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Abstract: In technology-based learning environments, informative tutoring feedback (ITF)
strategies can be implemented to support students during task completion by providing
elaborated feedback such as error-specific hints instead of directly showing correct solutions.
However, identifying the underlying causes of errors is challenging, especially for more advanced
mathematical tasks in higher education. To counteract this issue, an ITF-strategy called guiding
feedback has been conceptualized. In the context of guiding feedback, students’ answers are
examined based on mathematical properties to identify the causes of their errors and provide
error-specific feedback. If students’ error causes cannot be identified, they can work through the
task in a series of sub-steps, allowing the system to gain insights into their procedures and
facilitating the provision of specific feedback. A previous field study examined the motivational
effects of guiding feedback in a mathematics course with engineering students. Contrary to
expectations derived from the literature, students who completed more tasks with guiding
feedback did not demonstrate significantly higher self-efficacy than those who completed fewer
tasks. To investigate whether students who worked on fewer tasks may have inaccurately judged
their abilities, the present research extends the previous findings by further analyzing students’
performance and calibration. Based on the number of completed tasks, 196 participants of the
field study were grouped into low, moderate, and high engagement categories. We evaluated
students’ performance by analyzing their assignments and assessed their calibration by
comparing their self-efficacy and performance. Results revealed that students in the high
engagement group had significantly better performance and calibration than students in the low
and moderate engagement groups. Overall, this research provides a more nuanced understanding
of the previous findings by showing that even though guiding feedback may not directly boost
students’ self-efficacy, it ensures that their judgments align with their actual performance.
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1 Introduction

The integration of technology plays an increasingly essential role in mathematics educa-
tion (e.g., Dyrvold & Bergvall, 2023; Erens & Eichler, 2018; Sunzuma, 2023). One key
advantage of technology-enhanced learning environments is their potential to automati-
cally generate formative feedback for students, which is provided during their learning
processes (Pals et al., 2023). In this context, informative tutoring feedback (ITF) strategies
can be implemented to support learners with ongoing constructive guidance by offering
elaborated formative feedback, such as error-specific hints, rather than simply presenting
correct solutions (Narciss, 2012). However, for more advanced mathematical tasks, it is
particularly difficult to determine automatically the underlying causes of students’ errors
when using assessment systems (Sangwin & Kocher, 2016). This challenge has led to a
significant research gap regarding the effects of ITF-strategies in higher mathematics ed-
ucation (Morris et al., 2021; Narciss & Zumbach, 2023).

To address this research gap, we used the Moodle plug-in STACK to conceptualize an
ITF-strategy called guiding feedback (Razeghpour, 2024a). As part of guiding feedback,
students’ answers are analyzed to identify the causes of their errors. If typical error causes
are identified, students receive error-specific feedback. When they are unclear, guiding
feedback offers task loops in which students can work through individual sub-steps. By
analyzing students’ step-by-step processes, the system gains insights into their
procedures, enabling the provision of error-specific feedback.

In a prior field study involving 222 engineering students, the impact of guiding
feedback on students’ self-efficacy was investigated within a mathematical university
course (Razeghpour, 2024b). Contrary to literature-based expectations, students who
completed more tasks with guiding feedback did not show significantly higher self-efficacy
than their less-engaged peers. However, it remained unclear whether this result might be
attributed to misjudgments by the less-engaged students. This study extends the previous
research by analyzing additional data from the field study to provide a deeper
understanding of the cognitive, metacognitive, and motivational effects of guiding
feedback.

1.1 Feedback strategies in instructional contexts

Narciss (2012) defines a feedback strategy as a plan for providing feedback within instruc-
tional settings, considering the following aspects:

e situational and individual conditions: e.g., students’ prior knowledge
e content of feedback: e.g., error-specific hints

e goals and purposes of feedback: e.g., pointing out mistakes

e timing of feedback: e.g., immediately after entering an answer

e presentation form of feedback: e.g., graphic visualization
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When determining the content of a feedback strategy, simple and elaborated
components can be combined (Narciss, 2008). Simple feedback includes, for instance,
knowledge of result (KR) and knowledge of the correct result (KCR). KR-feedback informs
students whether a task was solved correctly, and KCR-feedback provides the correct
solution. In contrast, elaborated feedback offers more comprehensive information when
answers are incorrect. For example, this can include knowledge about mistakes (KM),
which identifies the location of a mistake and its underlying cause, or knowledge on how
to proceed (KH), which provides solution-specific hints for task completion.

In the context of ITF-strategies, simple and elaborated forms like KR-, KM-, and KH-
feedback are combined to inform learners about their mistakes and help them master the
task without presenting the correct solutions (Narciss & Huth, 2004). This concept is
grounded in the pedagogical principle that human tutors often support students by
assisting them in correcting errors, rather than simply providing correct solutions (Kojo
et al., 2018). Prior studies demonstrated beneficial effects of ITF-strategies, but they were
primarily focused on basic mathematical tasks for elementary and middle school students
(Narciss et al., 2014; Narciss & Huth, 2006). There remains a notable gap in research
concerning the application of formative feedback strategies for mathematical tasks in
higher education (Morris et al., 2021; Narciss & Zumbach, 2023).

The ITF-strategy guiding feedback addresses this issue by broadening the application
of ITF-strategies to more advanced mathematical tasks through the use of the assessment
system STACK (Razeghpour, 2024a). When students work on mathematical tasks and
answer correctly, they receive positive confirmation in the form of KR-feedback. In
contrast, if their answers are incorrect, the system checks whether common error causes
led to their responses by employing a computer algebra system (CAS). For instance, in a
task involving the determination of a function’s extrema, the CAS can assess whether
students mistakenly calculated the zeros of the original function instead of its derivative.
If this is the case, the feedback can inform students about the underlying cause of their
error and point out the relevance of the derivative regarding a function’s extrema.

