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Educational Psychology

Predicting academic performance by self-assessed and 
objectively measured understanding and self-efficacy

Ursina E. Raemya , Natalie Bortera , Mathias Mejehb  and  
Stefan J. Trochea 
aInstitute of Psychology, University of Bern, Bern, Switzerland; bZurich University of Teacher Education, 
Zurich, Switzerland

ABSTRACT
An adequate assessment of what students have understood during 
the term is an essential precondition for self-regulated learning 
(SRL) as it allows for adapting learning strategies to enhance  
academic performance. This study compared self-assessed and 
objectively measured understanding of the learning material as 
predictors of academic performance and their interplay with gen-
eral and academic self-efficacy. In a bachelor’s Psychological 
Assessment course, 271 psychology students regularly completed 
online formative assessments (OFA) throughout the term. Before 
each OFA, they self-assessed how well they had understood the 
content of the previous lecture. Performance in the OFA was used 
as an objective measure of understanding. Furthermore, self-efficacy 
was assessed at the beginning of the term. Both self-assessed and 
objectively measured understanding were significant predictors of 
the grade in the final exam as a measure of academic perfor-
mance. When considered concurrently in a latent regression analy-
sis, only objectively measured understanding predicted academic 
performance. Academic self-efficacy predicted academic perfor-
mance above both measures of understanding, maybe because it 
covers how students deal with the specific demands of the exam. 
According to the present results, students engaging in SRL should 
rely on objective indicators of their understanding instead of 
self-assessments to select appropriate learning strategies.

Introduction

In today’s rapidly evolving and complex world, tertiary education plays a central role 
in fostering personal development and preparing individuals for societal and profes-
sional demands (Brewer & McEwan, 2010; OECD, 2024; Vierzigmann & Lehmann, 2022). 
Understanding the diverse factors shaping academic performance is essential for 
improving educational outcomes and empowering students to reach their full potential 
and contribute meaningfully to society. Unlike primary and secondary education, 
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which typically provide more structured guidance and support, tertiary education 
places greater demands on students’ ability to self-regulate their own learning 
(Anthonysamy et  al., 2020; Broadbent & Fuller-Tyszkiewicz, 2018; Vosniadou, 2020). 
These demands are reinforced by digital transformation, leading to new learning 
formats, such as blended or fully online courses (Cerezo et  al., 2020). Consequently, 
self-regulated learning (SRL) has emerged as a key determinant of academic perfor-
mance (Broadbent & Poon, 2015; Cheng et  al., 2025; Ergen & Kanadli, 2017; Zhao 
et  al., 2025).

Over the past decades, various models have been developed to describe SRL (e.g. 
Efklides, 2011; Pintrich, 2000; Winne & Hadwin, 1998; Zimmerman, 2000). Recently, 
Panadero (2017) attempted to find their common ground by identifying the most 
crucial characteristics of these models. One of them is the cyclical nature of SRL, 
typically comprising three phases: 1) a preparatory phase, involving task analysis, 
goal setting, and planning, 2) a performance phase, centred on executing the task 
while monitoring and controlling the process, and 3) an appraisal phase, focused on 
reflection as well as regulation and adaptation for future performance. These stages 
highlight the core of SRL with students taking ownership of their learning (Zimmerman 
& Schunk, 2011). A further common feature of SRL models in Panadero’s overview 
is the incorporation of emotional (e.g. emotion regulation), motivational (e.g. 
self-motivation beliefs, goal setting), and (meta)cognitive aspects of learning, with 
models differing in the emphasis they place on these aspects. Metacognition plays 
a crucial role in SRL as it enables learners to monitor and regulate their learning 
(Panadero, 2017; Winne & Perry, 2000). Metacognitive regulation, often described as 
‘thinking about thinking,’ can be further categorised into metacognitive knowledge 
and regulation (Dunlosky & Metcalfe, 2008). Metacognitive knowledge involves under-
standing oneself as a learner, recognising performance factors, and knowing appro-
priate strategies. Metacognitive regulation refers to applying these strategies, such 
as planning, monitoring comprehension and performance, and evaluating their effec-
tiveness (Dunlosky & Metcalfe, 2008). A key element of this regulatory function  
is the ability to assess the own level of understanding accurately (Lai, 2011; 
Schwarz, 2015).

