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Abstract

The impact of cognitive biases, particularly biased self-assessment, on learning out-
comes and decision-making in higher education is of great significance. This study
delves into the confluence of cognitive biases and user experience in spreadsheet
programming as a crucial IT skill across various academic disciplines. Through a
quantitative analysis, we investigate whether structured learning in spreadsheet pro-
gramming can counteract self-assessment biases among higher education students.
Specifically, our focus is on scrutinizing the accuracy of self-assessment in Excel
proficiency among professional STEM students at the University of Debrecen, Hun-
gary, by comparing traditional written and digital assessments. Our findings reveal
that while high-achieving students tend to exhibit more accurate self-assessments,
many students have a pervasive tendency to overestimate their spreadsheet com-
petencies. These results emphasize the necessity for educational strategies that
acknowledge cognitive biases in self-assessment, with far-reaching implications for
curriculum design and lean management in higher education, by integrating evi-
dence-based approaches to enhance digital competencies. This study makes a valu-
able contribution to the broader dialogue on improving learning outcomes and user
experience in spreadsheet programming. Additionally, the research provides valua-
ble insights for educators and policymakers, advocating for pedagogical adjustments
that can assist students in better evaluating their skills and knowledge, thereby pro-
moting more precise self-assessment practices.
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1 Introduction

Cognitive biases are increasingly recognized as a significant, global public mental
and health issue. Biased self-assessment, a crucial aspect of cognitive biases, refers
to people’s tendency to evaluate their abilities, traits, and characteristics in a skewed
or inaccurate manner (Karpen, 2018). Moreover, biased self-assessment can lead to
overconfidence in one’s judgments and abilities, often resulting in underestimating
the complexity of tasks or overestimating personal competence (Eva et al., 2018).
The self-enhancement tendency involves viewing oneself in an overly favorable
light, which boosts self-esteem but distorts self-assessment (Alicke & Sedikides,
2009). Another manifestation of this bias is the Dunning-Kruger effect, where less
skilled individuals overestimate their abilities, while highly skilled ones may under-
estimate their competence (Dunning, 2011; Kruger & Dunning, 1999). This cogni-
tive bias can impact decision-making, learning, and personal growth, as individuals
may fail to recognize their strengths and weaknesses accurately (Kim et al., 2016).

The persistence of self-knowledge biases can be attributed to the fact that the
mechanisms behind them operate at a subconscious level. Individuals possess vari-
ous cognitive tools to downplay threatening information and emphasize positive
information, with the most common tools being self-serving reasoning and biased
hypothesis testing (Robins & Beer, 2001). As the psychological mechanisms driv-
ing biased self-assessment remain below conscious awareness, the direct strategies
to address bias are unlikely to be successful (Kakinohana & Pilati, 2023). A more
effective approach may involve structuring students’ learning experiences in a way
that hinders the efficient operation of these unconscious biasing mechanisms in
higher education.

The research is centered on the relationship between end-user behavior and pro-
ductivity in digital problem-solving. Previous studies have demonstrated that cogni-
tive biases, overestimation, overconfidence, and errors are common in spreadsheeting,
which results in significant losses (T. Nagy et al., 2021; Sarkar et al., 2020). While
there are numerous tools available to correct spreadsheet errors, only some are dedi-
cated to teaching error prevention and building up Computer Science (CS)-based
spreadsheet knowledge. We advocate for a CS- and programming-focused approach to
spreadsheeting, in line with the principles of the lean production system (Niklas & Pir,
2015). In support of our proposal, we analyzed various educational materials, including
curricula, course descriptions, textbooks, help tools, printed and online tutorials, tests
and exams (Csernoch et al., 2024a, 2024b). It is observed that these sources primar-
ily emphasize tool-centered (low-mathability (Baranyi & Gilanyi, 2013), evidence-led
innovation (Wolfram, 2020, 2024), push-production system approaches (Liker, 2004;
Ohno, 1988; Rother, 2003, 2009; Womack & Jones, 1997) approaches and provide
minimal coverage of CS and mathematical principles, with a focus on the interface, the
operation, and functions of spreadsheet programs (Wolfram, 2020).

Despite the scientific findings of Computer Education Research (CER) (Csap6
et al., 2020, 2021; Csernoch et al., 2024a, 2024b), there appears to be an increas-
ing emphasis on hardware and software tools in spreadsheeting education. This
challenge raises further concerns regarding biases inherent in digital education,
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particularly the issues of cascade and group noise and group polarization. We argue
that there should be a more quantitative analysis of spreadsheet programming in
end-user experience to address how the emphasis on tool-centered approaches might
affect the understanding of CS and mathematical principles (Sarkar et al., 2020).
Consequently, there is a need to assess the following research question. What evi-
dence supports that the self-assessment of higher education students can be signifi-
cantly improved through courses in spreadsheet programming?

The importance of this study is to address the observation that a significant pro-
portion of tertiary students tend to inaccurately evaluate their level of spreadsheet
knowledge, digital competence and skill (Csernoch et al., 2015; T. Nagy et al.,
2021). Therefore, the aim of this study is to assess the proficiency of higher edu-
cation students to evaluate their spreadsheet knowledge. A comparative analysis of
traditional written and digital Excel tests will be conducted to analyze the impact of
the identified factors on students’ self-evaluation performance. However, there still
needs to be more consensus on whether self-assessment skills can be enhanced dur-
ing higher education courses (Lu et al., 2023).

The study explores whether high-achieving students have a more accurate self-
assessment of their proficiency in spreadsheeting. The study was conducted at the
University of Debrecen (Hungary), with a sample comprising students majoring
in fields, informatics (pre-service teachers of informatics and library and informa-
tion science), engineering, and economics. A rigorous quantitative analysis was
employed to facilitate a comparative assessment of the present findings with those
of the dominant research by employing a variety of statistical techniques, includ-
ing linear and logistic regression, as well as non-parametric statistical analysis.
This research paper sheds light on the cognitive biases inherent in self-assessment
practices based on the problem-solving experiences of higher-education students in
the context of spreadsheet programming. In the next sections, we present the lit-
erature background, data design and methodologies, and results. In conclusion, our
findings offer concise insights that contribute to the ongoing empirical and profi-
cient discourse on the enhancement of higher education in the domain of digital
competencies.

2 Literature background
2.1 Self-evaluation literature

The literature pertains to studies that have explored how individuals assess their
knowledge and abilities in relation to their proficiency in a specific area or in solv-
ing a particular problem (Jansen et al., 2021). These studies also look at the con-
nection between an individual’s self-assessment and their actual abilities (Moore &
Healy, 2008). The Dunning-Kruger (DK) effect suggests that individuals with lower
competence tend to overestimate their abilities and knowledge (Kruger & Dunning,
1999). One explanation for this phenomenon is the differences in metacognitive
abilities (MclIntosh et al., 2019), where individuals with lower capabilities may not
be able to evaluate their performance accurately (Dunning et al., 2003).
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The DK effect has been studied in various fields, such as mathematics and statis-
tics (Hosein & Harle, 2018; Magnus & Peresetsky, 2022), computing (Gibbs et al.,
2017), chemistry (MacNeil et al., 2024), economics, business (Feld et al., 2017;
Sawler, 2021), financial literacy (Balasubramnian & Sargent, 2020; Gignac, 2022),
health (Scheiber et al., 2023; Surdilovi¢ et al., 2022), accidents (Surdilovi¢ et al.,
2022), information literacy (Jin et al., 2020; Mahmood, 2016; Nierenberg & Dabhl,
2023), social psychology (Anson, 2018), and sports coaching ability (Sullivan et al.,
2019). Alongside research confirming the DK effect, several studies are exploring
its limitations. Some researchers even argue that the effect may be nothing more
than a statistical artifact, while others question the correctness of the explanation
(Hartwig & Dunlosky, 2014). Furthermore, the self-evaluation of individuals can be
influenced by their previous experiences, beliefs, and newfound information gained
(von Suchodoletz & Hepach, 2021). Consequently, there is a need to consider the
effect of limited knowledge of abilities on the validity of the Dunning-Kruger effect
(Lebuda et al., 2024).

