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Abstract
Students’ experience is used in empirical software engineering research as well as in soft-
ware engineering education to group students in either homogeneous or heterogeneous
groups. To do so, students are commonly asked to self-rate their experience, as self-rated
experience has been shown to be a good predictor for performance in programming tasks.
Another experience-related measurement is participants’ confidence (i.e., how confident
is the person that their given answer is correct). Hence, self-rated experience and confi-
dence are used as selector or control variables throughout empirical software engineering
research and software engineering education. In this paper, we analyze data from several
student experiments conducted in the past years to investigate whether self-rated experience
and confidence are also good predictors for students’ performance in model comprehension
tasks. Our results show that while students can somewhat assess the correctness of a partic-
ular answer to one concrete question regarding a conceptual model (i.e., their confidence),
their overall self-rated experience does not correlate with their actual performance. Hence,
the use of the commonly used measurement of self-rated experience as a selector or control
variable must be considered unreliable for model comprehension tasks.

Keywords Student performance · Self-rated Experience · Confidence ·
Model comprehension · Conceptual models

1 Introduction

Experience levels are important predictors, not only in software engineering education but
also in empirical studies. In an educational setting, experience is often used to distribute
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students fairly (e.g., Marshall et al. (2016); Katira et al. (2004)) or to ensure that weak
students receive more attention and support (e.g., Webb et al. (1998); Jensen (2015)). In
empirical studies participants’ experience often serves as a covariate, e.g., to validate certain
assumptions (cf. Wieringa (2010); Goodwin and Goodwin (2016)) or to evaluate particu-
lar threats (e.g., Wohlin et al. (2000); Robson (2016); Campbell and Stanley (1963); Cook
and Campbell (1979)). Additionally, participants’ experience is often used to ensure that
the field of participants is homogeneous regarding their experience (cf. Kitchenham et al.
(2002); Sjøberg et al. (2003); Fucci et al. (2015)), or as a selection operator for distinct treat-
ment and control groups (cf. Sjøberg et al. (2003); Sjøberg DIK et al. (2002); Kitchenham
et al. (2002); Wieringa (2010)).

Thus, two questions arise (a) how can experience be measured, and (b) is this expe-
rience measure a reliable predictor for performance. In this sense, we call a predictor
reliable or good if the measurement correlates with the predicted variable (i.e., if a mea-
sured low experience predicts low performance and a measured high experience predicts
high performance).

Even though experience is commonly used as a predictor for participants’ and students’
performance, experience itself is hard to measure objectively. Therefore, various ways to
measure experience have been subjects of investigations. Commonly used measurements
for experience include duration like experience in years or experience in months (e.g., Pinto
et al. (2019); Sillito et al. (2008)) or educational levels like bachelor degree or master degree
(e.g., Feigenspan et al. (2012)). While these types of measurements are easy to determine
and seem objective, they can also be quite unreliable. For instance, experience in years as
measurement for experience does not consider the intensity of work done in these years.
Similarly, one year of doing something intensively can provide more experience than doing
the same thing rarely over several years. Therefore, another popular way to measure expe-
rience is to rely on self-rated experience on some kind of scale (e.g., Nugroho (2009)). This
kind of measurement faces the problem that equally experienced persons might rate their
experience differently (e.g., due to different personality traits). Nevertheless, studies found
self-rated experience to be a good measure for experience and a good predictor for per-
formance (cf. Bergersen et al. (2011); Höst et al. (2000)). This seems particularly true for
programming tasks (cf. Feigenspan et al. (2012)). Bergersen et al. (2014) report on multiple
experience measurements that relate to programming skills and conclude that those can be
used as predictors for performance where a medium or large sized correlation is present.

In addition, confidence as a self-rated measurement is also used as a predictor for perfor-
mance (cf. Morgan and Cleave-Hogg (2002)). Confidence measures a person’s faith in their
abilities to solve a certain task. In doing so, confidence can be seen as a measurement that is
related to experience, as experience can be seen as a person’s source of confidence in their
abilities (cf. Jørgensen et al. (2004)). Therefore, we investigate experience on a personal
level and confidence on a task level. However, there exist also measurements of confidence
on an abstract capability level. For instance, Layman et al. (2005) show that self-confidence
of students in their programming skills indeed correlates with their performance, i.e., very
self-confident students perform better than less self-confident students.

Consequently, self-rated experience and confidence are commonly used as predictors
for performance in software engineering tasks. However, in contrast to the results of stud-
ies from programming tasks, several studies we conducted over the past four years in the
context of model-based engineering indicate that self-rated experience might not always
be a good predictor. Hence, the question is whether self-rated experience and confidence
are good predictors when it comes to model comprehension. To answer this question, this
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paper contributes an observational study investigating whether self-rated experience and
confidence are good predictors for students’ performance in model comprehension tasks.
In this study, we investigate results obtained from several experiments that compare stu-
dents’ confidence in giving a correct answer, performance, and self-rated experience. Our
results show that while students seem to be sometimes able to assess if an answer they have
just given is correct or not via their self-rated confidence, there is no significant correlation
between their performance and their self-rated experience. Consequently, as far as teach-
ing and conducting empirical studies in model-based engineering is concerned, students’
self-rated experience cannot be used as a reliable predictor for their performance.

This paper is structured as follows: Section 2 discusses related studies in the field. Based
on the related work, Section 3 defines the basic terminology for this paper: experience,
confidence, and performance. Section 4 discusses the context of our investigation (i.e.,
previous experiments used as data sources). Section 5 gives insight into our experimental
setup. Section 6 reports the study’s results and Section 7 discusses our findings. Section 8
concludes the paper.

2 RelatedWork

Students’ performance has been under investigation for empirical research as well as for
educational purposes. Related works specifically deal with predicting and measuring stu-
dents’ performance and the use of the predicted performance to group students either in
homogeneous or heterogeneous groups. In this section, we will briefly summarize related
work in empirical software engineering research (Section 2.1) and in software engineering
education (Section 2.2). Finally, we will give an overview of related work on prediction
models for students’ performance also considering other research disciplines in Section 2.3.

