this relationship also holds in the computer-based learning environments 
examined in our study.

One possible explanation for this decreased engagement in coherent quiz is mis-
placed confidence: overconfident students may perceive themselves as adequately 
prepared and, therefore, feel little need to put in additional time to study before 
assessing their knowledge. This overconfidence may lead these students to skip 
essential preparatory steps, such as reviewing relevant materials, which are critical 
for ensuring a solid understanding of the content. As a result, these students may 
miss opportunities to enhance their understanding and adjust their learning strategies 
effectively during the learning process due to their misplaced overconfidence.

While much of the literature emphasize the risks of overconfidence (e.g., the Dun-
ning–Kruger effect; Kruger & Dunning, 1999), which can lead students to adopt 
ineffective learning strategies and reduce time and effort devoted to studying (Agha-
babyan et al., 2017; Dunlosky & Rawson, 2012), underconfidence—reflected as 
negative calibration discrepancy in this study—may also impact students’ effective 
learning. Specifically, our findings showed that students with lower calibration dis-
crepancy values, including those who were accurately calibrated or underconfident, 
tended to spend more time in coherent quiz activity. This pattern may reflect a com-
pensatory strategy in which students who doubt their knowledge invest additional 
effort in preparation. However, persistent underconfidence could also lead to ineffi-
ciencies, such as overstudying material that has already been mastered or experienc-
ing unnecessary anxiety.

On the other hand, the lack of a significant relationship between pretest calibra-
tion discrepancy and coherent reading may be attributed to the reactive nature of the 
coherent reading activity. Coherent reading occurs after students receive immediate 
feedback from a quiz, which may prompt even students with misplaced confidence 
(e.g., overconfidence) to recognize the discrepancies between their perceived and 
actual performance. The quiz results serve as external indicators of their understand-
ing, potentially motivating students to engage in remedial actions, such as review-
ing missed material, regardless of their initial confidence levels. We further discuss 
the practical implications of our results in more detail in the Practical Implications 
subsection.
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RQ2. How are students’ pretest retrospective judgments and actual perfor-
mances separately related to their metacognitive strategy use?

RQ2 found that students’ pretest retrospective judgments were significant negative 
predictors of their engagement in coherent quiz activities (b = −9.841, p <.001, 95% 
CI: [−14.663, −5.019]), which differs from our hypothesis that expected students’ 
actual performance would be a positive predictor. Our finding suggests that as stu-
dents’ estimated pretest scores increase, their engagement in coherent quiz decreases. 
In other words, students who believe they performed well on the pretest are less likely 
to invest time in preparatory activities before attempting quizzes during the learning 
session. Interestingly, students’ actual pretest grades did not significantly predict their 
engagement in coherent quiz activities, indicating that students’ decisions on how 
much time to spend preparing before assessments might be more strongly guided by 
students’ subjective judgment of their knowledge and readiness rather than by their 
objectively measured performance. As a result, students who perceive themselves as 
well-prepared or knowledgeable, regardless of their actual performance, may be less 
inclined to put in additional effort in preparation before taking quizzes. This could be 
detrimental if students do not receive timely feedback to correct any potential early 
calibration discrepancies, especially in computer-based learning environments where 
there is limited instructor feedback. Without timely interventions, students may con-
tinue to operate under calibration discrepancies in self-assessments, which can hinder 
employing effective learning strategies, leading to suboptimal learning outcomes.

These results from RQ2 complement those of RQ1, emphasizing the critical role 
of students’ metacognitive judgments early in the learning process in shaping their 
engagement with metacognitive strategies. The findings from RQ1 and RQ2 together 
underscore the need for timely correction of students’ early calibration discrepan-
cies—whether overconfidence or underconfidence—in computer-based learning 
environments. Addressing these early calibration discrepancies could help students 
engage more effectively in metacognitive strategies, ultimately leading to improved 
learning outcomes. Furthermore, these results call for further exploration into how 
students form these metacognitive judgments and the factors that influence their accu-
racy. Understanding these underlying factors could be crucial for designing AI tools 
that support students in making more accurate judgments of their knowledge, thereby 
fostering effective use of learning strategies and enhanced learning outcomes.

RQ3. How do SRL patterns, number of topic changes, and number of activ-
ity measures predict changes in students’ metacognitive judgments?

Our analysis for RQ3 found that the frequency of the Quiz → Quiz learning pat-
tern—likely reflecting rehearsing, memorizing, and repeating SRL strategies—was 
the only significant negative predictor of changes in metacognitive judgment (b = 
−1.792, p =.036, 95% CI: [−3.464, − 0.120]). This finding suggests that increased 
engagement in the Quiz → Quiz pattern is associated with a decrease in the change 
in metacognitive judgment. In other words, frequent engagement in Quiz → Quiz 
decreased students’ perceptions of how much they learned. This finding aligns with 
the underconfidence-with-practice effect (Koriat et al., 2002), which showed that 
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learners’ judgments of learning tend to shift from slight overconfidence to under-
confidence over repeated study–test cycles. In our context, repeated quiz-taking may 
have reinforced this underconfidence, as students became increasingly aware of the 
gaps in their knowledge.