The need for a clear consensus emphasizes further investigation of the DK
effect. DK impact studies can be particularly important in addressing challenges
and developing appropriate vaccination policies regarding childhood or pandemic
anti-vaccination (Motta et al., 2018), as less informed individuals may overes-
timate their knowledge, and this may influence their decisions. Examining the
impact of DK can be just as important from the point of view of developing an
appropriate education policy (Schunk & Zimmerman, 1997). In instances where
students have an inaccurate assessment of their proficiency in a specific subject,
this can significantly impact their choices regarding education and dedication
to self-enhancement (Chen et al., 2015). Conversely, accurate self-assessment
among STEM (Science, Technology, Engineering and Mathematics) students pre-
paring for exams can lead to an increase in career awareness and a reduction in
dropout rates (Han et al., 2021).

Yang et al. (2024) demonstrated the impact of the Dunning-Kruger effect on the
math results of Grades 3 and 4- students. They also found differences across six
European countries in their comparative study. In addition to socioeconomic back-
ground and gender, the DK effect may be influenced by country-specific factors.
However, in a similar study on mathematical performance, Hosein and Harle (2018)
concluded that students with medium performance are more likely to evaluate them-
selves less accurately than students with low or high performance.

The deviation of self-evaluation from objectively measured performance, such
as under- or overvaluation, is changed with age. Xia et al. (2024) investigated
whether children tend to overestimate their abilities in performing certain tasks.
However, the study observed that children’s metacognitive ability develops with
age, leading to a decrease in overestimation from early to late childhood. In con-
trast, Prims and Moore (Prims & Moore, 2017) did not find evidence to support
the idea that younger people tend to overestimate their abilities in their study of
individuals aged 18-75. Crawford and Stankov (1996) revealed an ineffective but
positive relationship between overconfidence and age for intelligence. Schaefer

@ Springer



Education and Information Technologies (2025) 30:14821-14851 14825

et al. (2023) explored the relationships between individuals’ perceptions of task
difficulty and their actual performance across different age groups and genders.
Among the four groups separated by age (children, teenagers, younger adults,
and older adults), young adults judged the difficulty level of the tasks most accu-
rately in relation to their performance. Pak and Chatterjee (2016) showed that
older people overestimate their abilities and skills related to financial investment,
and the degree of overestimation increases with age. However, in a health-related
Chinese study, Jia et al. (2023) determined that older adults overestimated their
health status and underestimated the risks associated with smoking. Meanwhile,
Gignac (2022) studied people older than 18 and found that there was no age dif-
ference in the Dunning-Kruger effect related to financial literacy. The author also
could not confirm the impact of DK (Gignac, 2024).

Prompted by the question of whether the Dunning-Kruger effect can be observed
and if it changes with age as a result of learning and experience, we are led to
investigate the importance of time spent in higher education or the completion of
individual courses from the perspective of the DK effect. De Bruin et al. (de Bruin
et al., 2017) found that college students’ accuracy in predicting their exam scores
decreased as the course progressed and their ability improved. This phenomenon led
to a reduction in the overestimation of lower-performing students, while the underes-
timation of higher-performing students was observed compared to the actual results.
Gonda (2022) surveyed environmental awareness and conscious consumer behavior
in relation to sustainable development. The sample was grouped into six categories
based on their education levels: elementary school, vocational school, vocational
high school, high school, tertiary technical school, college and university degree.
The results revealed the DK effect, indicating that it decreases as the education level
increases. In simpler terms, individuals with higher education levels tended to assess
their knowledge more accurately.

Several empirical studies have examined the performance of high school and uni-
versity students (Anson, 2018; de Bruin et al., 2017; Gonda, 2022; Nierenberg &
Dahl, 2023). In higher education, researchers typically engage in survey research
pertaining to the bachelor’s and master’s degree levels (Kun, 2016; Nepal & Kafle,
2024). Nierenberg and Dahl (2023) examined the accuracy of students’ self-assess-
ment of their skills before and after taking tests. The results revealed that students’
information literacy skills improved as they advanced in education. Prior to the tests,
first-year and master students tended to overestimate their abilities, while PhD gen-
erally underestimated their skills. After completing the tests, all groups of students
underestimated their performance despite showing improvement. Surdilovi¢ et al.
(2022) examined final-year dental students’ communication, diagnostic, and clinical
skills for an entire academic year. Based on the results, they found that in addition to
the improvement in ability, the students’ overestimation of their ability did not show
a decrease since their self-confidence decreased. When comparing abilities related
to a specific research field and self-assessment, the survey results can be misleading.
For example, classifying students as better or less able based on exam results may
not confirm the accuracy of their self-assessment, as preparation can also impact
results.
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2.2 Spreadsheet programming

In the realm of spreadsheet software (Abraham et al., 2009; Sestoft, Wakeling,
Sarkar et al., Burnett et al., 2001), there is a prevalent belief that spreadsheets pro-
vide a platform for programming that closely adheres to the principles of func-
tional programming (Booth, 1992), effectively serving as a simplified functional
language. However, neither computer science nor education discipline appears to
facilitate this advantage of spreadsheeting (Wolfram, 2020). The focus of both is
primarily tool-centered, with an emphasis on the environment rather than problem-
solving approaches. In contrast, our research group has developed Sprego (Spread-
sheet Lego) (Csernoch, 2014), which is based on the programming paradigm hidden
behind spreadsheets and Booth’s findings regarding the role of functional program-
ming as a first language (Booth, 1992).

Sprego meticulously aligns with the foundational principles of computer science,
incorporating Cognitive Load Theory (Sweller et al., 2011) and cognitive processes
(Kahneman, 2011). Moreover, it embraces the concept-based problem-solving
methodology (Polya, 1945) and embodies the long-term thinking philosophy of the
Toyota Production System (TPS) (Ohno, 1988). The strong integration of various
theoretical frameworks highlights the resilience of the Sprego approach. The learn-
ing-teaching approach utilizes real-world data for comprehensive analysis, mainly
sourced from the internet or private collections (Csapd et al., 2021; Csernoch,
2014). It facilitates the development of a kanban system, starting from the desired
output requirements and formulating algorithms (plans) based on the needs. The
coding is performed using a minimal set of spreadsheet functions (Csernoch, 2014).
Emphasis is placed on scrutinizing the problem-solving process and the outputs of
the algorithm steps (builds automation with a human touch, e.g., jidoka). If an error
is detected during the process, it is halted and not resumed until the error is rectified.
An important aspect of Sprego is its ability to differentiate between errors and error-
outputs, while also instructing students on how to recognize genuine errors and cor-
rect results with error-outputs.