The level of understanding of the learning material has often been measured by 
asking students to indicate how well they have understood the learning material 
(Brown et  al., 2015; Falchikov & Boud, 1989; Li & Zhang, 2021; Yan, 2020; Yan et  al., 
2023). However, such self-assessments are prone to biases and, therefore, can be 
assumed to provide only a rough estimate of the actual level of understanding (Kruger 
& Dunning, 1999; León et  al., 2023; Neubauer & Hofer, 2021; Rammstedt & Rammsayer, 
2002; Zell & Krizan, 2014). Technological advancements, such as online versions of 
formative assessments (OFAs), have enabled new ways of capturing students’ level of 
understanding more directly (Ifenthaler & Drachsler, 2018; Kulasegaram & Rangachari, 
2018; Robinson & Song, 2019; Tomasik et  al., 2018). Although there is no uniform 
definition of formative assessments, a common element of most existing definitions 
is the collection of information on students’ learning progress, e.g. by means of the 
number and kind of correctly/incorrectly solved tasks (Bennett, 2011; Black & Wiliam, 
1998; Gikandi et  al., 2011; McManus, 2008). Although formative assessments, in the 
sense of traditional homework, have long been part of tertiary education, they have 
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the disadvantage that feedback on individual results can often only be given in a 
non-specific manner, especially in large student groups (e.g. Gibbs & Simpson, 2005). 
Their online versions, on the contrary, can be easily designed to offer automatic but 
still individualised and immediate feedback on the accuracy of each individual task 
and/or a summary of the number of tasks solved correctly (Gikandi et  al., 2011). Thus, 
OFAs can provide students with objective information about their actual level of 
understanding, which, in turn, can be used to adapt the current learning strategy 
(Clark, 2012; Irons & Elkington, 2022).

Both self-assessed and objectively measured understanding have been shown to 
have positive associations with academic performance (Higgins et  al., 2023; Pinquart & 
Ebeling, 2020; Richardson et  al., 2012; Yan, 2020). However, direct comparisons of their 
relative predictive power remain scarce. Therefore, the major aim of the present study 
was to examine the interplay between the self-assessed and the objectively measured 
level of understanding in their prediction of academic performance.

Previous research indicated that self-assessments of the current level of under-
standing reflected motivational beliefs, confidence, and, especially, self-efficacy rather 
than the actual level of understanding (Andrade, 2019; Panadero et  al., 2017; Pinquart 
& Ebeling, 2020; Yan & Brown, 2017; Zell & Krizan, 2014). From this perspective, the 
two measures of the level of understanding (self-assessed vs. objectively measured) 
may represent different constructs when self-assessed understanding is a measure of 
self-efficacy rather than the actual level of understanding. Self-efficacy is defined as 
the belief in one’s capability to succeed in specific tasks or learning situations (Bandura, 
1997). Self-efficacy can be considered at different levels of specificity, ranging from 
a general disposition to more domain-specific forms, and it has often been recom-
mended to use context-specific measures of self-efficacy to predict outcomes in a 
given context (Bandura, 2012; Gallagher, 2012; Honicke & Broadbent, 2016; Schunk & 
DiBenedetto, 2016). Crucially, self-efficacy is based on students’ perceived, rather than 
actual abilities (Waddington, 2023). In SRL models, self-efficacy is often embedded as 
a motivational driver that influences the use of self-regulatory strategies and signifi-
cantly shapes how students approach learning (Panadero et  al., 2017; Schunk, 1990; 
Schunk & DiBenedetto, 2016). Therefore, it is not surprising that self-efficacy has been 
shown to predict academic performance (Honicke & Broadbent, 2016). The relation 
between self-efficacy and learning, thereby, is considered to be reciprocal, with high 
self-efficacy shaping the approach to learning and thereby enhancing performance, 
which in turn leads to increasing self-efficacy (Talsma et  al., 2018; Williams & 
Williams, 2010)

Nevertheless, the relationship between self-efficacy and the level of understanding 
may be artificially enhanced by response biases when both are measured by means 
of self-assessments (Paulhus & Vazire, 2007). For example, optimistic and hopeful 
students might report higher self-efficacy (Feldman & Kubota, 2015; Phan, 2016), but 
might also overestimate their level of understanding. Such an artificially enhanced 
influence of self-efficacy on the level of understanding should become obvious in 
the self-assessment but not in the objective measure of the level of understanding.

Therefore, in the present study, we assessed students’ general and academic 
self-efficacy in addition to their self-assessed and objectively measured level of under-
standing as predictors of academic performance. Specifically, we investigated whether 
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self-assessed and objectively measured understanding explain the same portion of 
variance in academic performance and, if not, whether a potential relationship between 
self-assessed understanding and academic performance can be better understood in 
terms of self-efficacy. Based on this design, the study addressed the following four 
research questions:

1.	 To what extent do self-assessed and objectively measured understanding predict 
academic performance uniquely and commonly?