In cases where the causes of errors cannot be identified, guiding feedback informs
students that their responses are incorrect and gives them the opportunity to enter a task
loop, during which they are guided through the solution process. Considering this scenario
for the task of determining extrema, students would progress through individual steps,
including identifying the necessary and sufficient conditions for extrema, calculating the
first and second derivatives, finding the zeros of the first derivative, and classifying the
critical points as maxima or minima. This approach allows the assessment system to gain
deeper insights into students’ procedures and to provide more detailed feedback on
potential error causes. After each sub-step, students can either return to the initial task or
continue to the next step. Once all sub-steps are completed, they are encouraged to correct
their initial responses.
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1.2 Cognitive, metacognitive, and motivational effects of guiding feedback

From a theoretical perspective, the described characteristics of guiding feedback suggest
that it can yield positive cognitive, metacognitive, and motivational effects. Focusing first
on the cognitive effects, studies have demonstrated that feedback on students’ step-by-
step processing can significantly enhance their mathematical performance (Corbalan et
al., 2010; Kaarakka et al., 2019). By pointing out mistakes while learners engage with
tasks, guiding feedback can further facilitate the construction, specification, and structur-
ing of content-related, procedural, and strategic knowledge. This process contributes to a
deeper understanding and improved performance (Narciss, 2008).

From a metacognitive perspective, guiding feedback can promote students’ ability to
accurately judge their performance, which is defined as calibration (Pajares & Graham,
1999). Guiding feedback can foster students’ calibration by providing positive
reinforcement for correct answers and error-specific hints for incorrect ones (Butler et al.,
2008; Osterhage et al., 2019). Accurate calibration is essential, as it plays a central role in
the effective management of learning processes (Boekaerts & Rozendaal, 2010).
Conversely, poor calibration can have negative effects. Overestimation can result in
insufficient learning and reduced motivation (Chen & Zimmerman, 2007), whereas
underestimation can hinder the full development of one’s potential (Gravill et al., 2006).

Furthermore, guiding feedback can have motivational effects by supporting students
in completing their tasks without providing the correct solution outright. This approach
can enhance students’ self-efficacy, which is defined as their belief in their ability to
successfully perform certain tasks (Bandura, 1997). By withholding the correct answers
and supporting independent error correction, guiding feedback allows learners to
attribute their success to their own abilities, which is essential for increasing their self-
efficacy (Stajkovic & Sommer, 2000). Moreover, within the task loops, students receive
positive feedback for correctly completed sub-steps, leading to more mastery experiences
and further strengthening their self-efficacy (Usher & Pajares, 2006; Zientek et al., 2017).
Research has highlighted the significant role of students’ self-efficacy in mathematical
success, particularly when tackling more advanced tasks (Viholainen et al., 2019), as
higher self-efficacy leads to more ambitious goal setting (Honicke & Broadbent, 2016;
Saks, 2024) and greater persistence in challenging tasks (Skaalvik et al., 2015).

The potential effects of the presented characteristics of feedback have been
demonstrated across studies involving diverse student populations, with research paying
particular attention to engineering students (Das, 2023; Lache et al., 2021; Park et al.,
2026). Focusing on these students, guiding feedback can be especially effective, as they
frequently work on advanced, multi-step tasks that require procedural reasoning
(Bergsten et al., 2015; Taraban et al., 2007). As part of guiding feedback, the task loops
allow such problems to be broken down into smaller, manageable components, helping
students identify the skills needed for successful completion. This process supports
students’ self-assessment and can enhance both their performance and calibration (Beyer,
2002; Kuklick et al., 2023).
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1.3 Previous research on guiding feedback

The theoretically anticipated effects of guiding feedback have been investigated in two
studies. In an experimental study, 64 university students of an introductory mathematics
course were assigned to one of two groups based on their gender and grade (Razeghpour
& Rolka, 2026). One group received guiding feedback, while the other was provided with
an alternative ITF-strategy called summarizing feedback. Unlike guiding feedback, this
ITF-strategy did not allow students to engage in task loops if the causes of students’ errors
were unclear. Instead, they received detailed explanations for task completion. These ex-
planations included information on how to solve the task, but the final solution was with-
held to foster students’ active engagement. The results showed that guiding feedback sig-
nificantly enhanced students’ performance, self-efficacy, and calibration in comparison to
summarizing feedback.

To investigate the effects of guiding feedback in a regular educational setting, a field
study was conducted in a mathematical course with 222 undergraduate engineering
students (Razeghpour, 2024b). During the lecture period, students completed several
assignments. They were offered five so-called preparing tasks that include guiding
feedback to support them in practicing for the assignments. Before beginning each
assignment, students indicated their self-efficacy on a Likert scale. Contrary to
expectations, no significant differences in self-efficacy were observed between students
who completed none (0), some (1—4), or all (5) of the preparing tasks with guiding
feedback.

The contrasting findings regarding the impact of guiding feedback on students’ self-
efficacy may stem from methodological differences between the two studies. In the
experimental study, all participants completed the same number of tasks and received
feedback for each one. In contrast, the students in the field study completed varying
numbers of tasks, leading to different amounts of feedback. As a result, students in the
field study who only worked on a few preparing tasks may have overestimated their
abilities due to a lack of feedback (Labuhn et al., 2010).