In accordance with Sprego’s Just-in-Time approach (Csernoch et al., 2024a,
2024b), which emphasizes the use of tools tailored to the specific task at hand, it
is apparent that the focus lies in utilizing only the necessary teaching instruments
to address immediate issues. The teacher is primarily responsible for the selection,
considering the background knowledge, skills, competencies, interests, age, and
other school subjects of the students to provide an appropriate learning experience
(Kim et al., 2019). The chosen problems should give students enough time and space
to practice and develop mental frameworks for long-term memory storage. The con-
cept of mental frameworks is crucial in education and effective problem-solving
(Kahneman, 2011; Sweller et al., 2011), as they enable fast thinking when needed,
enhancing their efficiency and effectiveness. In the absence of mental frameworks,
a slower, more deliberate thought process becomes imperative, thereby elevating the
likelihood of errors (Kahneman, 2011; Panko, 2013). Additionally, if misconcep-
tions are stored, they can lead to incorrect results, potentially influenced by end-
user confidence (Abraham et al., 2009; Panko, 2013; Sarkar et al., 2020; Wakeling,
2007).
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Table 1 The fundamental set of

sprego functions Sprego text Sprego numbers Sprego pro
LEFT() sum() 1F()
RIGHT() MINQ) MATCH()
LENQ) MAX() INDEX()
SEARCH() AVERAGE() ISERROR()

Source: (Csernoch, 2014; Csernoch & Bir6, 2015)

Sprego stands out due to its emphasis on the concept of simplified functional pro-
gramming (Table 1). This approach draws from mathematical concepts while pro-
viding practical applications. The spreadsheet offers students a valuable opportunity
to grasp the practical benefits of functions, extending beyond their traditional use for
graphing in math class (Burnett et al., 2001). Sprego not only incorporates the set of
the limited number of functions but also expands upon it, enabling the manipulation
of various data types, n-ary, and multilevel functions. These advanced concepts sur-
pass the boundaries of elementary mathematics.

As noted by Wolfram, in a modern computer-based (math) education environ-
ment, the curriculum can be organized based on conceptual complexity rather than
computational complexity (Wolfram, 2020). Furthermore, Sprego enables the con-
struction of multilevel functions. In this formula, the functions are embedded within
one another, e.g., INDEX(CAPITAL,MATCH(MAX(AREA),AREA,Q)). This feature enhances
students’ comprehension of how the output of one function can serve as the input
for another. In essence, Sprego offers a harmonious blend of constructionism and
targeted instruction (Csapé et al., 2020, 2021; Csernoch, 2014).

2.3 Cognitive biases influencing spreadsheet programming

Cognitive biases are systematic patterns of deviation from norm or rationality in
judgment, which can significantly impact user experience (UX) and spreadsheet
programming (Blanco, 2017). While the Dunning-Kruger effect — where individu-
als with low ability overestimate their competence — is notable (Kruger & Dunning,
1999), a comprehensive understanding of various cognitive biases is essential for
creating effective teaching environment.

The functions offered by Sprego (Table 1) touch upon a notable cognitive bias
known as the less-is-more pattern (Kahneman, 2011). This collection of Sprego
functions is developed from algorithmic and programming principles, utilizing
insights from cognitive load research (Sweller et al., 2007, 2011). One pressing
question for Sprego and similar programming and computer science environ-
ments (Hubwieser, 2004) is how to integrate new functionalities into an existing
set. The less-is-more patterns suggest that while larger sets are often viewed more
favorably during joint evaluations, they tend to be less appreciated in individual
evaluations (Kahneman, 2011). This phenomenon can be attributed to the behav-
ior of fast thinking (System 1), which typically averages responses during single
assessments. It implies that educators, learning materials, and end-user interfaces
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may continuously add and propose new features, provided there is an opportu-
nity for slow thinking (System 2) to engage. However, it has been observed that
System 2 is prone to errors, underscoring the importance of allowing System 1 to
operate to reduce mistakes (Panko, 2013). Panko (2013) observed that slow think-
ing is often applied during spreadsheet activities, which can lead to errors. Based
on these findings, reducing cognitive load through a high-mathability approach
allows both System 1 and System 2 to contribute effectively to problem-solving
in spreadsheeting.

Kahneman (2011) notes that if they added a cheap gift to the expensive set
of products that made the whole deal less attractive. Less is more in this case.
These findings lend credibility to Sprego. The set is inherently limited due to
cognitive load, but it can be expanded in alignment with fundamental concepts.
This result also sheds light on our earlier finding that tool-centered and algo-
rithm-driven spreadsheeting cannot be combined effectively (Csernoch et al.,
2024a, 2024b). Furthermore, it implies that continuously expanding the func-
tionalities of digital products may not be sustainable as the cognitive load on
end-users increases, making it challenging for them to fulfill their designated
roles (Csernoch et al., 2024a; Nagy & Csernoch, 2023). This outcome aligns
with Collins’ findings, which highlight that organizations seeking to progress
from good-to-great must adhere to a clear concept (Collins, 2001). If an oppor-
tunity does not align with this framework, it should be rejected. For example, if
new features or functions for Sprego do not resonate with our core concept, we
must forget them.

Additionally, the noise effect refers to the psychological phenomenon where indi-
viduals adopt beliefs or behaviors based on the actions of others (Kahneman et al.,
2021), often without critical evaluation (Blanco, 2017). In the realm of spreadsheet
programming, this can manifest as the inclination to embrace widely utilized func-
tions or formulas simply because they are popular, rather than assessing their appli-
cability or efficiency for a given context. This tendency may lead to suboptimal
decision-making or the perpetuation of inefficiencies in data analysis and modeling.
This confirmation bias is the tendency to seek, interpret, and retain information that
reinforces one’s preconceptions. It can lead users to prioritize feedback that supports
their initial ideas, potentially overlooking critical user needs (Frank et al., 2024).
The social desirability bias refers to the tendency of respondents to answer questions
in a way that will be viewed favorably by others (Azzopardi, 2021; Kahneman et al.,
2021). In the context of this research, it may lead participants to provide feedback
that they believe the researcher expects rather than expressing their authentic opin-
ions, thereby skewing the collected data. Similarly, the false consensus effect is the
inclination to overestimate the extent to which others share our beliefs and behaviors
(Friedman, 2023). Recognizing and addressing these cognitive biases influencing
decision-making is essential for both professionals and spreadsheet programmers.
By understanding and mitigating the impact of these biases, practitioners can make
more informed decisions, ultimately enhancing user experiences and improving data
management accuracy.
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2.4 Cascade and group noise and group polarization in digital education

End-user computing remains one of the most controversial topics within the field of
Computer Science (CS). CS is notably shaped by various stakeholders, e.g., devel-
opers, traditional computer scientists, industry professionals, educational institu-
tions, and the end-users themselves. Given this landscape, it is unsurprising that
cognitive biases emerge from these influences. Each of these participants seeks to
advance their interests, whether intentionally or intuitively. Kahneman et al. (2021)
have established that both cascade and group noise play a critical role in decision-
making. As noted by Kahneman et al., there are ‘wise crowds’, whose mean judg-
ment is close to the correct answer, but there are also crowds that follow tyrants, fuel
market bubbles, believe in magic, or are under the sway of a shared illusion.

The low-efficiency of end-users can also be explained by the dynamics among
group members where the level of noise is high (Carroll, 1987; Kirschner & De
Bruyckere, 2017; Rattenbury et al., 2017; Reynolds, 2008). A great deal depends
on social influences and on whether people see that other people are attracted or
repelled. Kahneman et al. (2021) suggest that the perceived consensus among group
members can be misleading, as it may stem from the initial opinions of a limited
number of individuals rather than genuine collective wisdom. Additionally, they
highlight those informational cascades can steer groups toward significantly detri-
mental outcomes.

Digital education is among the fields that are significantly affected by group and
cascade noise. A notable contributor to this noise is termed’folk pedagogy’, like folk
medicine, negatively impacts digital education (Lister, 2008). Malmi et al. (2019)
asserted that practice-based papers predominate in the discipline. However, a sub-
stantial amount of work is being conducted in Computer Education Research (CER),
and the current influence of theoretical constructs on ongoing research appears to
be limited (Malmi et al., 2023). If folk pedagogy overshadows CER, it can generate
significant noise, leading research in misguided directions.

Moreover, the Dunning-Kruger effect contributes to the problem when under-
qualified participants voice their opinions first, and it can evoke cascade noise.
Given that end-user computing operates within a vast industry of varied interests,
participants are eager to share their views, further amplifying the noise. This noise
can result in group noise and group polarization, where individuals typically shift
toward more extreme positions in line with their initial inclinations after interacting
with one another.