2.	 How do general and academic self-efficacy predict academic performance?
3.	 To what extent do general and academic self-efficacy predict self-assessed and 

objectively measured understanding?
4.	 How are self-efficacy, self-assessed, and objectively measured understanding 

interrelated in predicting academic performance?

Method

Procedure

The course investigated in the present study was part of the bachelor’s degree 
program in Psychology at the University of Bern. In the first week, students com-
pleted a prior knowledge test assessing general statistical knowledge (such as 
knowledge about central tendencies and measures of variability, covariances and 
correlations) and an online personality assessment using the survey software Qualtrics 
(https://www.qualtrics.com), which included the self-efficacy assessment. Students 
also responded to further items assessing students’ attitudes towards mathematical 
tasks. The course was offered in a blended format with in-person lectures (concur-
rently recorded as podcasts) covering topics of the comprehensive psychological 
assessment process, including formulation of hypotheses and specific questions that 
can be the subject of psychological examinations, types of operationalisation (e.g. 
interviews, performance tests, questionnaires), classic test theory, quality criteria of 
tests and assessment tools (reliability, validity, norms, etc.), decision rules, decision 
strategies, the quality criteria of decisions (e.g. sensitivity, specificity, positive and 
negative predictor values) and a short introduction to the assessment report. Nine 
OFAs were developed collaboratively by the course professor and teaching assistants 
to closely align with lecture content. Each OFA began with students assessing their 
understanding of the topics covered by the previous lecture (or two previous lec-
tures), followed by six to ten tasks. The OFAs were explicitly designed to reflect the 
key learning objectives of the course and included conceptual, applied, and 
calculation-based tasks directly derived from the course content. After each task, 
students received feedback explaining why their chosen solution was correct or 
incorrect. Three days after completing the OFAs, the tasks of the last OFA were 
discussed in class to clarify questions not answered by the feedback or to discuss 
how to apply the theoretical basics in practical diagnostics and assessments. Two 
weeks before the final exam, a mock exam covered the entire term’s content, pro-
viding an opportunity to assess students’ knowledge in advance of the final exam 
(see Figure 1 for the structure).

https://www.qualtrics.com
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Participants

Data from students across two years (2023 and 2024) were combined and analysed. 
Over the two years, a total of 578 students took the final exam of the course. The 
course structure and the content of the lectures and assessments remained consistent. 
In 2024, the accompanying case study was updated, with the example being revised, 
while the overall content and procedures remained unchanged. However, substantial 
content and structural revisions to the first OFA between the two years made its 
inclusion unfeasible, resulting in its exclusion and leaving eight OFAs for analysis. To 
justify combining data across cohorts and to ensure comparability of relationships 
between variables, we tested for at least metric measurement invariance, which is 
necessary when comparing relationships between variables across two or more groups 
(Thompson, 2016). Separate analyses were conducted per cohort to rule out systematic 
bias due to sample differences (see Supplementary Appendix A). The results of this 
comparison support the comparability of these two subsamples, with at least metric 
invariance for the measures of self-efficacy and self-assessed understanding, and 
partial metric invariance for objectively measured understanding, with only one out 
of eight measures (OFA 6) having a significantly different factor loading in the two 
cohorts. Schmitt and Ali (2015) emphasised that partial (metric) invariance can be 
considered of minor relevance as long as at least half of the manifest variables have 
the same factor loadings in the two groups to be compared or combined. Therefore, 
the level of comparability of the two groups could be assumed to be sufficient to 
combine them without biasing the relationships. Participation in the OFAs was a 
mandatory course component but was not actively monitored. At the end of the 
term, 401 students completed most of the OFAs  with no more than two OFAs missing 
and provided consent for their data to be used for research purposes. To be included 
in the study, students must have completed the questionnaire battery at the begin-
ning of the term, including the self-efficacy measures, and voluntarily submit their 
final exam grade under the same pseudonym they used for the OFAs. Based on these 
criteria, an additional 127 students were excluded. Three students were excluded from 
further analyses due to final exam grades of 2.0 or below (on a scale from 1.0 to 6.0, 
with 4.0 or higher indicating a passing grade). This exclusion aimed to minimise 
potential distortions caused by incomplete submissions from students who primarily 

Figure 1. S tructure of the term for the bachelor’s lecture psychological assessment at the University 
of X.
Note. Variables considered in the present study are highlighted in bold and shaded darker.

https://doi.org/10.1080/01443410.2026.2625279
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attended to familiarise themselves with the exam format and prepare for a later exam, 
often submitting blank or random answers. This resulted in a final sample of 271 
students (135 from 2023 and 136 from 2024).