Furthermore, while participants in the experimental study (Razeghpour & Rolka,
2026) were grouped based on gender and grade to ensure comparable group
compositions, the field study (Razeghpour, 2024b) naturally grouped students according
to the number of completed preparing tasks, potentially resulting in pre-existing
differences between the groups. Students who overestimated their abilities in the field
study may have avoided engaging with the preparing tasks under the assumption that
these tasks were unnecessary for enhancing their skills (Chen & Zimmerman, 2007).
Overall, a potential overestimation of students who engaged minimally with the preparing
tasks might have contributed to the fact that students with higher engagement did not
demonstrate significantly higher self-efficacy in the field study.
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2 Present research

Building on the theoretical framework of guiding feedback and the mixed findings regard-
ing its impact on students’ self-efficacy, this research extends the analysis by additionally
examining students’ performance and calibration. Specifically, we investigate whether the
non-significant effects on self-efficacy observed in the previous research (Razeghpour,
2024b) result from misjudgments by less-engaged students. By clarifying this relation-
ship, the study aims to uncover underlying factors contributing to the non-significant find-
ings and offer a broader perspective beyond self-efficacy alone. Accordingly, the following
research questions are formulated:

e RQ1) To what extent does engaging with tasks that include guiding feedback impact
students’ performance in a mathematics course?

¢ RQ2) To what extent does engaging with tasks that include guiding feedback impact
students’ calibration in a mathematics course?

Based on theoretical considerations regarding the effects of guiding feedback (see
Chapter 1.2), the following hypotheses are proposed:

e H1) Higher engagement with tasks that include guiding feedback enhances stu-
dents’ performance.

e H2) Higher engagement with tasks that include guiding feedback enhances stu-
dents’ calibration.

Since changes in the evaluation methodology were necessary for a more precise
analysis (see Chapter 3.1), students’ self-efficacy is reassessed to determine whether the
previously observed non-significant findings regarding self-efficacy (Razeghpour, 2024b)
are reproduced under the new conditions. Therefore, the additional research question is
addressed:

¢ RQ3) To what extent does engaging with tasks that include guiding feedback impact
students’ self-efficacy?

It is hypothesized that the previous findings regarding students’ self-efficacy will be
replicated:

e H3) Higher engagement with tasks that include guiding feedback does not enhance
students’ self-efficacy.
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3 Methods

3.1 Sample and design

This field study was embedded in a mathematics course at a German university. The
course focused on probability theory and statistics and was offered annually during the
winter semester. It was designed for undergraduate engineering students in their third
semester or higher who have successfully completed two prior mathematics courses. Con-
sequently, most participants were in their third or fifth semester and possessed a solid
foundational understanding of core mathematical methods.

During the lecture period, mathematical assignments were conducted on a weekly
basis, with a single attempt permitted within designated time frames. Students earned
bonus points for correctly solved assignments that contributed to an improvement in their
final course grade. To support students in practicing for the assignments, students were
offered voluntary preparing tasks that include guiding feedback. As it was not feasible to
create preparing tasks for all assignments due to time constraints, five assignments were
selected in collaboration with professors of mathematics and mathematics education,
which had a medium level of difficulty, covered different areas of probability theory and
statistics, and were spread over the entire lecture period. These selected five assignments
focused on the binomial distribution, the central limit theorem, the normal distribution,
confidence intervals and hypothesis tests. For these five assignments, students were also
asked to assess their self-efficacy before completing them.

In the previous study by Razeghpour (2024b), students were considered participants
if they reported their self-efficacy for at least one assignment and completed at least one
of them. For the present study, only students who reported their self-efficacy for more
than half of the selected assignments and completed more than half of them were included
in the analysis. This criterion was set to strengthen the reliability of the findings, resulting
in a final sample of 196 students. These students were naturally grouped according to the
number of completed preparing tasks.

To enhance the validity of group comparisons, the classification criteria from the
previous research were adjusted to ensure more meaningful distinctions and that each
group contained enough participants for more robust comparisons. The revised
classification resulted in the following distribution:

¢ low engagement (0—1 preparing tasks completed): 31 participants
e moderate engagement (2—3 preparing tasks completed): 33 participants
¢ high engagement (4—5 preparing tasks completed): 132 participants

3.2 Preparing tasks

For each of the five selected assignments, a corresponding preparing task was developed.
Both the assignments and the preparing tasks covered the same mathematical
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competencies and maintained a comparable level of difficulty, but they differed in their
numerical values. The preparing tasks could be completed multiple times, with the nu-
merical values changing after each successful completion, allowing students to decide how
many similar tasks they wished to complete before progressing to the related assignment.

To design guiding feedback for the preparing tasks, we identified potential causes of
errors and developed error-specific feedback for them. To determine these error causes,
we analyzed students’ responses from previous lecture periods, focusing on their most
common mistakes. For all other error causes, for which no specific feedback was
developed, we created task loops with individual sub-steps. When defining the sub-steps,
we specified the competencies required for the preparing tasks to ensure comprehensive
coverage of all necessary skills. Additionally, feedback texts for both correct and incorrect
answers were designed for all sub-steps. The development process was supervised by
professors of mathematics and mathematics education from three German universities.

Furthermore, previous versions of the preparing tasks were evaluated one year earlier
in the same university course through semi-structured interviews with five students
(Lache et al., 2021). The interviews addressed both content-related and design-related
aspects of the tasks. They were recorded, transcribed, and analyzed to support the further
development of the tasks. The findings indicated that the tasks were generally well
designed, with students particularly appreciating the opportunity to work through sub-
steps and receive immediate feedback. At the same time, they identified areas for
improvement, as some tasks were perceived as insufficiently precise and the length of
feedback messages was occasionally considered excessive. These results were
subsequently used to refine and enhance the preparing tasks.

To illustrate the material, Figure 1 visualizes the completion of a preparing task. In
this task, students were required to determine the probability that, under given
conditions, only a certain proportion of people who have purchased tickets will take their
flight. In the exemplary scenario shown in Figure 1, it was assumed that the task had not
been solved correctly and that the cause of the error could not be identified. Consequently,
the system indicated that the response was incorrect and offered the opportunity to
complete the task through structured sub-steps (see Figure 1, top left). The sub-steps
involved: (1) determining the distribution of the random variable, (2) calculating the
expected value and variance, (3) defining a new normally distributed random variable
through an appropriate transformation, and (4) expressing the event using this new
random variable.