2.1 Students’ Performance in Empirical Software Engineering Research

Students’ performance is commonly discussed in empirical software engineering. The
main focus of investigation in doing so is to answer the question whether students’ and
professionals’ performance differs. If students’ and professionals’ performance were com-
parable, student experiments would be generalizable to industrial practice. For instance,
Höst et al. (2000) show for smaller tasks of judgment that there are only minor differ-
ences in performance between software engineering students and professionals. Runeson
(2003) investigated the differences between freshmen, graduates, and professionals, find-
ing that freshmen’s performance significantly differs from graduates’ and professionals’
performance. In line with this finding, Tichy (2000) concludes that graduate students’ per-
formance is close to professional status. A survey by Salman et al. (2015) compared students
with professionals in the context of a test-driven development experiment. Some differences
in the quality of code were found, but students performed not significantly worse (or bet-
ter) than professionals. However, please note that also a plethora of contradictory works
exists that suggests that students’ performance is not generalizable to industry professionals
performance per se (cf. e.g., Berander (2004); Feldt et al. (2018)).

Another aspect of students’ performance in empirical research deals with the use of stu-
dents’ predicted performance as a selector for treatment and control groups (cf. Kitchenham
et al. (2002); Mkpojiogu and Hussain (2017); Raza et al. (2017); Sjøberg et al. (2003);
Sjøberg DIK et al. (2002); Wieringa (2010)). Alternatively, the participants’ experience,
their self-perception, and estimated performance are controlled as covariates (cf. Goodwin
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and Goodwin (2016); Wieringa (2010)). However, if participants have a bad self-perception,
covariates might not indicate a significant interaction effect despite participants’ actual per-
formance. Hence, Feigenspan et al. (2012) investigated whether different measurements for
experience are good predictors for students’ actual performance in programming tasks. They
investigated years of experience, education, self-estimation, and size of programs written.
The findings show that self-rated experience on a semantic differential scale can be used to
predict performance for programming tasks.

Briefly summarized, related research is centered on the question whether the perfor-
mance of students is comparable to the performance of industry professionals. While the
results are not conclusive, there are indications that under certain conditions this is the case,
for instance, for graduate students. However, it is recognized that the experience of partici-
pants seems to play an important role (i.e., that students are generalizable to a professional
level if they are experienced). Thus, this indicates that experience might be a useful predictor
for performance.

2.2 Students’ Performance in Software Engineering Education

In software engineering education, on the one hand student experiments are used to pro-
vide insight into industrial practice (cf. Carver et al. (2003)). Thus, much of the findings
discussed for empirical software engineering also hold true for software engineering edu-
cation. On the other hand, estimated student performance is used in teaching approaches
to group students in such a way that students’ actual performance is increased (e.g., Webb
et al. (1998)).

For instance, Jensen (2015) investigated how to increase students’ performance using
team work in projects. It showed that particularly reluctant students’ teamwork skills benefit
from consultation in teams that also consist of high performing students. In addition, Zhang
et al. (2014) studied software engineering students and found that increased knowledge of
teamwork skills did not translate into better practice skills.

Student performance as a selector for student grouping is not specific to the software
engineering field. For instance, Cen et al. (2015) created a method to reach optimal grouping
for optimal group performance. A study of this method was conducted among 122 engineer-
ing and molecular biology students, it showed that students’ performance in teams which
have been assigned to achieve heterogeneous teams was better than in self-assigned teams.

We can conclude that in software engineering education a need for predicting students’
performance exists. Therefore, one feasible approach seems to be the use of students’ expe-
rience. In this paper, we will more closely investigate whether self-rated experience can be
used to predict performance in model comprehension tasks.

2.3 PredictionModels for Students’ Performance

Related work on prediction models for students’ performance has been done in non-
computer science research as well as in computer science research on programming. In
addition, general investigations exist.

2.3.1 Prediction of Students’ Performance in Programming

Literature shows that common predictors for students’ performance in programming are the
years of experience (e.g., Pinto et al. (2019); Sillito et al. (2008)), the education of the partic-
ipants (e.g., graduates as participants with high experience and undergraduates as students
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with low experience (cf. Ricca et al. (2007))), self-rated experience measured on a 5-point
semantic differential scale (e.g., Bunse (2006)), or the size of the most complex previous
work (e.g., Müller (2004)). In other programming experiments students’ experience was
estimated by a pretest (e.g., Biffl (2003)) or prehoc defined by the supervisor (e.g., Hannay
et al. (2010); Arisholm et al. (2007)). Feigenspan et al. (2012) conducted a study to compare
the prediction capabilities of the different measurements and found out that for program-
ming tasks self-rated students’ experience on a semantic differential scale or in comparison
to classmates is a good predictor for students’ performance.

Hagan and Markham (2000) and Byrne and Lyons (2001) investigated influences on stu-
dent performance in programming. Byrne and Lyons have shown that prior programming
experience increases students’ performance. Hagan and Markham reported that students
with prior knowledge in at least one programming language performed better in an intro-
ductory programming course. Specifically, they concluded that the more programming
languages a student knows, the better their performance.

Bergersen et al. (2011) analyzed two data sets, one with consultants and the other with
students. The authors show that expertise can serve as a predictor for performance. Expertise
was measured as the combination of extended experience, consensual agreement, self-
assessment, reliability, and knowledge. Programming performance was measured as time
and quality.

Layman et al. (2005) investigated that students who are in general more self-confident
regarding their programming skills do perform better than less self-confident students in
programming tasks.

In summary, many researchers found that experience and confidence can be used as
predictors for students’ performance in programming tasks. However, there exist different
ways to measure experience and confidence that seem to be more or less suitable. An often
valued measurement is the use of self-rated experience on a semantic differential scale as
well as experience in terms of educational achievements. However, these findings were
made for programming tasks. Thus, generalizability to other domains must be questioned.
In this paper, we will examine if this also holds for model comprehension tasks.

2.3.2 Prediction of Students’ Performance in Other Disciplines

Rex and Roth (1998) compared self-reported computer experience with computer self-
efficacy, and performance. Experience was measured as years of computer experience, as
the number of prior computer courses completed, and as current average hours per week
of computer use. Performance was measured in course grades. Significant correlations
exist between performance and experience in computer use and performance and computer
self-efficacy.

Eskew and Faley (1988) report on their findings from a freshmen college level account-
ing course. Eskew and Faley investigated which measurements can serve as good predictors
for students’ performance. Among other aspects (e.g., effort, grade point average) they
found experience to be a significant predictor of performance. In this setting, experience
was measured by the amount of previous education in similar subjects (e.g., bookkeeping,
math).