Even though students felt less confident after the self-paced learning (as seen in 
their lower posttest predictions), engaging more in the Quiz → Quiz pattern seems to 
intensify this decline in perceived performance. In our study, students did not receive 
any feedback on their performance during the learning session unless they proac-
tively took a quiz, which served as the only immediate form of feedback available 
within the learning system. Therefore, the reduced confidence observed in both cases 
could be attributed to the immediate feedback provided by the quizzes. It is likely 
that students who actively engaged in the Quiz → Quiz learning pattern received 
frequent feedback on questions that they got incorrect, which may have highlighted 
gaps in their understanding, leading to adjustments in their confidence levels more 
conservatively.

Students with strong SRL skills are more likely to engage in strategic self-evalu-
ation, such as taking quizzes to assess their understanding of the material when they 
feel it is necessary, even without external assistance or interventions in computer-
based learning environments. In contrast, students with weaker SRL skills are less 
likely to adopt these learning strategies, resulting in missed opportunities to reca-
librate their inaccurate judgment of their performances. Such missed recalibration 
opportunities can lead to ineffective learning outcomes, as students may continue 
with a misplaced judgment of their performance. These RQ3 findings highlight the 
necessity for not only timely interventions to correct students’ early calibration dis-
crepancy, as identified in RQ1 and RQ2, but also for proactive support that guides 
students on how to recalibrate their misplaced judgments of their performance. This 
is because when students receive support with accurate performance information 
alone, they may lack the knowledge or skills to effectively utilize this information 
to modify their learning approaches. For instance, if overconfident students receive 
feedback indicating that their actual performance score is lower than anticipated, 
this information can help them identify the gap between their perceived and actual 
understanding. However, without guidance on how to address this discrepancy, stu-
dents might not know how to adjust their study strategies or improve their com-
prehension of the material. Therefore, interventions should extend beyond merely 
presenting performance data to include structured guidance on interpreting feedback 
and implementing remedial strategies. AI-driven metacognitive calibration tools can 
play a pivotal role by offering personalized recommendations and strategy sugges-
tions, enabling students to correct their pretest calibration discrepancies and engage 
in more effective self-regulated learning.

Practical Implications

Our findings offer valuable practical implications for enhancing existing calibration 
support tools in computer-based learning environments. First, the results indicating 
that pretest calibration discrepancy and metacognitive judgments are significant pre-
dictors of students’ subsequent use of metacognitive strategies highlight the poten-
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tial of using these metacognitive measures to enhance interventions by predicting 
students’ metacognitive strategy use. The existing calibration supporting tools have 
potential to enhance their effectiveness by expanding their scope beyond merely 
offering feedback on the discrepancy between students’ estimated and actual perfor-
mance. For instance, overconfidence in performance at the onset of learning may lead 
to students’ reduced engagement in metacognitive strategies. However, interventions 
could help students become aware of their calibration discrepancies by highlighting 
performance discrepancies. Furthermore, these interventions could assist students in 
leveraging this awareness, enabling them to refine their approaches to learning tasks 
and assessments through targeted suggestions that promote engagement with specific 
metacognitive strategies. Addressing students’ overconfidence through a comple-
mentary approach—providing both performance discrepancy feedback and corre-
sponding suggestions on the use of metacognitive strategies—can guide students in 
refining their learning strategies to correct calibration discrepancies.

Second, we emphasize the importance of early calibration interventions in online 
learning environments. Our results from RQ2 indicate that students’ significantly 
predict their subsequent engagement with metacognitive skills. Thus, implement-
ing calibration interventions after an assessment might miss key opportunities to 
influence students’ learning strategies and behaviors at an earlier, potentially more 
impactful stage, prior to starting assessments. For instance, if calibration interven-
tions provide feedback after the assessment, overconfident students before starting 
the assessment have missed the chance to employ effective learning strategies that 
could have improved their learning outcomes. However, early interventions could 
provide students with timely insights into their performance discrepancies and use of 
metacognitive strategies, helping them adjust their strategies before engaging deeply 
in learning tasks or assessments. This proactive approach could lead to more effective 
learning experiences by aligning students’ self-perceptions with their actual perfor-
mance early, thereby enhancing their overall engagement and effectiveness in learn-
ing activities.