During the completion of the sub-steps, an error occurred in the second sub-step,
where the variance was calculated incorrectly (see Figure 1, center right). The system
determined that the error was likely caused by applying the formula for calculating the
variance of a Bernoulli distribution instead of a binomial distribution. The feedback
explained that the given case did not correspond to a Bernoulli distribution and supplied
the correct formula for the variance of a binomial distribution. By engaging with the
feedback, the second sub-step could be solved correctly in a subsequent attempt (see
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Figure 1, bottom right). The remaining steps were completed correctly, and after the fourth
sub-step, the initial task was revisited and could be corrected (see Figure 1, center left).
In addition to the exemplary completion of the task, Figure 1 also illustrates that
beyond single-choice options (see Figure 1, sub-step 1), the use of STACK allowed for the
integration of free-input fields (see Figure 1, sub-steps 2—4), enabling the independent

formulation of mathematical results.

Figure 1. Exemplary processing of a preparing task

Preparing task) Lufthansa has taken a risk by selling 400 tickets for a plane
with only 366 seats. Based on past experience, only 90% of passengers board
their flights. Let X be the number of passengers who show up for the flight.

Determine the probability that there will be enough seats on the plane using the
normal approximation.

Answer: 0.91

X Your answer is wrong.
The task can be broken down into sub-steps. Once you have solved them, you'll

surely be able to correct your answer. | Go to sub-steps

Sub-step 1) State the distribution of the random variable X .

Bin(400, 9/10)-distribution %

v/ Correct answer, well done!
A passenger can either show up (success) or not show up (failure). The random
variable X therefore counts the number of successes in 900 independent

Bernoulli trials and is thus binomially distributed with parameters n = 400 and
_ 9

= 15-

Click on to return to the original task description, or on to

A

continue with the help.

Sub-step 4) Express the event X << 366 using the random variable Z.
{X <366} = {z<=1}

v/ Correct answer, well done!

The following transformation steps show that { X < 366} = {Z < 1}:

X — 360
3 £1 <= Z<1

X <366 < X-360<6 <

The probability for this event can now be found in the z-table.

Click on to return to the original task and to correct your initial answer.

Sub-step 2) Provide the expected value and variance of X .

Expected value: 360
Variance: 0.09

Your answer is not completely wrong.
You have correctly determined the expected value, but the variance is incorrect.
You may have used the variance formula for a Bernoulli distribution, which is
given by Var(X] = p(1 — p) = 0.09. However, you have already correctly
stated, X is binomially distributed, describing the number of successes in
multiple independent Bernoulli trials (passenger shows up or not). The variance
of a binomial distribution is given by Var[X] = np(1 — p).

1

v

Sub-step 3) Define a new random variable Z by a suitable transformation of X
so that Z is approximately standard normally distributed.

Z = (X-360)/6

v/ Correct answer, well done!
By the Central Limit Theorem, it follows that the standardized variable

Z = % is approximately standard normally distributed.

Click on to return to the original task description, or on to

continue with the help.

Sub-step 2) Provide the expected value and variance of X.

Expected value: 360

Variance: 36

v/ Correct answer, well done!

For a binomially distributed random variable X with parameters n = 400 and
p= %, the expected value is given by the formula E:X = np = 360 and the
variance is given by the formula Var[X| = np(1 — p) = 36.

Click on to return to the original task description, or on to

continue with the help.

Note. Illustration of a preparing task (top left) and its four sub-steps. Green arrows denote correct
inputs, while red arrows indicate incorrect inputs.

To facilitate students’ entries of mathematical expressions, an overview comprising
four categories (Numbers, operations, and sets; Trigonometric functions; Mathematical
constants; Vectors and matrices) was integrated into the HTML block of the Moodle
course. After students selected a category, a table was displayed, providing guidance on
how to input the corresponding mathematical expressions (see Figure 2). Embedding this
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support within the HTML block ensured its accessibility for students while working on
preparing tasks or assignments.

Figure 2. Support for entering mathematical expressions

Math Expression Input

1,234 1.234

a+b a+b

a—b a-b

a-b axb

a
b a/b

a,b a”~b
\/E sqrt(a)

{a,b,c} {a,b,c}

[ |
= |
= )

Note. Overview of the four categories for which support was provided in entering mathematical
expressions. The table for the first category (Numbers, operations, and sets) is displayed.

3.3 Measures

To assess students’ performance, we collected their scores on five digital assignments. The
assignments were created within the Moodle learning platform using STACK, enabling an
automated evaluation of students’ responses. To prevent students from copying answers
from their peers, the numerical values in the assignments were randomized using the CAS
(Harterich, 2019), ensuring that students received different versions of the assignments
while keeping the task requirements consistent. For each assignment, students could re-
ceive a total score ranging from o0 to 1 point. In cases where assignments consisted of mul-
tiple parts, the total possible score was evenly distributed among the parts. Thus, in an
assignment with four parts, students could earn a maximum of 0.25 points per part. To
ensure an accurate assessment of students’ performance, the system acknowledged minor
discrepancies between the expected solutions and students’ answers caused by incorrect
rounding. These responses were not considered entirely incorrect, resulting in only a half-
point deduction. In addition, for multi-part assignments, consequential errors were con-
sidered, preventing multiple deductions when intermediate results were relevant for sub-
sequent parts.