Morgan and Cleave-Hogg (2002) examined the relationship between experience, con-
fidence, and performance for medical students. Confidence was measured on a 5-point
semantic differential scale, experience as the number of times a certain situation had been
encountered or skill had been performed, and performance as grades. As result Morgan
and Cleave-Hogg report that there is a significant correlation between confidence and
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experience, but no correlations between confidence and performance, or experience and
performance.

In summary, it can be concluded that experience can be used as a predictor for per-
formance in different areas. However, studies also exist that contradict this finding and
explicitly state that no correlation between experience and performance or confidence and
performance are observable. Hence, it must be assumed that experience and confidence
cannot be used as predictors in all cases. Therefore, this paper will investigate whether self-
rated experience and performance can be used as predictors for students’ performance in
model comprehension tasks.

2.3.3 General Works on Students’ Performance

Boud and Falchikov (1989) reviewed existing experiment reports to determine if stu-
dents have the ability to correctly self-assess their performance. The authors’ findings
are inconclusive: While some primary studies report over-rating by students, others report
under-rating. However, Boud and Falchikov found that self-assessment results of students’
performance are better when a 5-point scale is used than when asking for a percentage value.
In addition, Falchikov and Boud (1989) found that older students tend to become better at
self-rating.

Mishra et al. (2014) present a method to predict students’ performance based on their
gender, parents’ education, marks, and abilities. Data from 215 students were collected
and analyzed with random decision trees and the J48 decision tree algorithm (Witten et al.
(1999)). The result of the study shows that leadership and drive affect students’ perfor-
mance as well as performance in the previous semester. Other researchers more broadly
investigated the impact of gender on performance and other benchmarks in a professional
environment. For instance, James et al. (2017) found that most self-perceived differences
in a professional environment are based on personality factors rather than on differences
in gender. However, for self-perceived overall performance they found female participants
to be significantly more satisfied with their perceived performance compared to male
participants.

Thus, the related work on students’ performance substantiates the assumptions made
before. There exist different opinions regarding the influence of experience on performance.
To some extent, this seems to depend on the concrete task to be solved. Therefore, this
study investigates the influence of experience and confidence on performance in model
comprehension tasks.

3 Background and Terminology

This paper reports an observational study to investigate whether experience and confidence
can be seen as reliable predictors for the students’ actual performance. The relationship
between students’ experience, confidence, and performance for model comprehension tasks
is analyzed. Therefore, it is first necessary to understand what experience, confidence, and
performance mean and why these measurements are important. Unfortunately, the current
state of the art is missing clear definitions. In most scientific literature the terms are used
colloquially and never precisely defined. Even though the ISO/IEC/IEEE International Stan-
dard 24764 (cf. ISO/IEC/IEEE (2010)) uses these terms regularly throughout the standard
to define other terms, it does not define them clearly either. Consequently, we next define
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experience, confidence, and performance in the sense commonly used in literature and by
the standard to define the context parameters of our empirical investigation.

3.1 Experience

The term experience is used for many different aspects. For this paper experience can best
be defined as “practical knowledge, skill, or practice derived from direct observation of or
participation in events or in a particular activity”1 and “the length of such participation;
i.e., has 10 years’ experience in the job”1, which is in accordance with experience defini-
tions from the education domain (cf. e.g., Kirschner (1992); Cushion et al. (2003)). In this
sense, experience refers to knowledge as well as to skills the participants possess. As such,
experience is hard to measure objectively.

As has been discussed in Section 2, a multitude of approaches exists to define mea-
surements for experience with the aim that experience indeed explains the performance of
people and is therefore a good predictor. The underlying assumption is that more experi-
enced people perform better due to their experience (i.e., due to their craftsmanship and
their knowledge in the respective area of expertise). Note that this is at the center of our
investigation to find out whether experience indeed leads to better performance (for model
comprehension tasks). However, as discussed, there is a need to define measurements for
experience. We investigate two popular measurements:

– Degree Program. It is often acknowledged that graduate students are far more expe-
rienced than undergraduate students. Particularly, investigations exist regarding the
generalizability of student participants to the level of practitioners. Many of these inves-
tigations conclude that graduate students are sufficiently experienced, to allow for this
generalization while undergraduate students are not.

– Self-rated Experience.2 The idea behind self-rated experience is that students can assess
their own strengths and weaknesses; and when asked to self-rate their level of experi-
ence the result is a good proxy for their performance. Investigations have shown that this
is often true (cf. Boud and Falchikov (1989)). Particularly, in the area of programming,
studies have shown that the self-rated experience is indeed a good predictor for the
students’ performance in programming and code comprehension tasks (cf. Feigenspan
et al. (2012)).

3.2 Confidence

Confidence refers to a mixture of “a feeling or consciousness of one’s powers or of reliance
on one’s circumstances”1 and certitude, i.e., “the quality or state of being certain”1. There-
fore, confidence is related to experience as it can be seen as an indicator for people having
faith in their experience and that this experience leads them to making a correct decision.
In recent software engineering research the focus of investigating confidence is often on

1Definition by https://www.merriam-webster.com
2Note that there exists a wide variety of experience measurements. Sometimes it is explicitly differenti-
ated between skills and experience. For instance, Bergersen and Gustafsson (2011) define experience as a
duration of doing something and skills as related to the ability of doing something. In this sense, our mea-
surement of self-rated experience could also be considered a measurement of skills. However, we focus on
the measurement of self-rated experience as predictor rather than on defining a precise measurement for
experience.
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comparing male and female participants. Studies show that female software engineers or
software engineering students are often less self-confident regarding their performance than
male ones although they do not perform worse. For instance, Bastarrica and Simmonds
(2019) have shown that self-confidence cannot be used to predict performance for male
and female groups. In contrast, Kumar (2008) has shown that this seems to hold true only
for pre-surveys, not for post-surveys. Thus, this finding indicates that using self-confidence
measured after conducting the task might indeed be a good predictor for performance
regardless of the gender of the participants. However, the focus of our investigation lies more
on certainty. For each individual question asked, we asked the participants how confident
they are in their decision. Thus, for confidence we use the measurement:

– Self-rated Confidence. Much akin to self-rated experience, we investigate whether the
self-rated confidence of students is a good predictor for the actual performance. While
we measure self-rated experience on a personal level (i.e., how experienced is the par-
ticipant), self-rated confidence is measured on a task level (i.e., how confident is the
participant in one concrete given answer).