Additionally, if individuals are concerned about their reputation within the
group, they may gravitate toward the dominant perspective, further contributing to
polarization (Kahneman et al., 2021). If people find their convenience more appeal-
ing (either conscious or not) compared to group interest, it can lead to the same
result. Group polarization can lead to errors if the inefficiency of end-user activities
is accepted and the errors within digital artifacts are tolerated and endorsed by the
educational systems. Then, teachers are likely to adopt this mindset, which, in turn,
influences students. The noise generated by folk pedagogy, the Dunning-Kruger
effect, and the perspectives of billions of end-users, along with outsiders, contrib-
ute to group polarization and render end-user computing one of the less sustainable
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areas within Computer Science and its applications. This bias needs to be acknowl-
edged, and transformative changes are necessary to reduce the noise surrounding
digital education.

3 Materials and methods

This research utilized a quasi-experimental design to assess the impact of different
teaching methodologies on the performance of professional end-users—specifically,
STEM-oriented university students at the University of Debrecen, Hungary. The
study compared groups that engaged with the Sprego method, traditional tool-cen-
tered approaches, and a combination of both.

3.1 Research design

The study involved 173 students enrolled in bachelor’s (BSc) and master’s (MSc)
programs across the disciplines of Economics and Business, Engineering, and Infor-
matics. The sample comprised 69 master students and 104 bachelor students. In
terms of language of instruction, there were 66 international students and 107 Hun-
garian students.

Participants were categorized into three groups based on the instructional method
they received:

e Sprego Group (DPULL): This group consisted of 27 students who were taught
using the Sprego methodology. Sprego is a deep-approach programming tool
designed for spreadsheet environments, focusing on general-purpose functions to
enhance algorithmic, programming and problem-solving skills.

e Non-Sprego Group (DPUSH): This group included 107 students who underwent
traditional, tool-centered instructional methods.

e Mixed-Study Group (DMIXED): Comprised of 39 students, this group experi-
enced a blend of both teaching methodologies.

In this quasi-experimental research framework, the independent variables were
the teaching methodology (Sprego, traditional, or mixed), programs and internaliza-
tion. In contrast, the dependent variables were the students’ performance and assess-
ment outcomes. Unlike true experimental designs, quasi-experiments do not utilize
random assignment, which can lead to selection biases. These factors may impact
the internal validity of the study. Nevertheless, they offer valuable insights into edu-
cational contexts where randomization may not be feasible (Handley et al., 2018).

Data were gathered through assessments that measured students’ proficiency and
understanding of the material covered. The analysis aimed to evaluate the effective-
ness of the Sprego methodology compared to traditional teaching methods. Previous
studies have suggested that Sprego can be more effective than traditional tool-cen-
tered approaches in teaching spreadsheet programming (Csap0 et al., 2020, 2021).
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A B (e D E F G H
1 Country Continent|Capital Area Population (thousand)
2 Afghanistan Asia Kabul 647500 27756
3 Albania Europe |Tirana 28748 3545
4 Algeria Africa Algiers 2381740 32278
5 American Samoa |Oceania |Pago Pago 199 69
6 Andorra Europe |Andorra la Vella 468 68
7 Angola Africa Luanda 1246700 10593
8 Anguilla Amerika |The Valley 102 12
233 Yemen Asia Sanaa 527970 18701
234 Yugoslavia Europe |Belgrade 102350 10657
235 Zambia Africa Lusaka 752614 9959
236 Zimbabwe Africa Harare 390580 11377 i
+ : @ >

Fig. 1 Sample table of paper-based testing Source: author’s compilations

3.2 Testing process

During the testing process, two distinct test versions were employed: a paper- and an
Excel-based version. Potential differences between the versions were accounted for
in the analyses, with these variations considered separately.

The testing process comprised three major phases.

o Self-assessment

Evaluations of self-assessment can be divided based on whether individuals
measure their competence in an absolute or relative manner. In absolute evaluation,
individuals assess their abilities against an objective standard. In relative evaluation,
they compare their knowledge to their previous understanding or the performance of
others. In the initial phase, participants are required to estimate their absolute profi-
ciency in spreadsheet knowledge on a scale of 0—-100%.

e Paper-based testing

Subsequent to the self-evaluation phase, a spreadsheet test is presented in paper
form, accompanied by a sample table (Fig. 1). The table comprises five fields, a
row of field names, and 235 records. The data type of Fields CounTry, CONTINENT,
and CarpITAL are string, whereas AREA and POPULATION (THOUSAND) are integers. It
should be noted that rows 9-232 are not visible in the presented figure. Additionally,
the figure indicates that Cells G2 and G3 serve as variables, which can assume any
value that is suitable for solving the presented problems.

The participants were presented with a test comprising seven spreadsheet tasks
(Tasks 1-7). In Tasks 1-5, the participants were required to answer using a spread-
sheet formula (Fig. 2).

The description of the tasks employs the use of the algorithms and data sources
as follows. Task 1 is a linear search, which can be solved through the utilization
of the max(), marcH(), and INDEX() functions in conjunction with one another. The
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1. What 1s the capital city of the largest country?

4. What 1s the average population of those countries whose surface area 1s
smaller than G2?

Fig.2 Tasks 1-5 of paper-based testing Source: author’s compilations

Fig.3 The algorithm of condi- Yes/No question
tional calculations (Tasks 3-5) continent = "Africa"?
Source: author’s compilations area < G272
area>G3?

marking

(1 or population) FALSE

calculation
(sum or average)

objective of Task 2 is to calculate the population density of each country. Partici-
pants must determine the numerator and denominator, taking care to note the field
name of the population, which indicates that the data are given in thousands. Tasks
3-5 are conditional calculations, sharing the same algorithm but requiring differ-
ent levels of abstraction. Task 3 presents the simplest level of abstraction, requiring
the application of a conditional counting process with a constant value serving the
condition. Task 4 represents the highest level of abstraction, wherein an inequality
must be evaluated with a variable, and the average of the selected values must be
calculated. Task 5 represents a level of abstraction between the other two, compris-
ing a conditional counting process that requires the checking of an inequality with a
variable.

The distinguishing feature of these three tasks (Tasks 3-5), which employ the
same algorithm (Fig. 3), is that the syntax differs when built-in functions are used
(couNTIF(), COUNTIFS(), AVERAGEIF(), AVERAGEIFS(), SUMIF(), SUMIFS(), DCOUNT(), DAVER-
AGE(), psum()). It is due to the presence of equality versus inequality and constant
versus variable. Conversely, if the algorithm of the conditional calculation is con-
structed and coded, there is no distinction between the solutions of the three tasks.
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6. What 1s the result of the following formula?
{=SUM(IF(B2:B236="Europe" IF(LEFT(A2:A236)="A",1)))}

7. What 1s the result of the following formula?

{=SUM((B2:B236="Europe")*(LEFT(A2:A236)="A")}

Fig.4 Tasks 6-7 of paper-based testing Source: author’s compilations

first letter of country first letter of country
Yes/No question Yes/No question Yes/No question
continent = “Europe"? continent = first letter = “A"?
Y N “Europe"?
- Y N Y N
Yes/No question
first letter = “A"?
TRUE FALSE TRUE FALSE
Y N FALSE
marking FALSE multiplication
1 T*T=1,others=0
calculation calculation
(sum) (sum)

Fig.5 The algorithms of conditional calculations (Tasks 6—7) Source: author’s compilations

In contrast, in Tasks 67, the participants were asked to guess the output of the
formulas and to provide answers in the form of natural language sentences. Moreo-
ver, an analysis of the formulas can reveal the algorithm, which could have facili-
tated the solution if interpreted correctly (Fig. 4).