To assess students’ self-efficacy, an eight-point Likert scale was employed, enabling
students to rate their confidence in solving each assignment. The scale ranged from 1 ("I
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do not trust myself at all") to 8 ("I trust myself completely") and was adapted from Pajares
and Graham (1999), whose study demonstrated its high reliability (Cronbach’s a = 0.93).
For each assignment, students were asked to indicate their confidence in solving it on the
Likert scale. This task-specific evaluation of self-efficacy follows Bandura’s guidelines
(2006).

To investigate students’ calibration, both accuracy and bias scores were calculated.
While accuracy reflects the degree of precision in one’s judgments, ranging from complete
inaccuracy to complete accuracy, bias indicates the direction of these judgments, ranging
from under- to overestimation (Pajares & Graham, 1999). To calculate accuracy and bias
scores, the performance scale was transformed to align with the self-efficacy scale. The
bias score for each of the five assignments was computed as the difference between
students’ self-efficacy ratings and their transformed performance scores. This resulted in
a scale ranging from -7 to 7, where -7 indicated a maximum underestimation, 0 an exact
estimation, and 7 a maximum overestimation of one’s abilities. The accuracy score was
derived by subtracting the absolute value of the bias score from 7, yielding a scale ranging
from o to 7. In this case, 0 indicated a highly inaccurate estimation, while 7 represented a
highly accurate self-assessment.

3.4 Procedure

In the mathematical course, weekly assignments focusing on probability theory and sta-
tistics were conducted. The current study focuses on five selected weeks for which students
were offered preparing tasks. The course schedule of these weeks is illustrated by the cycle
in Figure 3.

In each of these five weeks, students had the free choice to work on the preparing task
(see Figure 3, No. 1) to practice for the current assignment. After either completing or
opting to skip the preparing task, students were asked to assess their self-efficacy for the
corresponding assignment on the Likert scale (see Figure 3, No. 2). Once students rated
their self-efficacy, they could begin working on the assignment itself (see Figure 3, No. 3).
An 11-day period was designated for the completion of each assignment. Students earned
a bonus point for each correctly completed assignment, which contributed to an
improvement in their final course grade (see Figure 3, No. 4). After the submission
deadline of each assignment, students received KR-feedback indicating whether their
solutions were correct, and KCR-feedback explaining how to solve the assignment
correctly (see Figure 3, No. 5).

The course schedule shown in Figure 3 is merely an illustrative case. Since completing
the preparing tasks and rating self-efficacy on the Likert scale were voluntary, students
could also begin the course schedule by reporting their self-efficacy or working on the
assignments. The last arrow in Figure 3, from the sample solution to the preparing task,
symbolizes the transition to the next selected week and is therefore dashed, distinguishing
it from the other arrows. At the end of the lecture period, students were classified into
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three groups (low, moderate, and high engagement) based on the number of completed
preparing tasks.

Figure 3. Course schedule

N\
1

5) Sample solution 2) Self-efficacy
K . *

4) Bonus point 3) Assignment

Note. The course schedule is presented as a cycle, starting at the top with working on a preparing task,
then proceeding clockwise to reporting self-efficacy, completing an assignment, earning a bonus point,
and receiving a sample solution.

4 Results

To address the research questions regarding the effects of guiding feedback on students’
performance (RQ1), calibration (RQ2), and self-efficacy (RQ3), we analyzed their re-
sponses to the assignments and their self-efficacy ratings on the Likert scale. Based on
these data, students’ calibration was assessed by computing accuracy and bias scores. As
stated in the hypotheses, higher engagement with preparing tasks was expected to signif-
icantly enhance students’ performance (H1) and calibration (H2) but not their self-efficacy
(H3).

Table 1 presents the descriptive statistics of each group for all dependent variables.
Across all pairwise comparisons, groups with higher engagement exhibited greater
performance, accuracy, and self-efficacy scores. For bias, groups with higher engagement
had lower scores in each comparison, indicating that students in the low and moderate
engagement groups overestimated their abilities, while those in the high engagement
group slightly underestimated their abilities. Furthermore, for all variables, score
differences between the low and moderate engagement groups were smaller than those
between the moderate and high engagement groups. The descriptive statistics provided
initial support for the proposed hypotheses, showing substantial differences between the
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groups in performance and both calibration measures, but only marginal differences in
self-efficacy.

Table 1. Descriptive statistics for performance, calibration, and self-efficacy

Dependent variable Group M SD
Performance Low engagement 0.28 0.26
Moderate engagement 0.34 0.16
High engagement 0.61 0.29
Accuracy Low engagement 3.48 1.47
Moderate engagement 3.97 1.38
High engagement 5.30 0.89
Bias Low engagement 1.92 3.06
Moderate engagement 1.44 2.01
High engagement -0.21 1.17
Self-efficacy Low engagement 4.67 1.96
Moderate engagement 4.84 1.54
High engagement 5.21 1.82

Note. Overview of the means (M) and standard deviations (SD) for each dependent variable and each
group. Performance ranges from 0 to 1; Accuracy scale ranges from o to 7; Bias ranges from -7 to 7, Self-
efficacy ranges from 1 to 8.

To evaluate whether the differences are statistically significant, proper tests are
necessary. Since the available data were not normally distributed according to Shapiro-
Wilk tests, the use of parametric methods such as ANOVA was not appropriate to examine
whether the groups differ significantly. Instead, a Kruskal-Wallis test was conducted for
each variable. This is a nonparametric method for independent samples that does not
require the data to be normally distributed. The results revealed significant differences
between the groups for performance (¥x2(2)=43.70, p <.001, n2=.21), accuracy
(x2(2) =54.30, p<.001, n2=.27), and bias (x2(2) =33.42, p <.001, n2=.16). In
contrast, differences in self-efficacy were not statistically significant (y2(2) = 3.31,
p =.191, N2 =.01). All p-values were adjusted using the Holm-Bonferroni method to
control the family-wise error rate.