To protect students’ privacy, all data were encrypted using self-generated pseud-
onyms, which were not accessible to instructors or researchers at any time. No personal 
information (e.g. gender or age) was collected, ensuring complete anonymity. 
Participation in the study was voluntary; students who did not consent to share their 
data still had full access to all learning materials. The local ethics committee of the 
human science faculty of the University of Bern reviewed this study and had no 
objections to the planned procedure (Nr. 2021-12-00004).

Measures

Self-assessed understanding
Before completing the tasks in each OFA, students were asked to rate their under-
standing of specific topics covered in the corresponding lecture. For example, they 
responded to questions such as, ‘From your point of view, how well did you under-
stand confidence intervals?’ or ‘…how well did you understand internal consistency?’ 
Responses were given on a percentage scale from 0 (no understanding) to 100 
(complete understanding). Each OFA assessed one to five of these specific topic areas. 
To create a single score per OFA, an average was calculated across the self-ratings 
for all included topics, resulting in one self-assessed understanding score per OFA, 
ranging from 0 to 100.

Objectively measured understanding
Each OFA consisted of six to ten tasks. These tasks could have a single- or multiple-choice 
format (with one or more correct answers among four alternatives), a Kprim format 
(consisting of four statements per task to be judged as true or false), or be open-ended. 
Solving these tasks sometimes required performing calculations or conducting analyses 
in R (R Core Team, 2024). For illustrative examples, see Figures 2 and 3. Correct 
responses were awarded one point, while incorrect responses received zero points. 
In Kprim tasks, 0.25 points were given for each correctly judged statement. Each OFA’s 
total score was calculated by summing the points across all tasks.

General self-efficacy
Jerusalem and Schwarzer′s  (2003) short-scale for general self-efficacy (WIRKALL-K) was 
used to assess general self-efficacy at the beginning of the term. The scale consisted 
of ten items, such as ‘I am confident in my ability to handle unexpected events 
effectively.’ and could be responded to on a four-point response scale ranging from 
1 (‘not agree’) to 4 (‘completely agree’). The full scale is openly accessible at https://
www.testarchiv.eu/de/test/9001003. The short scale showed sufficient internal consis-
tency (Cronbach’s α =  .82 to .86; Jerusalem & Schwarzer, 2003). Furthermore, the scale 
demonstrated discriminant validity with related constructs such as self-esteem (r = .49 
to .55), while strong negative correlations with general helplessness in student samples 
(r = –.75) provide evidence for convergent validity (Jerusalem & Schwarzer, 1986). 

https://www.testarchiv.eu/de/test/9001003
https://www.testarchiv.eu/de/test/9001003
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Moreover, the scale’s relevance for academic contexts was supported by significant 
correlations between general self-efficacy and academic performance, underscoring 
its predictive value for learning outcomes (Luszczynska et  al., 2005). For the descriptive 
statistics, the values were averaged over the ten items.

Academic self-efficacy
As a measure of academic self-efficacy, Jerusalem and Schwarzer′s (2003) academic 
self-efficacy scale (WIRKSTUD) was applied, containing seven items (e.g. ‘In my studies, 
I am always capable of achieving the required performance’). Responses were given 
on a four-point response scale ranging from 1 (‘does not apply at all’) to 4 (‘totally 
applies’), with one item reverse-coded. The full scale is openly accessible at https://
www.testarchiv.eu/de/test/9001003. The authors reported a good internal consistency 
(Cronbach’s α =  .87; Jerusalem & Schwarzer, 2003). The scale is clearly differentiated 
from other constructs, such as self-esteem (r = .37) and anxiety in performance 

Figure 2.  Example of a single-choice task used in an OFA in the bachelor’s psychological assess-
ment course.

https://www.testarchiv.eu/de/test/9001003
https://www.testarchiv.eu/de/test/9001003
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situations (r = -.49) (Jerusalem & Schwarzer, 1986). Additionally, significant relationships 
between academic self-efficacy and performance underscored the scale’s relevance 
for academic contexts (Taşdemir, 2019). The test score was the average of the responses 
to the seven items.