Additionally, the two formulas yield the same output, which is the number of
European countries where the country name begins with the letter A. The algorithm
hinges on the premise that if the response to the yes/no question is negative, the
output value is FALSE, which is excluded from the calculation of the sum (Fig. 5).

Furthermore, Tasks 67 and Tasks 3-5 share the same conditional calculation
algorithm, which implies that understanding Tasks 6—7 can help to solve Tasks 3-5.

e Excel-based testing
In the third phase of the testing process, participants were required to com-

plete the same Tasks 1-5 in an Excel environment, which suggests that they had
already acquired familiarity with the tasks. The participants were provided with

@ Springer



14834 Education and Information Technologies (2025) 30:14821-14851

A B € D E F G H 2
1 Country Continent|Capital Area Population (thousand) |population density
2 Afghanistan Asia Kabul 647500 27756
3 Albania Europe |[Tirana 28748 3545
4 Algeria Africa Algiers 2381740 32278
5 American Samoa|Oceania |Pago Pago 199 69
6 Andorra Europe |Andorra la Vella 468 68
7 Angola Africa Luanda 1246700 10593
8 Anguilla Amerika |The Valley 102 12
233 Yemen Asia Sanaa 527970 18701
234 Yugoslavia Europe |Belgrade 102350 10657
235 Zambia Africa Lusaka 752614 9959
236 Zimbabwe Africa Harare 390580 11377 i

> — i

Fig.6 Sample table of Excel-based testing

a PDF document, accessible throughout the process, which listed the tasks and
included a modified figure to assist them in entering the formulas into the appro-
priate cells (Fig. 6). Cells G2 and G3 were designated as variables, as in the paper
solution (Fig. 7). However, in Excel, the participants were permitted to enter any
data they deemed appropriate for evaluating the accuracy of their formulas.

3.3 Ethical issues

The testing process was carried out during the semester in classes that require
spreadsheet knowledge and is aligned with the students’ curricula. The students
were informed of the nature, purposes, and process of the testing and consented
to take part in it. The test comprised three distinct phases, necessitating the iden-
tification of participants. For identification purposes, the students’ university IDs
were used solely to align different sources. Aside from this use of IDs, the test-
ing is anonymous; the students cannot be identified in the analysis or publication
phase.

3.4 Evaluation of the tasks

The primary objective of the evaluation is to categorize all responses into the
most granular units, each of which is assigned a value of one. The total number
of points awarded for a given task is converted to a percentage. The resulting per-
centages were aggregated to calculate the overall test score, which was then com-
pared to the self-evaluation value collected during the initial phase of the test.
The tasks presented have multiple correct solutions. These solutions were
broken down into items, evaluated, and converted to percentages to ensure com-
parability of results. Both single and multilevel formulas were accepted if their
sources were properly indicated. Moreover, named ranges were also accepted
without any indication of their intentional use, both on paper and in Excel. If
an algorithm/formula was expressed in natural language on paper, it was deemed
acceptable and interpretable. In Excel, if cells G2 and G3 were blank and the
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1. What 1s the capital city of the largest country?
(Cell H1)

2. What 1s the population density of each country?
(Column F)

3. HO\\' many African countries are ill thﬁ‘ tzble?

(Cell H3)

4. What 1s the average population of those countries whose surface area 1s
smaller than G2?

(Cell H4)

5. How many countries have a surface area greater than G3?

(Cell H5)

Fig.7 Tasks 1-5 of Excel-based testing

formula produced an error but was correct or partially correct (recognizable items
were present), the result was deemed valid and assessed.

3.5 Hypotheses statement

Based on previously published results influenced by the DK effect (Dunning, 2011;
Kruger & Dunning, 1999; Maté & Darabos, 2017), we hypothesized that higher-
achieving students are more accurate in assessing their spreadsheet knowledge than
lower-achieving students. The extent of discrepancies between self-assessments and
test results will serve as the basis for evaluating the digital competency instruction.
We introduce the following hypotheses. In the first phase of the evaluation, students’
self-assessment values and their achievement on the test are compared. Based on
previously published results, the following hypothesis is formed:

H1: Higher-achieving students predict their spreadsheet knowledge more accu-
rately, as measured by the absolute value of the pre-examination assessment
results, than their lower-achieving ones.

Former studies also consider whether more educated master (MSc) students esti-

mate their performance more precisely than bachelor (BSc) ones (Dunning et al.,
2004; Kruger & Dunning, 1999). The following hypothesis is formed:
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Table 2 Statistical characteristics of the pre-estimated and actual (Paper and Excel) test scores

Scores Min Max Mean STD Skewness Kurtosis Shapiro—Wilk Test
Student 2 100 47.63 21.66 —0.083 —0.688 0.977%**
Paper 0 95 35.44 22.41 0.244 —0.621 0.975%**
Excel 0 100 35.12 2441 0.531 —0.262 0.960%**

Source: author’s estimations

N=173, Significance p-levels: ***: 1 percent, **: 5 percent, *: 10 percent.

H2: In comparison to bachelor (BSc) students, master (MSc) students are more
proficient at accurately predicting their spreadsheet knowledge.

Furthermore, it is assumed that students who have learned spreadsheets with
the Sprego programming approach predict their examination results more accu-
rately than students without spreadsheet programming experience. Students who are
not proven Sprego learners form the control group. It is assumed that the control
group was primarily taught using widely accepted tool-centered learning-teaching
approaches (Gibbs et al., 2017).

H3: Students with experience in Sprego programming predict their spreadsheet
knowledge more accurately than students without Sprego experience.

3.6 Multivariate regression models

In order to show that high-achieving students evaluate their exam results more accu-
rately than lower-achieving students, we need to conduct advanced multivariate
regression models. The upcoming linear models (Eq. 1) will include dependent vari-
ables that reflect the accuracy of students’ estimations before the exam.

PREDIF; =p, + p, FINSC; + p,DMAJOR,; + p;DPULL,
+ B,DMIXED, + psDPUSH + B DLANGUAGE, + ¢, M

When evaluating hypotheses H1, H2, and H3, we employ linear regression mod-
els with the dependent variable representing the accuracy of students’ pre-estima-
tions (PREDIF), determined by the absolute difference between student-assessed
spreadsheet knowledge and the tutor-assigned test scores.

FINSC is replaced by tutor-assigned test scores of distinct exam types as inde-
pendent variables. In the regression models, DMAJOR (MSc=1, BSc=0) dummy
variables control the students’ graduation levels. Students were assigned values if
they studied based on Sprego (DPULL =1 otherwise 0), if they studied with tradi-
tional, tool-centered methods (DPUSH =1 otherwise 0) and if they studied mixed
(DMIXED =1 otherwise 0). € denotes the error term at time i. The designation of
DLANGUAGE (International = 1, Hungarian=0) is intended to facilitate the inter-
nalization of higher education, thereby optimizing the goodness of fit, assessed by
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R-squared (R?) as the variation of the estimated variable around the sample mean
compared to the variation of the observed variable.

Table 2 presents comprehensive descriptive statistics (minimum, maximum,
mean, standard deviation (STD), and distribution measures) of test variables, includ-
ing students’ and tutors’ assessments. The results of the skewness and kurtosis cal-
culations indicated that the sample was not symmetric and did not exhibit a peak.
Therefore, the sample values cannot be normally distributed. The Shapiro—Wilk test
indicates that the observed significant values are unlikely to have been sampled from
a normal distribution. Consequently, the test scores are not normally distributed in
the sample population. The results will subsequently be employed to elucidate the
elements under consideration in the models.