The findings provide clear support for hypotheses H1 and H2, demonstrating that
statistically significant differences exist between at least two groups regarding
performance (p < .001) as well as both calibration measures (p < .001). Furthermore, the
result for self-efficacy (p = .191) supports Hypothesis H3, indicating that self-efficacy does
not differ significantly across the groups.

In a subsequent step, performance and both calibration measures were analyzed in
greater detail to determine which group differences were statistically significant. Because
the data were not normally distributed, Student’s t-test was not used. Instead, pairwise
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Mann—Whitney U tests with continuity correction were conducted for each dependent
variable (see Table 2). The p-values were adjusted again using the Holm-Bonferroni
method to control the family-wise error rate. Significant differences were found for all
three variables (performance, accuracy, and bias) between the moderate and high
engagement groups and between the low and high engagement groups. In contrast, no
significant differences were observed between the low and moderate engagement groups.
The effect sizes were medium for all significant comparisons (Cohen, 1988, p. 82).

Table 2. Mann—Whitney U tests with continuity correction

Dependent variable Group comparison z p r
Performance Low and moderate engagement 2.00 .098 .21
Moderate and high engagement 4.56 <.001 .38
Low and high engagement 5.01 <.001 41
Accuracy Low and moderate engagement 1.34 .200 .16
Moderate and high engagement 5.07 <.001 41
Low and high engagement 5.93 <.001 48
Bias Low and moderate engagement 1.34 .220 .16
Moderate and high engagement 3.47 <.001 .36
Low and high engagement 4.18 <.001 .34

Note. Overview of the test statistics (z), the p-values (p), and the effect sizes (r) of the Mann—Whitney U
tests for each group comparison.

5 Discussion

This study investigated three research questions regarding the effects of guiding feedback
on students’ performance (RQ1), calibration (RQ2), and self-efficacy (RQ3) in a mathe-
matics course. The results revealed that higher engagement with preparing tasks that in-
clude guiding feedback was associated with significantly higher performance and calibra-
tion but not self-efficacy. In this chapter, these results are discussed by focusing first on
the significant effects related to performance, accuracy, and bias (see Chapter 5.1.1), fol-
lowed by the non-significant findings for self-efficacy (see Chapter 5.1.2). Subsequently,
limitations of the study (see Chapter 5.2) and implications for teaching and research are
addressed (see Chapter 5.3).

5.1 Effects on dependent variables

5.1.1 Performance, accuracy, and bias

The hypotheses for research questions RQ1 and RQ2, that higher engagement with tasks
that include guiding feedback enhances students’ performance and calibration, were
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supported by the study. The following section explains possible factors that may have con-
tributed to the confirmation of these hypotheses. The discussion begins by addressing the
first research question regarding students’ performance, followed by the second research
question on calibration, considering both students’ accuracy and bias. Finally, this chapter
addresses why the effects of guiding feedback are particularly pronounced at a high level
of engagement, with significant differences observed only when the high engagement
group was compared with the other groups.

Regarding performance (RQ1), the process of deconstructing mathematical tasks into
discrete sub-steps may have facilitated students’ acquisition of skills and construction of
knowledge, thereby enhancing their performance (Corbalan et al., 2010; Kaarakka et al.,
2019). This aligns with cognitive load theory, which focuses on optimizing working
memory during learning (Paas et al., 2003; Sweller, 2011). According to the theory,
extraneous load is caused by inefficiently structured materials and should be minimized,
while germane load involves cognitive resources for processing and understanding the
material and should be maximized. The provision of guiding feedback could have
contributed to a reduction in extraneous load and an increase in germane load by allowing
students to focus on specific sub-steps to correct their answers. By focusing on relevant
sub-steps, students might have avoided engaging with content that was unnecessary for
error correction, which allowed them to allocate their cognitive resources toward
addressing their mistakes. Additionally, they received error-specific feedback at each step,
which supported them in refining their solutions and deepening their understanding
(Narciss, 2008).

Focusing on students’ accuracy (RQ2), the findings indicate that high engagement
with preparing tasks was associated with significantly higher self-assessment precision.
This finding could stem from the fact that students who engaged highly with the preparing
tasks became more familiar with the skills required for the tasks before evaluating their
abilities on the Likert scale. While working on the preparing tasks, students received
positive feedback for correct answers and error-specific feedback for incorrect ones, which
likely facilitated a more accurate self-assessment (Butler et al., 2008; Osterhage et al.,
2019).

In addition, a reciprocal relationship between performance and accuracy (Ewers &
Wood, 1993; Nietfeld & Schraw, 2002) could have amplified the observed effects.
According to the reciprocal relationship, performance increases resulting from high
engagement with the preparing tasks contributed to the enhancement of accuracy, and
vice versa. On the one hand, the greater performance in the high engagement group might
have supported the understanding and interpretation of error-specific feedback, enabling
students to make more precise self-assessments. On the other hand, their clearer
understanding of their areas for improvement may have encouraged them to engage more
intensively with the preparing tasks, resulting in greater performance compared to
students in the low and moderate engagement groups.

Furthermore, significant effects were observed for students’ bias (RQ2). Specifically,
while students in the high engagement group slightly underestimated their abilities, those
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in the low and moderate engagement groups overestimated their abilities. These
tendencies may be linked to the performance levels of the groups. The high engagement
group achieved approximately twice the performance level of the low and moderate
engagement groups. As a result, high-performing students had fewer opportunities to
overestimate their abilities, since overestimation could only occur near the upper end of
the self-efficacy scale. In contrast, low-performing students had a broader range for
potential overestimation, as they could misjudge their abilities to a greater extent. The
inverse relationship between performance and bias has been empirically confirmed in the
field of mathematics (Champion, 2010; Chen, 2003) as well as in other academic domains
(Bol et al., 2005; Hacker et al., 2000; Nietfeld et al., 2005).