Academic performance
The final exam grade at the end of the term was used to measure academic perfor-
mance. The final exam covered the content of the lectures, the OFAs, and the man-
datory literature. It included 15 single-choice tasks (one correct answer out of four 
alternatives) and 15 Kprim tasks (four statements per task to be judged for correctness). 
Each correctly answered single-choice task was awarded one point; incorrect answers 
received zero points. For Kprim tasks, all four statements had to be correct to earn 
one point. If three out of four statements were correct, 0.5 points were awarded; 
otherwise, no points were given. To pass the exam, students had to achieve at least 
70% (21 points) of the maximum 30 points available, corresponding to a grade of 
4.0. Grades ranged from 1.0 (lowest) to 6.0 (highest), with half-grade increments (e.g. 
1.0, 1.5, 2.0, etc.). The two years did not differ in terms of mean grades or variance, 
t(269) = -0.72, p = .474. Nevertheless, the grades were z-standardised before combining 
data from the two years.

Data analyses

The data were analysed using R (version 4.4.1) and R-Studio (version 2024.12.0; R 
Core Team, 2024). To ensure a sufficient data basis for valid imputations, only students 
who have maximally missed two OFAs were included in the analyses (Enders, 2010). 
This supports the plausibility of imputed values under the Missing at Random assump-
tion (Rubin, 1987), while balancing data quality, sample size, and the risk of bias due 

Figure 3.  Example of a Kprim task used in an OFA in the bachelor’s psychological assessment 
course.
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to selective case exclusion. Of the 271 students, 27 (9.93%) missed one, and 11 (4.06%) 
missed two OFA(s). Little’s (1988) MCAR test indicated that the missing OFA data can 
be considered Missing Completely at Random, χ2(2069) = 2088.44, p = .378. Missing 
data for the incomplete OFAs were imputed using multiple imputations by chained 
equations with the mice package (van Buuren & Groothuis-Oudshoorn, 2011). Each 
measure of interest was imputed separately using predictive mean matching (Little, 
1988). Missing data on the self-efficacy measures at the beginning and the final exam 
grades at the end of the term could not be imputed, as these were one-time assess-
ments with no additional data points available for imputation.

To verify the assumed unidimensionality of the constructs, confirmatory factor 
analyses (CFAs) were initially conducted using the lavaan package (Rosseel, 2012)  
in R. For each of the eight measures of self-assessed and objectively measured 

Figure 4. L atent regression model with bifactorial self-efficacy predicting later academic perfor-
mance (N = 271).
Note. ***p <  .001.

Figure 5. L atent regression model with general and academic self-efficacy, self-assessed and objec-
tively measured understanding, predicting later academic performance (N = 271).
Note. *p <  .05, **p <  .01, ***p <  .001, one-tailed. Non-significant paths are depicted in grey and with dashed lines. Self-ef-
ficacy was modelled bi-factorially but presented in simplified form for clarity. The association between self-assessed and 
objectively measured understanding is modelled as a correlation.
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understanding, a separate single-factor model was tested. Additionally, the assumption 
of unidimensionality was examined separately for the two self-efficacy scales. CFAs 
were estimated using maximum likelihood with Satorra-Bentler correction (MLM). 
Mean scores were computed only if unidimensionality was confirmed. Based on these 
mean scores, descriptive statistics and correlations were calculated.

Given that self-efficacy was assessed at two nested levels of specificity (general 
and academic), we specified a bifactor model using MLM estimation to separate 
general self-efficacy from the measure of academic self-efficacy, following Gegenfurtner 
(2022). General self-efficacy was modelled as a general factor capturing variance 
common to all items, reflecting a broad sense of competence across domains. Academic 
self-efficacy was modelled with loadings only on its respective items, capturing vari-
ance unique to the academic level.

Self-assessed and objectively measured understanding, as well as the two levels 
of self-efficacy, were first analysed in separate latent regression analyses. In a final 
latent regression model, all predictors were included simultaneously, allowing for the 
estimation of their unique contributions to the explained variance in academic 
performance.

The model fits were evaluated using the comparative fit index (CFI), the root mean 
square error of approximation (RMSEA), and the standardised root mean square resid-
ual (SRMR) indices. A good (acceptable) model fit was indicated by CFI≥.95 (≥.90), 
SRMR < .08 ( < .10), and RMSEA < .05 ( < .08) (DiStefano, 2016; Schweizer, 2010). To ensure 
completeness, chi-square statistics were calculated but not interpreted due to their 
sensitivity to sample size (Hu & Bentler, 1999).