An additional regression analysis, which directly focuses on self-estimation of the
degree of cognitive biases, implies that lower-performing students tend to overes-
timate their knowledge. In order to examine the correlation between student per-
formance and the precision of their self-assessment of spreadsheet proficiency, a
binary logistic regression model can be an appropriate analytical tool, provided that
other variables remain constant (see Eq. 2). OPREDIF refers to a dependent (binary)
variable denoted as Overestimate=1 and O otherwise. It represents the discrepancy
between a student’s self-assessment values and scores in their test results. In the con-
text of an overestimation, the student’s confidence in their spreadsheet knowledge is
higher than the actual outcome. The independent variables remain unchanged from
the previous iteration.

P+ FINSC i+, DLANGUAGE 3 DMAJOR + B, DPULL + s DMIXED 1+ DPUSH;

P(OPREDIF); = 1 + ePo+BiFINSC+P,DLANGUAGE +§; DMAJOR -+, DPULL + s DMIXED, + s DPUSH;

2

4 Results of the estimations
4.1 Testing the hypotheses

The result of the statistical analysis presented in Table 3 demonstrates significant
relationships between students’ prediction accuracy and test results in both models.
Consequently, the accuracy of self-assessment is independently estimated in two
models. The initial model (PAPER) encompasses all available independent vari-
ables, whereas the alternative model (EXCEL) is confined to those significant at
p-levels.

The impact of test results on the discrepancy between self-assessment and test
results appears to be relatively modest, with coefficients between —0.843 and — 0.787
(See Table 3, Model 1-4). Accordingly, there is a negative correlation between stu-
dents’ outcomes and the accuracy of their assessments. Hence, the results confirm
the H1 hypothesis that higher-achieving students are more adept at predicting their
examination results than their lower-achieving peers.
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Table 3 Results obtained from the linear regression models for the preliminary self-assessment examina-

tion
Dependent variable PREDIF
Type of tests PAPER EXCEL
Independent Variables/Models Model 1 Model 2 Model 3 Model 4
Constant 39.784 32.408 40.749 33.998
(9.893)#skk (8.310)%##* (10.632)%#* (9.868)***
FINSC —0.787 -0.823 -0.810 —0.843
(—10.580)%** (—11.419)%%* (10.632)%#* (—13.091 )%#s#*
DMAJOR 7.504 6.960 6.935 6.491
(1.994)%* (1.844)* (1.832)* (1.708)*
DPULL —14.297 —13.490
(—2.824)%k* (—2.705)%**
DMIXED —5.140 -4.210
(—1.128) (—0.923)
DPUSH 8.913 8.175
@211y (2.049)%*
DLANGUAGE 1.961 1.671 0.957 0.826
(0.468) (0.396) (0.231) (0.198)
R? 0.532 0.523 0.547 0.539
Adjusted R? 0.518 0.512 0.533 0.528
Durbin-Watson 1.998 1.939 2.023 1.954
Max(VIF) 1.551 1.622 1.551 1.587

Source: author’s estimations

The t-statistics reported in parentheses are robust to heteroscedasticity. Letters in the superscript indicate
significance levels: ***: 1 percent, **: 5 percent, *: 10 percent. P-values without a superscript suggest
that the coefficient is insignificant even at the 10 percent level.

Ceteris paribus, master students are less likely to predict their spreadsheet
knowledge accurately than their undergraduate colleagues (the H2 hypothesis was
rejected). More interestingly, we found that students with experience in Sprego pro-
gramming (DPULL) seem to predict their spreadsheet knowledge more accurately
than students without Sprego experience (DPUSH). The H3 hypothesis can be
accepted. Furthermore, there are no observable language differences.

Variance Inflation Factor (VIF) is a statistical measurement that quantifies the
severity of multicollinearity in a regression analysis and measures how much the
variance of the estimated regression coefficients is inflated in the model. Gener-
ally, the VIF values above 5 indicate a problematic multicollinearity level among
the regression model’s independent variables (Hair, 2010). The Durbin-Watson
(D-W) measure is widely regarded as the most powerful method for assessing first-
order autocorrelation. D-W test values within the 1.5-2.5 range are deemed normal
(Turner, 2020).
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Table 4 Results obtained from the binary logistic regression models for the self-assessment examination

Dependent OPREDIF

variable
Type of tests PAPER EXCEL
Independent Model 1 Model 2 Model 3 Model 4
Variables
Exp(p) B Exp(p) B Exp(p) B Exp(p)
Constant 5.162 174.575 3.364 28.919 5.212 183.474 3.195 24.420
(34.92)%%* (27.01 )% (36.71)*** (28.44)***
FINSC —0.083 0.920 —0.084 0919 —-0.074 0.929 —0.075 0.927
(32.36)%** (34.21)%%* (29.87)*** (31.84)***
DMAJOR 0.272 1.313 0.234 1.264 —-0.353 0.703 —0.382 0.683
0.22) (0.16) (0.56) (0.38)
DPULL —2.124 0.120 —-2.330 0.097
(8.76)*** (9.59)***
DMIXED —-1.721 0.179 -1.919 0.147
(6.69)** (7.03)%8
DPUSH 1.895 6.654 2.110 8.245
(10.00)*** (10.66)**
DLAN- —1.106 0.331 —1.125 0325 —-0.504 0.604 -0.516 0.597
GUAGE (2.85)* (2.93)* (0.44) 0.59)
Cox and Shell  0.378 0.377 0.357 0.356
R2
Nagelkerke R>  0.534 0.533 0.521 0.519
HL  test 4.224 5.190 7.281 5.446
Omnibus x> 82.135%#* 81.786%** 76.435%%* 76.093%**

test

Source: author’s estimations

Note: The Wald-statistics-statistics reported in parentheses are robust to heteroscedasticity. Letters in the
superscript indicate significance levels: ***: 1 percent, **: 5 percent, *: 10 percent. P-values without
a superscript suggest that the coefficient is insignificant even at the 10 percent level. HL: Hosmer and
Lemeshow X2 test

4.2 Testing the Cognitive Bias of Self-assessment

A total of 120 students demonstrated an overestimation of their spreadsheet knowl-
edge, while 53 students exhibited an underestimation compared to their results in
the paper-based test. Similarly, compared to the Excel-based results, 127 students
demonstrated an overestimation, while 46 students exhibited an underestimation of
their spreadsheet knowledge. However, we ascertain the correlation between stu-
dents’ test results and the precision with which they over- or underestimate their
proficiency in spreadsheet knowledge. A binary logistic regression model may prove
the assumptions as an effective analytical tool. The dependent variable was meas-
ured on a dichotomous scale, with values of 1 indicating an overestimation and O
indicating an underestimation.
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The binary logistic regression analysis was conducted in Table 4 to ascertain the
influence of students’ self-assessments and their scores on the test. The analysis rep-
resents the proficiency results for the likelihood of participants’ self-assessment,
test results, majors, and digital learning methods. The Hosmer and Lemeshow (HL
test) of the goodness of fit test suggests the models are found to be a good fit to the
data as p>0.01. The explained variation in the dependent variable based on models
ranges from 35.6% to 37.8% (Cox and Shell R?). The models explained 51.9-53.4%
of the variance in self-assessment (Nagelkerke R?). The overall significance tests
of the models (Omnibus Tests of Model Coefficients), the coefficients and the odds
ratios (Exp(p)) are reported in Table 3. The X2 tests (df =4) determine a significant
relationship between the independent variables and the binary dependent variable in
both models.

The DK effect, which focuses directly on self-assessment relating to the extent of
cognitive biases, is not independent of their sign. Individuals with low competence
in a specific domain often exhibit overestimation of their abilities, while those with
high competence may demonstrate underestimation. This phenomenon represents
a form of biased self-assessment. The supposition is that lower-achieving students
tend to overestimate their spreadsheet knowledge compared to the higher-achieving
participants. Subsequently, it was determined that with each unit increase in test
scores, irrespective of whether on paper or in Excel, there is a negative association
between the Sprego knowledge estimates and the test scores. Consequently, higher-
achieving students are more likely to underestimate their Sprego knowledge than the
lower-achieving ones.