3.3 Performance

The use of the term performance in software engineering research is commonly derived
from the technical performance of algorithms and machines, even when describing human
activity. However, performance in this work does not refer to efficiency but to correctly car-
rying out tasks (i.e., how good are the students in the tasks they have been given). Note that
this often also implies a timely component in the sense of efficiency, i.e., the best perform-
ing student is the student that solves all tasks correctly in the least amount of time. However,
we are more interested in the correct task fulfillment. This is not only a prerequisite for
the second part but also closely related to the commonly used definition of student per-
formance in the educational literature (cf. e.g., Dick et al. (2001); Mcdowell et al. (2003);
Newhall et al. (2014)). Student performance is commonly associated with passing an exam,
the grades received, or the knowledge gained - mostly independent from the time used for
this. Additionally, the use of qualitative performance measurement is complicated as qual-
ity cannot be associated to an unitary understanding (cf. Bergersen et al. (2014)). Hence, we
define performance as

– Average Correctness. The participants are given questions to be answered. For each of
these tasks it is determined whether the answer is correct or incorrect. Performance is
now defined as the ratio of correct answers given compared to all answers. This means
that the highest-performing students are those students who give only correct answers.
This definition is also much akin to the performance definition for exams.

4 Context

In this study, we use data obtained from four experiments investigating the effects of dif-
ferent modeling alternatives for validation tasks. The experiments differ in the concrete
modeling technique under investigation and thus in materials used and in concrete questions
asked, but the principal procedure and tasks are the same for all experiments. All exper-
iments deal with model perception tasks and thus allow for comparability w.r.t. manual
validation tasks of models.
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In the original experiments, as independent variable we typically investigated different
model-based notation formats displaying a specification excerpt to be inspected by ad-hoc
review. As dependent variables we typically determined:

– Effectiveness: percentage of correct decisions made.
– Efficiency: average time spent for making a correct decision.
– User Confidence: average confidence a participant claims in the correctness of their

answers. Measured on a 5-point semantic differential scale, where 1 means very
unconfident and 5 means very confident.

– Subjective Supportiveness: average result of self-rated standardized questionnaire items
from the TAM 3 (Technology Acceptance Model v.3, cf. Venkatesh and Bala (2008))
for perceived usefulness, perceived ease of use, and computer self-efficacy.

Table 1 provides a brief overview of the different experiments. In the following, we
briefly outline the intention of each experiment, provide the most important descriptive
statistics and summarize the findings of the experiment.

Table 1 Overview of included experiments

Experiment Goal of Study Participants

Experiment 1: Investigate whether the integrated 68 graduate students

Representation of representation (i.e. the merged

inconsistencies diagram) is advantageous compared

to the separate representation (i.e.

the original bMSC diagrams) for

reviews with respect to their

effectiveness and efficiency.

Experiment 2: Investigate whether the use of instance 55 undergraduate students

Representation of models showing different collaborative 45 graduate students

recurring instances system network configurations is beneficial

for the manual validation of collaborative

system networks.

Experiment 3: Investigate whether reviewing the functional 60 undergraduate students

Comparison review design after transformation into the format

model vs functional of MSC is advantageous, in particular with

design respect to effectiveness, efficiency, user

confidence, and subjective supportiveness,

compared to common reviews.

Experiment 4: Investigate whether reviewing a dedicated 119 undergraduate students

Comparison review review model is more effective and efficient 21 graduate students

model vs original than reviewing behavioral requirements and

specifications functional design and whether the experience

and skill level of reviewers have an influence.

In total: 234 undergraduate students

134 graduate students
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4.1 Experiment 1: Representation of Inconsistencies

In Daun et al. (2017) we reported an experiment to investigate whether reviews can benefit
from the consolidated representation of inconsistencies within one Message Sequence Chart
(MSC, cf. ITU (2016)) compared to the representation of inconsistencies in two distinct
MSC. Therefore, the experiment compares two representations of inconsistencies: First,
in one merged diagram. Second, in two distinct diagrams. The experiment was conducted
with 68 graduate students. The experiment material was derived from an industrial sample
specification of an avionics collision avoidance system.

The descriptive statistics of Experiment 1 are shown in Table 2. In this experiment only
graduate students participated.

Regarding the question whether it is beneficial for manual reviews to first merge
inconsistent behavioral properties into one integrated diagram compared to the review
of inconsistent properties in separate diagrams, the experiment shows that such a model
merging seems to have only limited impact on the effectiveness of the review. Regarding
efficiency, when reviewing models with minor inconsistencies, merging inconsistent parts
into one diagram can significantly improve the review’s efficiency. Finally, the results show
that regardless of the representation format (i.e., two separate diagrams or one merged dia-
gram) the effectiveness of the review is considerably higher when reviewing diagrams with a
high degree of consistency than when reviewing diagrams with a low degree of consistency.

4.2 Experiment 2: Representation of Recurring Instances

In Daun et al. (2020) we reported an experiment to investigate whether reviews of col-
laborative cyber-physical systems (CPS) specifications can benefit from using concrete
instance-level MSC compared to the use of type-level MSC. The experiment was conducted
with 55 undergraduate students and with 45 graduate students. The experiment material
was also derived from the industrial sample specification of an avionics collision avoidance
system.

The descriptive statistics of Experiment 2 are shown in Table 3. The experiment was
conducted with undergraduate and graduate students.

The experiment shows that instance-level review diagrams as review artifacts are more
expressive than the type-level diagrams. Expressiveness of instance-level review diagrams
detailing more instances are also more expressive compared to instance-level review dia-
grams displaying fewer instances. Regarding effectiveness, the use of instance-level review
diagrams showing three instances as review artifacts is more effective than the use of type-
level diagrams. Efficiency and confidence were roughly equal for reviewing instance-level
review diagrams and for reviewing type-level diagrams.