Results

Descriptive statistics and reliability of the measures of academic performance, the 
two levels of self-efficacy, and the self-assessed and objectively measured understand-
ing (averaged across the eight OFAs during the term) are presented in Table 1. For 
the intercorrelations of the five variables on a manifest level, see Table 2. All variables 
except general self-efficacy were related to academic performance, whereby objectively 
measured understanding correlated more strongly with academic performance than 
self-assessed understanding, Z = 3.384, p < .001.

For both self-assessed understanding, χ2 = 26.615, df =  17, p = .064, CFI = .988, 
RMSEA = .058, SRMR = .028, and objectively measured understanding, χ2 = 24.451, df =  
20, p = .223, CFI = .983, RMSEA = .032, SRMR = .042, a one-factor model with the eight 
measures across the term as manifest variables described the data well. It should be 
noted, however, that residual correlations had to be allowed for self-assessed under-
standing (see Supplementary Appendix B). Both variables predicted academic perfor-
mance at the end of the term when submitted separately to a latent regression 
analysis. The regression coefficients were β = .21 and β = .52 for self-assessed and 
objectively measured understanding, respectively. When self-assessed and objectively 
measured understanding were used concurrently to predict academic performance, 
only objectively measured understanding remained a significant predictor, β = .54, 
p < .001. Self-assessed understanding was no longer a significant predictor, β = -.03, 
p = .690. Self-assessed and objectively measured understanding were latently correlated 

https://doi.org/10.1080/01443410.2026.2625279


Educational Psychology 11

with r = .44, p < .001. The model described the data well, χ2 = 153.976, df =  114, p = .008, 
CFI = .972, RMSEA = .040, SRMR = .053, when considered together, and explained 27.5% 
of the variance in academic performance. Accordingly, only objectively measured 
understanding explained for a unique portion of variance in academic performance, 
whereas the predictive value of self-assessed understanding was fully captured by 
objectively measured understanding.

For the latent representation of self-efficacy, a bifactor model was computed where 
all items loaded on the latent variable general self-efficacy, while only more specific 
items were used to extract latent variables for academic self-efficacy. An alternative 
two-factor model yielded highly correlated factors; the bifactor model was therefore 
preferred, as it isolates the specific variance of academic self-efficacy while represent-
ing shared variance in a general factor. Notably, the pattern of results remained robust 
regardless of the choice of representation. This bifactor model described the students’ 
responses well, χ2 = 186.020, df =  107, p < .001, CFI = .929, RMSEA = .052, SRMR = .055.

Regressing the two levels of self-efficacy on academic performance led to an 
acceptable to good model fit, χ2 = 197.695, df =  121, p < .001, CFI = .933, RMSEA = .051, 
SRMR = .054. Academic self-efficacy emerged as a significant predictor (β = .34, p < .001), 
whereas general self-efficacy showed no predictive value (β = .00, p = .971). Overall, 
11.6% of the variance in academic performance was explained by self-efficacy (see 
Figure 4.).

For a comprehensive view, the bifactorial model for self-efficacy was integrated 
into a latent regression model. In this model, both self-assessed and objectively 
measured understanding were specified as latent variables that were allowed to 
correlate with each other. All four latent predictors, general and academic self-efficacy, 
as well as self-assessed and objectively measured understanding, were regressed onto 
(the manifest variable of ) academic performance (see Figure 5.). The model described 
the data well, χ2 = 650.671, df =  501, p < .001, CFI = .949, RMSEA = .034, SRMR = .054. 

Table 1. D escriptive statistics on a manifest level for academic performance, general and academic 
self-efficacy, and self-assessed and objectively measured understanding (N = 271).

M SD Min. Max. Omega

1. Academic performance 4.43 0.81 2.50 6.00 –
2. General self-efficacy 2.82 0.38 1.30 3.90 .84
3. Academic self-efficacy 2.61 0.44 1.29 3.71 .78
4. Self-assessed 

understanding
64.59 13.24 10.34 92.19 .94

5. Objectively measured 
understanding

5.52 0.90 2.54 7.28 .81

Table 2.  Pearson correlations on a manifest level for academic performance, general and academic 
self-efficacy, and self-assessed and objectively measured understanding.

1. 2. 3. 4.