Furthermore, no correlation was identified between the self-assessment and the
educational level (major) of the students. Concurrently, it was determined that stu-
dents who underwent Sprego programming instruction tend to underestimate their
spreadsheet knowledge, in comparison to their counterparts who still need to gain
such experience. The students needing more familiarity with Sprego programming
(PUSH) are inclined to overestimate their spreadsheet knowledge, in contrast to stu-
dents who possess prior knowledge of Sprego. It was found that students without
prior experience with Sprego were 6.654 times more likely to overestimate their
spreadsheet knowledge in the paper test and 8.245 times more likely in the Excel test
than those students who had previously learned Sprego programming. In both cases,
DPULL and DMIXED regressors are negatively associated with the dependent vari-
able, indicating that students with Sprego programming experience tend to under-
estimate their spreadsheet knowledge relative to students without such experience.
Moreover, the findings revealed that in the comparison of language, international
students exhibited less overestimation of spreadsheet knowledge in the case of paper
tests compared to Hungarian students.

In order to elucidate the discrepancies amongst the cohorts, further method-
ologies are required to examine the manner in which the students appraise their
spreadsheet knowledge. Educational background, nationality, learning methods
and self-assessment disparities stratify the samples. Consequently, Mann—Whit-
ney U-tests (Wilcoxon, 1945) are employed on the pre-assessment to ascertain
which groups of learners tend to overestimate their knowledge in comparison
to the total test score. The Mann—Whitney U-test represents a nonparametric
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Table 5 Statistical characteristics of the pre-estimated and actual (paper and Excel) test scores

Cohorst Scores  Mean Rank Mean Rank Diff Mann—Whitney Z-value P-value®
(MRD) U-test
DMAJOR Student 103.26 27.05 2466.0 —3.497  <0.001%%*
(n=69) Paper  83.83 —527 3369.5 —0.678 0.498
Excel  91.84 8.05 3254.0 —1.036 0300
DLANGUAGE  Student  97.69 13.50 2081.0 —1.447 0.148
(n=36) Paper  64.31 —28.65 1649.0 —3.056 0.002%%*
Excel  77.88 —11.68 21375 —1229 0219
DPULL Student  65.59 —3547 1393.0 —2430 0.015%*
(n=27) Paper  123.94 43.77 9735 —4.173  <0.001%**
Excel  115.63 33.98 1198.0 —3.235 0.001%**
DMIXED Student 7527 —25.14 2155.5 —1.671 0.095%
(n=39) Paper 8477 -298 2526.0 —0316 0.752
Excel 7221 —19.10 2036.0 —2.097 0.036%*
DPUSH Student  96.68 25.37 24955 —3.253  0.001%%*
(m=107) Paper  78.49 —-2231 2620.5 —2.846  0.004%%%
Excel  85.17 —4.80 3335.0 —0.613 0540
OPREDIF (Paper) Student 102.47 50.59 1324.0 —6.144  <0.001%%%
(n=120) Paper  68.49 —60.43 958.5 —7317 <0.001%%*
Excel 7597 -35.98 1857.0 —4358  <0.001%%*
OPREDIF (Excel) Student  99.55 47.20 1327.0 5506 <0.001%%*
(n=127) Paper  75.67 —42.60 1482.5 —4.944  <0.001%%*
Excel  70.96 —61.69 884.5 —7.000 <0.001%%*

Source: author’s estimations

Note: N=173. Significance of p-levels: ***: 1 percent, **: 5 percent, *: 10 percent. a=asymptotic
2-tailed p-values

statistical examination utilized to evaluate the hypothesis that two independent
samples are derived from the same population or exhibit disparate population
medians. The alternative hypothesis posits that the distributions are not identical.
The discrepancies between the students’ self-assessments and test scores can be
summarized (see Table 5).

The results of the U-tests suggest significant differences between the two
groups. Prior to the examination, the master students appeared to overestimate
(MRD =27.05) their proficiency in spreadsheets. The rejection of H2 is con-
firmed. Furthermore, our findings revealed that the mean ranks of students’ paper-
test scores exhibited notable variation by language, as indicated by the U-probes.
The performance of international students is markedly inferior to that of Hungar-
ian students (MRD = —28.65) in paper-based tests.

The results demonstrated that the mean rank scores of students on paper-based
and Excel tests exhibited notable discrepancies across learning methods, as evi-
denced by the significant U-tests. The performance of students with no Sprego
experience (DPUSH) on the tests was significantly lower than those with experience

@ Springer



14842 Education and Information Technologies (2025) 30:14821-14851

(DPULL) in paper-based tests (MRD =43.77 and Excel-tests (MRD =33.98). Inter-
estingly, those who use the mixed (DMIXED) learning methodology perform less
well on the Excel test than the others (MRD = —19.10). Consequently, based on
the mean rank differences, we found that students with Sprego programming expe-
rience (DPULL) and (DMIXED) seem to predict spreadsheet knowledge more
accurately than students without Sprego experience (DPUSH), MRD = —35.47,
MRD = —25.14 and MRD =25.37. Hypothesis H3 is confirmed. The findings dis-
play that the programming approach is more effective than the traditional tool-cen-
tered and mixed approach, even for students who were first exposed to the pull digi-
tal system during their tertiary studies. The failure of the mixed approach requires
effort and assistance in transitioning to the pull system effectively and efficiently.
Finally, we found that students who overestimate their performance compared to the
paper-based and Excel test scores are notably different from their peers. They seem
to perform significantly worse than those who underestimate their performance
(MRD = —60.43 and —42.60 in Paper; MRD = —35.98 and — 61.90 in Excel).

5 Discussion and Implications

The primary aim of this study was to evaluate the spreadsheet proficiency and self-
evaluation of higher education students. A quantitative analysis was employed to
assess the impact of educational level (majors) and spreadsheet programming skills
on students’ self-evaluation performance through traditional written and digital
Excel tests.

The results of this study are consistent with previous research on cognitive biases
and self-assessment in educational settings (Sawler, 2021; Surdilovié et al., 2022).
For example, investigations into the Dunning-Kruger effect, a well-documented
cognitive bias, have demonstrated that students with lower achievement levels often
overestimate their abilities (Kun, 2016). Conversely, high-achieving students tend
to provide more accurate self-assessments and even underestimate their knowledge
and competencies. Furthermore, our findings are in line with research on cognitive
load and how fast and slow thinking can be effectively activated (Kahneman, 2011),
indicating that students with greater expertise in CS-focused end-user areas (Sweller
et al., 2011), such as Sprego programming in this case, tend to exhibit more precise
self-assessment abilities. The findings align with the argument that spreadsheeting
should be considered a form of programming and, as such, support building up fun-
damental CS knowledge.

Additionally, we assert that a spreadsheet is a more suitable form of programming
for end-users when the emphasis is on the simplified functional language — including
non-professionals in informatics and professionals in end-user roles (Csernoch et al.,
2015) — compared to high-level programming languages (Sarkar et al., 2020). The
common assumption that more experienced (higher-level) students possess supe-
rior self-assessment abilities due to their extensive academic background (Nepal &
Kafle, 2024) is contradicted by this study. Despite the anticipation that students with
certain majors would have a stronger grasp of spreadsheet skills, they demonstrated
a tendency to overestimate their proficiency.
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The primary novelty of this paper is its extensive research methods, which sur-
pass the mere identification of cognitive biases to provide a profound understanding
of self-assessment processes within the realm of Sprego programming. In contrast to
prior studies that may have only superficially explored self-evaluation, this research
delves into the complexities of how different factors — such as educational attain-
ment, academic discipline, and Excel experience —interplay to impact students’ self-
assessment accuracy and, consequently, their awareness of errors and openness to
avoid errors, reduce and eliminate waste.