Table 2 Descriptive statistics of experiment 1

Degree Program N Minimum Maximum Mean Std. Deviation

Confidence Correct Graduate 68 1.429 5.000 3.425 0.842

Confidence Incorrect Graduate 68 1.000 4.800 3.019 0.846

Performance Graduate 68 4.17% 91.67% 57.17% 18.84%

Self-Rated Experience Graduate 67 1.000 4.000 2.377 0.725
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Table 3 Descriptive statistics of experiment 2

Degree Program N Minimum Maximum Mean Std. Deviation

Confidence Correct Undergraduate 55 1.250 5.000 4.096 0.736

Graduate 45 2.222 5.000 4.370 0.620

Confidence Incorrect Undergraduate 55 1.333 5.000 3.924 0.697

Graduate 45 2.080 5.000 4.108 0.652

Performance Undergraduate 55 19.44% 63.89% 42.67% 11.27%

Graduate 45 16.67% 77.78% 52.04% 13.39%

Self-Rated Experience Undergraduate 53 1.000 3.500 2.316 0.722

Graduate 44 1.000 5.000 2.813 0.697

4.3 Experiment 3: Comparison ReviewModel vs Functional Design

In Daun et al. (2019a) we reported an experiment to investigate whether reviews of an auto-
matically generated dedicated review model are beneficial compared to the review of the
functional design of CPS. The experiment was conducted with 60 undergraduate students.
The experiment material was derived from automotive case systems: door control unit and
lane keeping support.

The descriptive statistics of Experiment 3 are shown in Table 4. In this experiment only
undergraduate students participated.

Regarding the question whether the use of a generated review model can aid the review of
the functional design, the controlled experiment provides evidence that confirms the hypoth-
esis: The review of the review model is significantly more effective than the review of the
original functional design. Participants were more self-confident regarding their decision
and rated the use of the review model as more supportive. This means that the use of model
transformations can be an effective means to improve the quality of reviews of model-based
specifications. The experiment also showed that there seems to be no effect regarding the
efficiency of the review. The review of both artifacts (i.e., the review model and the original
functional design) seems equally efficient, so there is no impact of model transformations
regarding the time reviewers need to make a correct decision.

4.4 Experiment 4: Comparison ReviewModel vs Original Specifications

In Daun et al. (2019b) we reported an experiment to investigate whether reviews of an
automatically generated and consolidated dedicated review model are beneficial compared
to the review of the behavioral requirements and the functional design of CPS. Furthermore,
it investigates whether the experience and skill level of reviewers have an influence on

Table 4 Descriptive statistics of experiment 3

Degree Program N Minimum Maximum Mean Std. Deviation

Confidence Correct Undergraduate 60 1.684 5.000 3.968 0.604

Confidence Incorrect Undergraduate 60 1.455 4.444 3.463 0.454

Performance Undergraduate 60 3.33% 86.67% 62.28% 15.78%

Self-Rated Experience Undergraduate 57 1.000 4.000 2.471 0.738
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the effectiveness and efficiency of the reviews. The experiment was conducted with 119
undergraduate students and with 21 graduate students.

The descriptive statistics of Experiment 4 are shown in Table 5. The experiment was
conducted with undergraduate and graduate students.

The review of the review model is more effective, more efficient, more user confidence
increasing and is subjectively perceived as more supportive than the review of behavioral
requirements and functional design. This holds true for reviewers of different experience
and skill levels. While graduate students are more effective than undergraduate students in
reviewing the review model and the original specifications, the effect of the review model
on effectiveness is the same for graduates and undergraduates.

5 Study Setup

This section introduces the study setup of the observational study. To ensure comparability
with other empirical studies the structure of the section is based on the recommendations
given in Wohlin et al. (2000) and Jedlitschka et al. (2008).

5.1 Goal

The objective of our study is to investigate whether students’ self-rated experience and
confidence are adequate means to predict students’ performance.

Previous work has shown that self-rated experience and confidence are an adequate
means to predict students’ performance for programming tasks (cf. Section 2, e.g., Bunse
(2006); Feigenspan et al. (2012); Bergersen et al. (2011); Layman et al. (2005)). Little work,
however, has been done to study if this also holds for other areas of software engineering.
To contribute to the body of research on the relation between self-rated experience, confi-
dence, and performance, we studied the effects self-rated experience and confidence have
on performance for model comprehension tasks. As it is important for validation and other
activities in the context of model-based development to understand models, we want to
investigate whether students’ self-rated experiences and confidences are good predictors for
their actual performance in model comprehension tasks.

Therefore, we defined two major research questions:

• RQ1: Is the self-rated confidence a student claims for answering model comprehension
tasks a good predictor for correctness of the student’s answer?

Table 5 Descriptive statistics of experiment 4

Degree Program N Minimum Maximum Mean Std. Deviation

Confidence Correct Undergraduate 117 1.000 5.000 3.628 0.794

Graduate 21 2.250 4.909 4.248 0.707

Confidence Incorrect Undergraduate 119 1.000 4.889 3.510 0.761

Graduate 21 1.800 5.000 3.918 1.017

Performance Undergraduate 119 0.00% 87.50% 46.67% 15.98%

Graduate 21 33.33% 83.33% 60.71% 15.4%

Self-Rated Experience Undergraduate 117 1.000 4.333 2.499 0.733

Graduate 21 1.500 4.667 3.071 0.802
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• RQ2: Is self-rated experience a good predictor for students’ performance in model
comprehension tasks?

To do so, we analyze a set of comparable experiments we conducted with student partic-
ipants (see Section 4). As the experiments were conducted with graduate and undergraduate
students, this also allows investigating the relations between students’ performance and stu-
dents’ perception of their performance separately for graduate and undergraduate students
(which can also be seen as a characteristic of experience, see Section 3.1). Hence, we also
want to determine for RQ1 and RQ2 if there is a difference between undergraduate and
graduate students with respect to their ability to assess the correctness of their answers and
their performance. Leading to:

• RQ3: Does graduate students’ self-rated confidence better reflect the correctness of
their answers compared to undergraduate students?

• RQ4: Does the self-rated experience of graduate students better predict their perfor-
mance compared to undergraduate students?

5.2 Variables

Table 6 introduces the response variables and the explanatory variables of the observational
study. Note that these are used in the individual experiments as dependent and independent
variables or are calculated from the dependent and independent variables of the individual
experiments. In the following each variable is explained in more detail.

Response variables are Correctness and Performance as we want to investigate whether
the likelihood of performing better (or on an item level: making a correct decision) can be
explained with the explanatory variables: Confidence, Self-Rated Experience, and Degree
Program.

Correctness is measured on an ordinal scale, an answer given by a participant is either
Correct or Incorrect. We define Performance as the ratio of correct answers and all answers
given. Performance is measured on a ratio scale from 0% to 100%.