Besides the general significance for performance, accuracy, and bias, it is remarkable
that the pairwise Mann—Whitney U tests revealed significant differences only when
comparing the high engagement group to the other groups. The descriptive statistics also
supported this finding, indicating that differences between the low and moderate
engagement groups were relatively small in terms of performance, accuracy, and bias (see
Table 1). The effects of the preparing tasks appear to be more pronounced at a high level
of engagement. A possible explanation is that students’ high engagement with the
preparing tasks may also be positively related to the amount of time and effort invested in
completing them. Students in the high engagement group may have been more motivated
to complete the preparing tasks, leading to deeper involvement with the provided guiding
feedback. The degree of interaction with feedback is referred to as feedback processing,
which encompasses not only the comprehension of feedback but also the implementation
of appropriate corrective actions based on it (Narciss, 2012). Feedback processing is a
critical factor in learning (Jonsson, 2013; Winstone et al., 2017). Students in the high
engagement group potentially benefited more effectively from guiding feedback by
engaging intensively with it, as this allowed them to gain valuable insights that supported
the improvement of their performance (Narciss, 2008; Timms et al., 2016). Moreover,
intensive feedback processing could have fostered students’ reflection on their knowledge
and skills, ultimately enhancing their calibration (Butler & Winne, 1995).

Overall, the results concerning performance and calibration are consistent with prior
findings on the generally positive impact of feedback in engineering education (Das, 2023;
Lache et al., 2021; Park et al., 2026) and align with previous evidence on the effectiveness
of ITF-strategies (Narciss et al., 2014; Narciss & Huth, 2006; Razeghpour & Rolka, 2026).
It is plausible that the multi-step structure of the assignments, commonly employed in
engineering settings, enhanced the effectiveness of guiding feedback. This structure made
it possible for the corresponding preparing tasks to be particularly well divided into
distinct sub-steps. These sub-steps enabled students to more effectively evaluate their
competencies relative to task demands and identify their strengths and weaknesses,
thereby further enhancing both performance and calibration (Beyer, 2002; Kuklick et al.,
2023).
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5.1.2 Self-efficacy

The hypothesis for research question RQ3—positing that higher engagement with tasks
that include guiding feedback does not enhance students’ self-efficacy—was supported, as
no significant differences were observed between the groups. This section discusses po-
tential factors that may have contributed to this lack of statistical significance. Further-
more, these results are contextualized against the seemingly contrasting findings of the
experimental study by Razeghpour and Rolka (2026), which identified significant differ-
ences in self-efficacy.

As noted in the introduction, there are essential methodological differences between
the present field study and the previous experimental study that help explain the observed
findings. In the experimental study, a direct comparison was made between two different
feedback strategies, such that groups differed only with respect to the type of feedback
received. In contrast, in this field study, students in the low and moderate engagement
groups worked on fewer preparing tasks and consequently received less feedback than
students in the high engagement group. This difference in feedback frequency may be a
critical factor, as particularly in mathematical contexts, students tend to overestimate
their abilities—a phenomenon observed across various age groups (Garcia et al., 2016;
Pajares & Miller, 1994; Sheldrake et al., 2022). Students who engaged more frequently
with the preparing tasks received more critical feedback, which presumably contributed
to a reduction in self-efficacy among those who initially overestimated their abilities. In
contrast, students who engaged less with the preparing tasks received fewer critical
insights and were therefore less aware of their weaknesses (Labuhn et al., 2010). In this
regard, a reduction of overly high self-efficacy in the high engagement group, alongside
the persistence of inflated self-efficacy in the lower engagement groups, may explain why
no significant differences in self-efficacy were observed between groups.

Additionally, the present research also differs from the experimental study because
there was no controlled group allocation, and therefore pre-existing differences between
the groups likely contributed to the results regarding self-efficacy as well. It is possible
that students with an initially high bias were more inclined to avoid the preparing tasks.
Research suggests that students’ overestimation of their actual abilities is often linked to
insufficient effort and the adoption of ineffective learning strategies (Chen & Zimmerman,
2007). Consequently, students with such a bias may have neglected the preparing tasks,
mistakenly perceiving them as unnecessary for enhancing their knowledge and skills. This
would also explain why the high engagement group did not have significantly higher self-
efficacy than the low or moderate engagement groups.

Furthermore, pre-existing performance differences between the groups could have
also contributed to the results regarding self-efficacy. Lower-performing students often
demonstrate an overly high level of self-efficacy, a phenomenon known as the Dunning-
Kruger effect (Kruger & Dunning, 1999). This effect is attributed to insufficient cognitive
and metacognitive abilities to recognize one’s own weaknesses (McIntosh et al., 2022;
Schlosser et al., 2013). The Dunning-Kruger effect has been empirically validated across
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various domains, particularly within mathematics education (Erickson & Heit, 2015; Yang
Hansen et al., 2024). It is therefore plausible that an initially low performance in the low
and moderate engagement groups contributed to their relatively high levels of self-
efficacy, leading to the observation that the high engagement group did not exhibit a
significantly higher self-efficacy than the low or moderate engagement groups.

Nevertheless, it should be emphasized that it cannot be completely ruled out that the
preparing tasks may have nevertheless elevated students’ self-efficacy, as only the post-
differences between the groups were assessed. Consequently, it is possible that the
preparing tasks and the provision of guiding feedback enhanced students’ self-efficacy in
the high engagement group. However, it is likely that students’ overestimation in the low
and moderate engagement groups contributed to the absence of a significantly higher self-
efficacy in the high engagement group. This assumption is supported by the fact that
guiding feedback encouraged students to independently correct their errors, which
allowed them to attribute their success to their own abilities and thereby could have
promoted their self-efficacy (Stajkovic & Sommer, 2000). Moreover, the positive feedback
for successfully completed sub-steps as well as for the overall task could have contributed
to boosting students’ self-efficacy in the high engagement group (Usher & Pajares, 2006;
Zientek et al., 2017). However, this potential increase in self-efficacy was likely limited by
remaining within a realistic self-assessment, so that the self-efficacy of students with high
engagement was not significantly higher than that of students in the low and moderate
engagement groups.