Transitioning to early interventions could be particularly beneficial in online 
learning settings, where students often have to regulate their learning independently 
without constant guidance from instructors. Instead of solely focusing on post-
assessment calibration intervention on discrepancy feedback, there are opportunities 
for integrating metacognitive support at the beginning of the learning process. Such 
an approach would not only correct students’ initial misjudgments but also empower 
them to make more informed and effective decisions about their learning strategies 
throughout their learning in computer-based learning environments. Together, our 
findings not only advocate for a shift in the approach and timing of tools supporting 
metacognitive calibration support in computer-based learning environments but also 
underscore the fundamental importance of introducing such support to students more 
broadly. We argue that, given the fact that very few online learning systems currently 
offer explicit support for calibration, establishing a foundation for this kind of assis-
tance is critical and necessary step, even if the tools seem less novel.
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Limitations

While our study contributes to understanding the relationship between calibration 
discrepancy and learning behaviors, further research is needed to explore how these 
insights can be practically implemented to enhance learning outcomes in digital 
learning contexts. The scope of this study is limited, as the implications derived from 
it may not be fully applicable to online learning environments that lack early assess-
ments before student learning sessions begin. The absence of initial assessments in 
some online learning environments necessitates further exploration into methods for 
effectively measuring or predicting students’ early evaluations. Such research is vital 
for augmenting the impact of early interventions in these computer-based educational 
settings. Additionally, we acknowledge the limitation of using a single confidence 
judgment per test (pre/post) rather than item-level confidence ratings. Relying on a 
single, overall confidence rating may reduce the sensitivity of our calibration mea-
sure and prevents analysis of resolution (i.e., relative monitoring accuracy). Future 
work could benefit from collecting item-level confidence judgments to enable more 
fine-grained analyses of metacognitive monitoring.

Relatedly, although students predicted their overall test score (0–100%) rather 
than rating each item, such estimates may still be influenced by heuristics or anchors. 
Higham et al. (2015) note that numerical confidence judgments can be biased by psy-
chological anchors. Future work could explore alternative measures of metacognitive 
calibration that reduce reliance on explicit scaling. Furthermore, we acknowledge that 
our study has limitations in providing causal evidence regarding whether students’ 
calibration discrepancies or retrospective judgments influence their subsequent use 
of metacognitive strategies or if a common cause exists. Therefore, it is necessary to 
further examine the causal relationship between calibration discrepancy and strategy 
use through experimental designs and longitudinal studies. Such research could focus 
on developing targeted interventions to address students’ calibration discrepancy and 
observe subsequent changes in metacognitive strategy use.

Conclusions

It is well-established that metacognitive skills are valuable for learning in computer-
based learning environments (Efklides, 2006a; Pintrich et al., 2000; Zimmerman & 
Moylan, 2009), yet the dynamics between various facets of metacognition still require 
further examination (Zhao & Ye, 2020). This study contributes to understanding the 
complex relationships between initial metacognitive calibration, metacognitive strat-
egy use, judgments, and academic performance using a theory-based method. In 
particular, our study uncovered the impact of pretest calibration discrepancies and 
judgments on students’ use of metacognitive strategies. Our findings highlight the 
critical role of timely intervention in metacognitive support in computer-based learn-
ing environments. We advocate for a shift towards early, proactive calibration sup-
porting tools, ensuring students’ self-perceptions align with their actual performance 
early in their learning. Further, recognizing the significance of students’ metacog-
nitive judgments in their engagement with learning strategies, our study suggests 
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opportunities for calibration tools to offer more than mere identification of calibration 
inaccuracies to students. However, there remains a pressing need for more compre-
hensive studies aimed at unraveling these relationships in greater detail, particularly 
to gain a better understanding of how students’ metacognitive judgments evolve 
throughout the learning process.
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Table 6  Correlation between predictors in the regression model for RQ3.
Read 
→ 
Quiz 
count

Quiz → 
Read 
count

Quiz → 
Quiz 
count

Quiz → 
Ex-
amples 
count

Read 
→ Ex-
amples 
count

Quiz → 
Summary 
count

Topic 
transi-
tions 
count

Learn-
ing ac-
tivities 
count

Read → Quiz count 
(2.534)

-

Quiz → Read count 
(2.422)

0.653 -

Quiz → Quiz count 
(1.924)

0.075 0.017 -

Quiz → Examples count 
(2.125)

0.393 0.189 0.194 -

Read → Examples count 
(2.300)

0.203 0.228 − 0.020 0.483 -

Quiz → Summary count 
(2.061)

0.277 − 0.022 0.141 0.477 0.175 -

Topic transitions count 
(5.944)

0.031 0.056 0.186 0.113 0.283 0.143 -

Learning activities count 
(4.507)

0.292 0.259 0.430 0.463 0.519 0.449 0.683 -

Spearman’s rho is reported for all correlations. Values in parentheses are the variance inflation factors 
for each predictor.

Pretest 
retrospective
judgment

Ac-
tual 
pretest
grade

Pretest retrospective judgment 
(1.309)

-

Actual pretest grade (1.309) − 0.486 -
Pearson’s r is reported for correlation. Values in parentheses are the 
variance inflation factors for each predictor

Table 5  Correlation between 
predictors in the regression 
model for RQ2.
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