Regarding the confidences, for each answer the participant is asked to self-rate their con-
fidence in the correctness of the decision they made. As shown in Figs. 2 and 3 confidence

Table 6 Observed variables

Name Type Scale Characteristic Description

Correctness Response Ordinal Correct incorrect Students’ answers are either

correct or incorrect

Performance Response Ratio 0%-100% The ratio of correctly answered

questions

Confidence Explanatory Ratio 1-5 The average confidence a partici-

pant claims for giving answers

Self-Rated Experience Explanatory Ratio 1-5 The average result of participants’

self-rated experiences

Degree Program Explanatory Nominal Undergraduate Participants are either enrolled in

graduate an undergraduate or a graduate

degree program
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Fig. 1 Example of items measuring the experience for experiment 3

is measured on a 5-point semantic differential scale. For Confidence Correct we calcu-
late the mean of the measured confidence values for all answers given that were Correct.
For Confidence Incorrect we calculate the mean of the measured confidence values for
all answers given that were Incorrect. Confidence Correct and Confidence Incorrect are
measured on a ratio scale with 1 as the minimum and 5 as the maximum value.

To measure Self-Rated Experience, the participants are asked questions to self-rate their
experience subsequent to experiment execution. For instance, participants are asked for their
experience with the involved modeling languages or the kind of tasks they had to conduct.
Figure 1 shows an example for the questions asked for Experiment 3. Each item is measured
on a 5-point semantic differential scale, where 1 means very inexperienced and 5 means
very experienced. Self-Rated Experience is then calculated by averaging the value of all
these semantic differential scale items. Hence, Self-Rated Experience itself is measured
on a ratio scale with 1 as the minimum and 5 as the maximum.

The degree program has two levels, participants are either enrolled in an Undergraduate
degree program or in a Graduate degree program. In our case graduate students always refer
to the Master level, not to Ph.D. students.

Please note, we measure experience and confidence on a 5-point semantic differential
scale.3 Table 6 describes these variables to be defined on a ratio scale. This is because we
aggregated the data by calculating the average of multiple items. For confidence, we cal-
culate the average confidence of multiple tasks. For self-rated experience, the self-rated
experience construct is determined by the average value of multiple questionnaire items
related to different areas of expertise. While this is a very common approach in many
reported experiments (e.g., El Emam and Madhavji (1996); Sinha and Smidts (2006);
Polančič et al. (2010)), some object to this practice as they argue that the differences
between different points on the semantic differential scale cannot be assumed to be equal (cf.
Jamieson (2004)). Therefore, in the appendix of this paper you will find a non-parametric
evaluation of the hypotheses that treats confidence and self-rated experience as ordinal val-
ues. As can be seen, the treatment of these variables as ordinal values as opposed to ratio
values has in this case no effect on the acceptance of hypotheses.

3In the original experiment reports we erroneously reported to have measured experience and confidence
on Likert-scales (cf. Likert (1932)). However, we actually used a semantic differential scale (cf. Osgood
et al. (1957)) as we did not measure agreement with a statement as is required for Likert-scales. As this is
a common misunderstanding of Likert-scales, we also corrected claims in the related work section where
authors reported the use of Likert-scales but actually used semantic differential scales.
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5.3 Hypothesis Formulation

5.3.1 Hypotheses Regarding Underlying Assumptions

In theory, we assume that more advanced students are more confident, rate their experience
higher, and perform better than inexperienced students. One objectively measurable differ-
ence in the experience of students are the degrees they already received. In our case, this is
the distinction between graduate students and undergraduate students. Therefore, we define
following hypotheses:

HA.1A: Graduate students perform better than undergraduates.

I.e., Perf ormGrad > Perf ormUgrad

HA.2A: Graduate students rate their confidence higher than undergraduates.

I.e., ConfGrad > ConfUgrad

HA.3A: Graduate students rate their experience higher than undergraduates.

I.e., ExpGrad > ExpUgrad

The corresponding null hypotheses are:

HA.10: There is no difference in performance between graduate and undergraduate
students.

I.e., Perf ormGrad = Perf ormUgrad

HA.20: There is no difference in confidence between undergraduate and graduate students.

I.e., ConfGrad = ConfUgrad

HA.30: There is no difference in self-rated experience between graduate and undergraduate
students.

I.e., ExpGrad = ExpUgrad

5.3.2 Hypotheses Regarding Confidence and Correctness (RQ1)

Regarding RQ1, we want to investigate whether the students’ confidence in decision mak-
ing is a good predictor for the correctness of the result. Therefore, we assume that students
are more confident when giving a correct answer. Hence, the alternative hypothesis is:

H1.1A: Students rate their confidence higher when giving a correct answer than when
giving an incorrect answer.

I.e., Conf Correct > Conf Incorrect

The corresponding null hypothesis is:

H1.10: There is no difference in confidence between correct and incorrect answers.

I.e., Conf Correct = Conf Incorrect

Page 15 of 41     80



Empir Software Eng (2021) 26:  80

5.3.3 Hypotheses Regarding Self-Rated Experience and Performance (RQ2)

Regarding RQ2, we want to investigate whether better performing students rate their
experience higher. Assuming that students can assess whether they have given a correct or
an incorrect answer, it follows that students whose performance was better should self-rate
their experience higher than worse performing students. Therefore, we define:

H2.1A: Students’ performance is positively correlated with their self-rated experience.

The corresponding null hypothesis is:

H2.10: There is no correlation between students’ performance and their self-rated
experience.

5.3.4 Hypotheses Regarding the Impact of the Degree Program on Confidence
and Correctness (RQ3)

For RQ3, we want to broaden our investigation of RQ1 by taking the experience level of
the degree program into account. We expect graduate students to be better than undergrad-
uate students at assessing whether they have given a correct answer or an incorrect one.
In detail, this means that we expect graduate students to have a higher average confidence
for correct answers compared to undergraduate students; and we expect graduate students
to have a lower average confidence for incorrect answers than undergraduate students,
indicating that graduate students are more aware of the correctness of their answers and
rate their confidence accordingly. Thus, we define:

H3.1A: Graduate students rate their confidence higher when giving a correct answer than
undergraduates do when giving a correct answer.

I.e., Conf CorrectGrad > Conf CorrectUgrad

H3.2A: Graduate students rate their confidence lower when giving a incorrect answer than
undergraduates do when giving an incorrect answer.

I.e., Conf IncorrectGrad < Conf IncorrectUgrad

The corresponding null hypotheses are:

H3.10: There is no difference in Confidence Correct between undergraduate and graduate
students.