5.2 Limitations

As part of this field study, students were naturally grouped based on their voluntary par-
ticipation in the preparing tasks. This caused the high engagement group to be larger than
the others, as most students intensively used the preparing tasks to practice for the assign-
ments. Consequently, the disparity in group sizes restricted the comparability between the
groups. The natural grouping of students may also have led to the observed effects not
being solely attributable to engagement with the preparing tasks, as pre-existing differ-
ences between the groups likely influenced the outcomes as well. Specifically, students
with initially low performance may have engaged less with the preparing tasks, which
could have contributed to amplifying the evaluated differences between the groups. Stud-
ies have indicated that students with lower academic performance often have negative at-
titudes towards mathematics (Gjicali & Lipnevich, 2021; Kunwar, 2021), which may result
in a lack of interest in participating in supplementary educational activities.

Furthermore, limitations existed in the assessment of performance, as the submitted
solutions in the assignments were evaluated by the STACK system based solely on the final
answers, rather than students’ detailed solution processes. This limited the capacity to
assign appropriate scores, especially in cases where incorrect answers still contained
partially correct approaches.
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Finally, it remained unclear to what extent the students actually engaged with the
tasks. Students were classified based on the number of preparing tasks they completed,
which represents a purely quantitative measure. It would be particularly interesting to
investigate to what extent this quantitative measure correlates with qualitative aspects,
such as students’ feedback processing. However, such an analysis would require more
extensive data, which were not collected in this field study.

5.3 Implications

The findings of this field study carry significant implications for both teaching and re-
search. From a pedagogical standpoint, it is noteworthy that most engineering students in
this study (132 out of 196) demonstrated a high level of engagement with the preparing
tasks. As highlighted in the introduction, tasks that include guiding feedback are particu-
larly valuable for this group of students, as their university education frequently involves
advanced, multi-step tasks that require substantial procedural reasoning (Bergsten et al.,
2015; Taraban et al., 2007).

The positive effects associated with high engagement in preparing tasks underscore
the need to integrate such materials more systematically into engineering curricula. The
fact that approximately 67% of participants engaged intensively with the voluntary
preparing tasks reflects a clear demand for these learning resources among engineering
students. At the same time, it is crucial for instructors to recognize that there is a tendency
for students who might benefit most from such support to avoid these opportunities, as
they overestimate their abilities. Although this group is relatively small, it is important to
address this in teaching practice by emphasizing the relevance and benefits of preparing
tasks more explicitly during lectures.

From a research perspective, further studies are required to explore in greater depth
how students engage with guiding feedback. As mentioned in the limitations (see Chapter
5.2), qualitative insights would be particularly valuable, as benefits of feedback can only
be fully realized when students engage with it meaningfully. For this purpose, students
need to be observed while engaging with guiding feedback, asked to think aloud, or
interviewed afterward. Furthermore, given the recent developments, it is also desirable to
explore how generative artificial intelligence (GenAl) can be effectively integrated into
guiding feedback. Al-supported tools have the potential to adapt to students’ individual
learning processes (Khazanchi et al., 2025; Opesemowo & Adewuyi, 2024), which could
optimize ITF-strategies and enhance their effectiveness.

6 Conclusion

To examine the effects of guiding feedback, a field study was conducted in a mathematics
course at a German university. Students were offered five voluntary preparing tasks with
guiding feedback across several weeks, aimed at practicing topics from probability theory
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and statistics. Students were asked to assess their self-efficacy on a Likert scale for five
assignments and to complete the assignments afterward to demonstrate their perfor-
mance. The assignments covered the same competencies as the preparing tasks but dif-
fered in their numerical values. After students indicated their self-efficacy and completed
the assignments, calibration was determined based on the differences between perceived
and actual performance, using accuracy and bias scores.

The present research extended previous findings on the effects of guiding feedback
(Razeghpour, 2024b) by additionally analyzing students’ performance and calibration,
with refinements to the analysis methodology to obtain more precise results. These
refinements included adjustments to the sample and the grouping of students. Data from
196 students who reported their self-efficacy for at least half of the assignments and
completed at least half of them were analyzed, with students grouped based on the number
of completed preparing tasks into low (0—1 tasks), moderate (2—3 tasks), and high
engagement (4—5 tasks).

The results of this study confirmed the previous findings regarding self-efficacy, as no
significant differences in self-efficacy were observed between the groups, even after
refinements in the analysis. However, significant differences were found in terms of
performance, accuracy, and bias between the low and high engagement groups, as well as
between the moderate and high engagement groups. Students in the high engagement
group performed significantly better and showed more accurate calibration compared to
those in the low and moderate engagement groups. While the low and moderate
engagement groups strongly overestimated their abilities, the high engagement group
slightly underestimated their abilities.

Overall, the current research contributes to a deeper understanding of the effects of
guiding feedback by showing that, although no significant differences in self-efficacy were
observed between the groups, students in the high engagement group assessed their
abilities more accurately. In contrast, participants in the low and moderate engagement
groups tended to overestimate their performance, suggesting that comparing self-efficacy
levels alone is insufficient. These findings indicate that engaging with preparing tasks and
receiving guiding feedback does not necessarily increase self-efficacy, but rather promotes
a more realistic alignment between self-assessment and actual performance.
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