1. Academic performance –
2. General self-efficacy .01 –
3. Academic self-efficacy .22*** .49*** –
4. Self-assessed understanding .19*** .30*** .31*** –
5. Objectively measured 

understanding
.45*** .09 .20*** .36***

Note. *p <  .05; **p <  .01; ***p <  .001, one-tailed.
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About 33% of the variance in academic performance was explained. A substantial 
portion of the effects of the self-efficacy measures on academic performance were 
mediated by both self-assessed and objectively measured understanding. Only aca-
demic self-efficacy explained a unique portion of the variance in academic perfor-
mance, with a decrease from β = .34 to β = .24 when controlling for the measures of 
understanding. Both self-efficacy measures, but especially general self-efficacy, were 
associated with self-assessed understanding. Only academic self-efficacy was associated 
with objectively measured understanding.

Given that prior knowledge has been often shown to be relevant in the context 
of self-efficacy and academic performance (Honicke & Broadbent, 2016; Sitzmann & 
Yeo, 2013), an additional analysis was conducted, including students’ prior knowledge 
as a control variable. The overall pattern of relationships remains unchanged when 
prior knowledge, which captures general statistical knowledge at the beginning of 
the term, was included in the final model (see Supplementary Appendix C).

Discussion

The positive influence of SRL on academic performance, especially in tertiary educa-
tion, has been extensively demonstrated (Broadbent & Poon, 2015; Ergen & Kanadli, 
2017; Zhao et  al., 2025). A core aspect of SRL is the ability to assess one’s own 
understanding accurately, which informs subsequent learning decisions (Hadwin et  al., 
2025). This understanding can be either self-assessed or objectively measured. Here, 
we investigated whether these two kinds of assessment explain the same portion of 
variance in academic performance. Furthermore, we aimed to clarify the role of 
self-efficacy in the interplay with self-assessed and objectively measured understanding 
when examining their association with academic performance.

Separate regression analyses revealed that both self-assessed and objectively mea-
sured understanding in the OFAs during the term significantly predicted academic 
performance at the end of the term, with objectively measured understanding showing 
a stronger association. This became especially evident when both measures of under-
standing were entered into a common regression model, where objectively measured 
understanding fully explained the effect of self-assessed understanding. Among the 
measures of self-efficacy, only academic, but not general self-efficacy, shared unique 
variance with academic performance. Both general and academic self-efficacy predicted 
self-assessed understanding, but only academic self-efficacy was directly predictive 
of objectively measured understanding. Finally, when both levels of self-efficacy were 
examined together with self-assessed and objectively measured understanding in a 
latent regression model, only academic self-efficacy and objectively measured under-
standing were significantly associated with academic performance.

As in previous studies, both self-assessed and objectively measured understanding 
explained a reasonable portion of variance in academic performance (Richardson 
et  al., 2012; Yan, 2020). However, their direct comparison in the present study revealed 
that the objective measure of understanding during the term is a much better pre-
dictor of the final grades at the end of the term compared to the self-assessed 
understanding during the term (Fuchs & Fuchs, 1986; Kuncel et  al., 2001; Žuljević & 
Buljan, 2022). Consequently, students would be well-advised to consider objective 

https://doi.org/10.1080/01443410.2026.2625279
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measures rather than subjective self-assessments of understanding when adapting 
their learning strategies. However, this requires that students are able to actively 
process such objective insights as feedback (Gibbs & Simpson, 2005). To optimally 
support students in this process, educational approaches emphasise encouraging 
students to critically reflect on feedback and giving them the opportunities to practice 
(Gibbs & Simpson, 2005; Nicol & Macfarlane-Dick, 2004). Furthermore, feedback delivery 
can be facilitated through dashboards that visualise indicators such as the percentage 
of correctly solved tasks or comparisons with peers in the same class (Cavalcanti 
et  al., 2021; Masiello et  al., 2024; Rets et  al., 2021). Importantly, to be effective, feed-
back should not only address content-related aspects but also be tailored to students’ 
level of SRL and self-efficacy (Brown et  al., 2016).

In addition to the level of understanding, self-efficacy at the beginning of the term 
predicted academic performance at the end of the term, as also reported in previous 
studies (Honicke & Broadbent, 2016). However, this effect was limited to academic 
self-efficacy, whereas general self-efficacy showed no meaningful association with the 
academic performance at the end of the term (neither in the correlational analyses 
nor in the latent regression models). These findings align with the need for specificity 
between predictor and outcome (Bandura, 2012; Choi, 2005; Wittmann, 1988). Academic 
self-efficacy refers to the demands of studying (such as preparation and organization) 
and, especially, focuses on dealing with the exam situation (such as the belief in the 
ability to perform under exam conditions). It might be this aspect of academic 
self-efficacy that is uniquely related to the grade in the final exam, given that the 
examination itself presents a challenge, requiring students to demonstrate their knowl-
edge and manage stress, cope with test anxiety, and perform under pressure 
(Ostermann et  al., 2022; von der Embse et  al., 2018). In this light, academic self-efficacy 
may serve as a psychological buffer, influencing students’ perceptions and their ability 
to perform in examination situations. Therefore, academic self-efficacy accounts for a 
unique share of variance in academic performance that is independent of both 
self-assessed and objectively measured understanding.