I.e., Conf CorrectGrad = Conf CorrectUgrad

H3.20: There is no difference in Confidence Incorrect between undergraduate and graduate
students.

I.e., Conf IncorrectGrad = Conf IncorrectUgrad

5.3.5 Hypotheses Regarding the Impact of the Degree Program on Self-Rated
Experience and Performance (RQ4)

For RQ4, we also want to broaden our investigation of RQ2 by taking the experience level
of the degree program into account. Therefore, we can assume that the more advanced
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graduate students are better at estimating their experience-level based on their actual per-
formance. Hence, we define:

H4.1A: Performance and self-rated experience are more strongly correlated for graduates
compared to undergraduates.

The corresponding null hypothesis is:

H4.10: There is no difference in the correlations between students’ performance and
self-rated experience between graduates and undergraduates.

5.3.6 Summary of Hypotheses

The aforementioned null hypotheses correspond to two directed alternative hypotheses.
However, so far, we only reported the directed alternative hypotheses HxA, which are in
accordance with our expectations. Table 7 summarizes all hypotheses and complements the
alternative hypotheses for the opposite direction, which we refer to as HxB .

5.4 Experiment Designs

As mentioned above, we use data collected from several experiments. The experiments were
originally conducted to compare different types of model-based specifications with respect
to their suitability for manual reviews. Participants were shown excerpts from specifications
and asked whether certain natural language stakeholder intentions were reflected in that
particular model or not. For each stakeholder intention, participants were also asked to rate
on a 5-point semantic differential scale how confident they are that the answer they have
given is correct. After answering all review questions, participants were asked about their
experiences with model-based engineering in general and with the notations used in the
experiment.

To answer RQ1 we compare each student’s average confidence for giving correct
answers with their average confidence for giving incorrect answers. Therefore, correctness
is a within subject factor. Considering RQ3 we also distinguish between graduate and under-
graduate students. Participants varied between the two groups. Therefore, degree program
is a between-subject factor.

To answer RQ2, we check whether the students’ self-rated experience is correlated to
their performance. Considering RQ4 we again distinguish between graduate and undergrad-
uate students. As we did not conduct a longitudinal study, participants varied between the
two groups. Therefore, self-rated experience and performance are between subject factors.

5.5 Participants

The experiments were conducted with graduate and undergraduate students, who were
recruited within university courses on requirements engineering. The university offers two
courses on requirements engineering: one undergraduate course that is compulsory for
systems engineering majors and optional for information systems majors and focuses on
documentation of requirements, and one graduate course that is optional for all participating
students and focuses on requirements analysis. The undergraduate course is not a prereq-
uisite for the graduate course. The two courses are offered in different terms, hence no
student can be enrolled in both at the same time. All experiments were first conducted in the
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Table 7 Hypotheses

Hypotheses

HA.10 There is no difference in performance between graduate and undergraduate students.

HA.1A Graduate students perform better than undergraduates.

HA.1B Undergraduate students perform better than graduates.

HA.20 There is no difference in confidence between undergraduate and graduate students.

HA.2A Graduate students rate their confidence higher than undergraduates.

HA.2B Undergraduate students rate their confidence higher than graduates.

HA.30 There is no difference in self-rated experience between graduate and undergraduate students.

HA.3A Graduate students rate their experience higher than undergraduates.

HA.3B Undergraduate students rate their experience higher than graduates.

H1.10 There is no difference in confidence between correct and incorrect answers.

H1.1A Students rate their confidence higher when giving a correct answer than when giving an

incorrect answer.

H1.1B Students rate their confidence higher when giving an incorrect answer than when giving a

correct answer.

H2.10 There is no correlation between students’ performance and their self-rated experience.

H2.1A Students’ performance is positively correlated with their self-rated experience.

H2.1B Students’ performance is negatively correlated with their self-rated experience.

H3.10 There is no difference in Confidence Correct between undergraduate and graduate students.

H3.1A Graduate students rate their confidence higher when giving a correct answer than under-

graduates do when giving a correct answer.

H3.1B Undergraduate students rate their confidence higher when giving a correct answer than

graduates do when giving a correct answer.

H3.20 There is no difference in Confidence Incorrect between undergraduate and graduate students.

H3.2A Graduate students rate their confidence lower when giving a incorrect answer than under-

graduates do when giving an incorrect answer.

H3.2B Undergraduate students rate their confidence lower when giving a incorrect answer than

graduates do when giving an incorrect answer.

H4.10 There is no difference in the correlations between students’ performance and their self-rated

experience between graduates and undergraduates.

H4.1A Performance and self-rated experience are stronger correlated for graduates compared to

undergraduates.

H4.1B Performance and self-rated experience are stronger correlated for undergraduates compared

to graduates.

graduate course, thus ensuring no students participated in the same experiment twice. How-
ever, some students first participated in one experiment in the undergraduate course and
then in a different experiment in the graduate course.

5.5.1 Graduate Students

Graduate participants were recruited from master-level university courses on requirements
engineering. The participants were mainly holding bachelor degrees in ’Systems Engineering’
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or ’Information Systems’ and were enrolled in the master-level degree programs of ’Systems
Engineering’ or ’Information Systems’.

The course’s syllabus consists of goals, scenarios, essential system analysis, require-
ments validation and management. Model-based requirements engineering techniques are
an integral part of the course; among others, students are taught scenario definition using
MSC. Hence, at the point where the experiment takes place the students have knowledge of
the modeling languages used as well as of conducting reviews as a requirements validation
activity. We did not conduct additional briefings to avoid threats from hypothesis guessing
and the like. However, debriefings were conducted to relate the experiments to the course
and deepen an understanding of requirements validation activities.

5.5.2 Undergraduate Students

Undergraduate participants were recruited from bachelor-level requirements engineering
courses. The participants were mainly enrolled in bachelor-level degree programs for
’Systems Engineering’, ’Information Systems’, or ’Business Studies’.

Much akin to the graduate course, model-based requirements engineering is an impor-
tant part of the undergraduate course. Furthermore, requirements validation is also part of
the course, however to a lesser extent than in the graduate course. Therefore, undergraduate
students also have a basic understanding of the modeling languages used and of require-
ments validation tasks. Also in this case, we refrained from upfront briefings but integrated
debriefings in the course syllabus.