The findings highlight the need for educational policies and practices that pro-
mote the development of accurate self-assessment skills along with science-based
knowledge with an openness to continuous improvement (Chen et al., 2015), espe-
cially in areas that require technical expertise and problem-solving where these tools
might be misleading (Wolfram, 2020). By addressing the cognitive biases that affect
self-evaluation, educators can better prepare students for academic success and life-
long learning (Nierenberg & Dahl, 2023). This research not only provides valuable
insights for educational theories but also offers practical implications for enhanc-
ing students’ performance in diverse academic and cultural settings. By fostering
improved self-assessment skills, educators can improve how students identify their
strengths, weaknesses, and areas for development, leading to more problem-focused
learning strategies and, ultimately, a higher level of proficiency.

We should consider how we can introduce spreadsheets into schools to develop
computational thinking skills and fundamental CS knowledge. It is declared that
developing computational thinking skills along with the 3Rs (Reading, wRiting, and
aRithmetic) from an early mature is essential (Wing, 2006). Delaying this introduc-
tion reduces the likelihood of students developing computational thinking skills.
Considering these factors, introducing CS- and programming-oriented spreadsheet-
ing in primary and elementary schools can provide students with a solid founda-
tion in CS knowledge (Lodi & Martini, 2021) that will remain relevant regardless of
technological advancements, serving as a springboard for further studies.

One of the limitations of the study is that the sample needs to be more repre-
sentative. Currently, the sample only includes students engaged in STEM-oriented
tertiary education. Future research should prioritize the investigation of additional
demographic segments, considering variables such as age, educational background,
and professional inclinations. Previous research has shown that Sprego program-
ming can be effectively introduced from Grade 7 onwards in various groups and ori-
entations (Csernoch et al., 2015; Csap0 et al., 2020, 2021; Takacs and Bubndg, 2022).

Moreover, there was no significant variance in the academic performance of stu-
dents when comparing the use of paper versus Excel. However, it is worth noting
that the time allocated for utilizing these two different methods varied. In this initial
test, students were given unrestricted time to complete the task, and our findings
indicated that students required two to three times more time in Excel than on paper.
In order to ensure more accurate and standardized outcomes, it is essential to record
students’ activities simultaneously with the completion of the associated paperwork.
One of our future challenges is to ascertain their progress simultaneously at the
same time.
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The cognitive biases uncovered in this study related to self-assessment accuracy
are not limited to computer science. They are likely applicable across various sci-
entific disciplines, especially those that necessitate intricate problem-solving abili-
ties and technical expertise, and in cases when various school subjects are taught
with digital support. In these fields, students often need to assess their knowledge
and abilities to succeed accurately by integrating subject and technological knowl-
edge, skills, and abilities. Conversely, underestimation could lead to unnecessary
anxiety or reluctance to tackle challenging problems. Recognizing these cognitive
biases could aid educators in devising strategies to enhance self-assessment accu-
racy across sciences, resulting in improved learning outcomes and more effec-
tive teaching practices. Many countries encounter similar educational challenges
as those observed in Hungary with comparable educational structures and student
demographics.

This research makes a significant contribution to the field by deepening the
understanding of how cognitive biases affect self-evaluation in the context of spread-
sheet problem-solving and beyond within the broader higher educational landscape.
The study unveils the intricate relations between variables such as educational back-
ground, academic major, and internalization and how these factors collectively influ-
ence students’ ability to assess their skills and knowledge accurately.

6 Conclusion

This research paper sheds light on the current state of biased self-assessment in
spreadsheet programming. By seeking the relevant literature, we identified the most
influential aspects that can influence how students self-evaluate their knowledge.
Moreover, the regression and non-parametric statistical analyses provided a rigor-
ous perspective on the relationships between different concepts in the literature and
highlighted areas for further research.

The research has pinpointed numerous crucial elements that influence cognitive
biases in end-user experience. According to the proposed framework, the outcomes
indicate that (1) higher-achieving students reveal better ability to evaluate their exam
results compared to their lower-achieving peers, and they are more likely to under-
estimate their spreadsheet knowledge than the lower-achieving ones. (2) The master
students are less likely to be accurate in their proficiency in spreadsheet usage com-
pared to their undergraduate counterparts. Findings indicate that even higher educa-
tion does not necessarily equate to better self-awareness in specific skill areas. (3)
The students with experience in Sprego programming appear to be more accurate in
predicting their spreadsheet proficiency instruction and tend to underestimate their
spreadsheet knowledge in comparison to their counterparts without Sprego experi-
ence. Interestingly, we found that students who overestimate their performance com-
pared to the paper-based and Excel test scores are significantly different from their
peers. They perform worse than those who underestimate their performance.

In sum, the findings present a unified account that links specific cognitive biases,
such as overconfidence and underestimation, to academic performance in the context
of spreadsheet programming. Students who perform well and have experience with
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Sprego programming tend to have more accurate self-assessments, although they may
be inclined to underestimate their abilities. Conversely, master students and those who
overestimate their abilities often face the challenge of misjudging their proficiency,
which correlates with lower actual performance. It is important to increase the rep-
resentation of students at the bachelor and master levels in areas that are under-repre-
sented in higher education, such as science and engineering, and to reduce students’
drop-out rates. This study underscores the significance of metacognitive awareness in
higher education, particularly in programming-related subjects, where self-assessment
accuracy can significantly impact learning outcomes. The research reveals a notable
difference between students who overestimate their performance and those who under-
estimate it. The former group performed significantly worse in both paper-based and
Excel tests, indicating that overconfidence leads to poorer outcomes by hindering stu-
dents from recognizing and addressing knowledge gaps.

However, there are also challenges associated with the results, including the need
for ongoing support beyond the findings. The results imply that Hungarian higher
education can improve student academic success and lifelong learning by tackling
cognitive biases and bolstering metacognitive skills. This approach could result in
a more adept and flexible workforce in the future. Hence, it would be beneficial
to develop a national framework for the teaching of metacognitive skills, integrate
Sprego programming into learning programs, provide targeted support for different
groups of students, review assessment methods and promote a culture of continuous
learning and accurate self-evaluation.

In conclusion, this study not only deepens the understanding of the cognitive fac-
tors that influence student performance in programming-related spreadsheet tasks
but also highlights critical areas for improvement in higher education. By addressing
these cognitive biases through informed policy decisions, Hungarian higher educa-
tion can better equip students with the skills and awareness needed for academic and
business success. The importance of these findings lies in their potential to shape a
more effective and responsive educational system, ultimately fostering a generation
of students who are both confident and competent in their abilities.

The study has extended limitations. (1) The limited diversity of the sample popu-
lation might constrain the findings. Hence, the results may not be easily general-
ized to the broader student population in Hungary or other educational settings. A
more varied sample, including students from different educational institutions, fields
of study, and academic levels, could provide a more comprehensive understanding
of cognitive biases in spreadsheet programming. (2) Factors such as the quality of
teaching, access to resources, and the learning environment also significantly affect
self-assessment accuracy. The lack of a thorough examination of these external
influences could limit our understanding of why certain groups, such as master stu-
dents, tend to overestimate their abilities and how these factors interact with cogni-
tive biases. (3) Self-reported measures may not always accurately reflect a student’s
true proficiency or cognitive biases, as factors such as social desirability, memory
recall, and personal perceptions can influence them. Relying on self-reported data
could limit the accuracy of the findings. Future research could incorporate more
objective measures of student performance and cognitive biases, such as observa-
tional data or controlled experiments.
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