Regarding the interplay between self-efficacy and the level of understanding, both 
self-assessed and objectively measured understanding were similarly predicted by 
academic self-efficacy. This result indicates that there is a positive influence of aca-
demic self-efficacy on the level of understanding, which might reflect students’ con-
fidence in approaching learning. The nominally strongest relationship, however, was 
found between general self-efficacy and self-assessed understanding, which was not 
significant for objectively measured understanding. This differential result might sug-
gest a bias in the self-assessments of the level of understanding. General self-efficacy 
has been reported to be closely related to general traits such as hope and optimism 
(Feldman & Kubota, 2015). Therefore, the relationship between self-assessment of the 
level of understanding and general self-efficacy might have been artificially inflated 
when hope or optimism affected both the self-assessment of the level of understand-
ing as well as self-efficacy. This potential bias in the self-assessed understanding 
would be worth investigating in future studies.

Although we suspect the self-assessment of understanding to be biased in the 
present study, it should be noted that self-assessments remain important as they 
are substantial when focusing on individuals’ internal perspectives, including 
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perceived competence, task value, and personal interest or engagement (Eccles & 
Wigfield, 2002; Ryan & Deci, 2000; Zimmerman, 2000). Thus, self-assessments pro-
vide valuable insights into students’ perceived understanding, but they represent 
only one part of the picture (Moskal, 2010). For a comprehensive assessment of 
students’ learning and understanding, particularly when designing interventions or 
providing targeted support, objective measures are essential and should be taken 
into account.

Limitations

The present study has some important limitations that should be considered. The 
results offer new perspectives but cannot be easily generalised. The sample is highly 
specific, consisting solely of psychology students enrolled in the course Psychological 
Assessment. Even generalising to other psychology courses may be problematic, as 
the constellation of motivational variables and learning dynamics is likely to differ 
substantially depending on the course content. Due to data pseudonymization, no 
further demographics were available to protect participants’ identities, although factors 
such as gender may still have an influence (Huang, 2013; Voyer & Voyer, 2014). 
Moreover, there is a considerable selection bias within this group, as the analyses 
only included students who completed the initial questionnaires, a substantial portion 
of the OFAs during the term, and provided their final grade at the end of the term. 
This, combined with the fact that participation was not enforced, also substantially 
reduced the sample size.

It should also be noted that the measure of objectively assessed understanding is 
not entirely free from potential confounds. Since the OFAs were completed remotely, 
testing conditions could not be controlled, such as whether students worked individ-
ually or in small groups, or whether they engaged in other activities simultaneously. 
As such, the resulting scores may not perfectly reflect their individual performance 
or actual level of understanding. Moreover, modelling objective understanding high-
lights a central tension in practice-oriented approaches: maintaining comparability 
across cohorts while allowing ongoing empirical refinement.

Finally, differences in students’ learning strategies, depending on whether under-
standing was self-assessed or objectively measured, were not examined. Future studies 
could usefully explore how learning strategies adapt dynamically, particularly in 
response to feedback on current levels of understanding.

Conclusion

The present study provides converging evidence for the relevance of SRL and objec-
tively measured understanding (e.g. OFAs) in predicting academic performance. Within 
a blended learning context, objectively measured understanding proved more pre-
dictive of academic performance than students’ self-assessed understanding. While 
self-assessed understanding appeared to reflect both self-efficacy and actual under-
standing, it seems less suited for effectively monitoring the learning progress compared 
to objectively measured understanding. Furthermore, academic self-efficacy emerged 
as a direct and meaningful predictor of academic performance. These findings under-
score the value of designing learning environments that integrate more objective, 
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performance-based assessments with timely, content-specific feedback. Such environ-
ments enable students to gain a clearer picture of their actual understanding and 
adapt their learning strategies accordingly, thereby supporting accurate self-monitoring, 
fostering academic self-efficacy, and promoting SRL. Together, these factors may 
enhance the chance of success in tertiary education.
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