5.6 Experiment Materials

The individual experiments’ experimental setups consist of several reviewing tasks and a
post-hoc questionnaire. Each participant reviewed specification excerpts and had to decide
whether certain statements are correctly displayed within the specification. For the spec-
ification excerpts, we used various industrial sample specifications as sources for the
experiment material. The participants had to conduct reviews of excerpts from model-based
specifications of the industrial case systems. Additionally, a set of natural language state-
ments, which had to be evaluated by the participants, was given. The participants had to
decide whether these statements were properly described by the specifications. In addition
to each statement, the participants were asked to rate their confidence in decision making
on a 5-point semantic differential scale.

Figures 2 and 3 show excerpts from Experiment 3. Shown are diagrammatic represen-
tations (i.e., in case of Fig. 2 an excerpt from the functional design of an automotive door
control unit and in case of Fig. 3 an excerpt from a review model for an automotive lane
keeping support) and natural language statements. The participants were asked to inves-
tigate whether these natural language statements are correctly incorporated in the models
shown. As these statements were either true, i.e. the aspect was displayed in the model, or
not true, i.e. the aspect was not displayed in the model, an answer was judged correct if the
participant either identified a true statement as true or an untrue statement as not true.

After the reviewing tasks, each participant was asked to rate their level of experience in
several categories related to the reviewing tasks. Self-rated experience is determined as the
mean of the measurements of several items rated on a 5-point semantic differential scale
(see Fig. 1 for an example from Experiment 3). The self-rated experience was explicitly
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Fig. 2 Example experiment materials - functional design of an automotive door control unit

measured after the tasks have been conducted by participants, to ensure that participants
can consider their perceived performance in rating their experience. This rating was also
conducted on a 5-point semantic differential scale.

The experiments were conducted using online questionnaires. The experiments were
designed to last about 30 minutes. This was done to minimize the threat of participants’
dropping out of the experiment because of lost interest. Students typically participated from
home, as a) we wanted to reduce interaction effects between participants due to limited
space available in the class room and b) sufficient equipment was not available to allow for
in-class participation.
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yes no

very
confident

very
uncon

Are following stakeholder intentions represented in the displayed message sequence charts?
Please decide whether you think so, or not. In addition, please rate your confidence in the decision you made.

The LKS shall determine whether an automated intervention is necessary or not, based on a 
video stream monitoring the lane and the steering angle.
In addition, it must be verified that no interventions are conducted if the driver intents to 
exit the lane. Therefore, it shall be requested, whether the indicator is activated or not.
To determine the corrected steering angle, instead of the desired steering angle at the steer-
ing wheel the actual yaw rate shall be used. Yawrate can be requested from another system.
In case only minor interventions are needed the LKS shall conduct a steering intervention to 
the steering wheel, for larger interventions braking shall be used.
The driver must be able to override automated steering interventions at any time. A manual 
steering command must stop all active intervention (to the wheel and to the brakes).
After an intervention was conducted the LKS shall resume monitoring for additional 
interventions.
In case yawrate and desired steering angle at the steering wheel differ by more than 10° no 
intervention shall be conducted as this commonly stems from erroneous data.

yes no

very
confident

very
uncon

Are following stakeholder intentions represented in the displayed message sequence charts?
Please decide whether you think so, or not. In addition, please rate your confidence in the decision you made.

The LKS shall determine whether an automated intervention is necessary or not, based on a 
video stream monitoring the lane and the steering angle.
In addition, it must be verified that no interventions are conducted if the driver intents to 
exit the lane. Therefore, it shall be requested, whether the indicator is activated or not.
To determine the corrected steering angle, instead of the desired steering angle at the steer-
ing wheel the actual yaw rate shall be used. Yawrate can be requested from another system.
In case only minor interventions are needed the LKS shall conduct a steering intervention to 
the steering wheel, for larger interventions braking shall be used.
The driver must be able to override automated steering interventions at any time. A manual 
steering command must stop all active intervention (to the wheel and to the brakes).
After an intervention was conducted the LKS shall resume monitoring for additional 
interventions.
In case yawrate and desired steering angle at the steering wheel differ by more than 10° no 
intervention shall be conducted as this commonly stems from erroneous data.

Fig. 3 Example experiment materials - review model for an automotive lane keeping support

5.7 Analysis Methods

We analyzed the data by calculating common descriptive statistic parameters. The measured
construct of self-rated experience is calculated as the mean of multiple items that are related
to experience in different fields of expertise. Therefore, it must be evaluated whether these
single items do not contradict each other and it is fair to claim that these can be aggre-
gated. To ensure item reliability of self-rated experience, we computed Cronbach’s alpha.
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To compare graduate students’ performance to undergraduate students’ performance, grad-
uate students’ confidence to undergraduate students’ confidence, and graduate students’
self-rated experience to undergraduate students self-rated experience, we conducted inde-
pendent t tests. To compare students’ confidence between correct and incorrect answers, we
conducted a paired-samples t test. For examining the relationship between students’ per-
formance and their self-rated experiences, we evaluated partial correlations. This allows
us to examine the relationship between students’ performance and their self-rated expe-
rience while controlling for degree program. We compare graduate students’ confidence
when giving a correct answer to undergraduate students’ confidence when giving a correct
answer and graduate students’ confidence when giving an incorrect answer to undergrad-
uate students’ confidence when giving an incorrect answer using independent t tests. We
also evaluate correlations between performance and self-rated experience for graduate and
undergraduate students separately and compared these correlations using Fisher’s z. Fisher’s
z is used to test if two correlations differ significantly (cf. Diedenhofen and Musch (2015)).

6 Results

This section reports the results of the observational study. The descriptive statistics are pre-
sented in Section 6.1. Subsequently, Section 6.2 briefly summarizes the data set preparation
before Section 6.3 details the results of the conducted hypothesis tests. Note that we report
the results of the observational study across all experiments at once. For detailed descriptive
statistics of each individual experiment, please refer to Section 4.

6.1 Descriptive Statistics

Table 8 shows the descriptive statistics. There were two undergraduate students who gave no
correct answer. Consequently, their average confidence for giving correct answers could not
be determined. Similarly, there were nine students (seven undergraduates and two graduate
students) who chose not to disclose their experiences.

Table 9 shows the results of Pearson correlations between the different variables. As can
be seen the various confidence variables are unsurprisingly strongly correlated. Self-rated
experience is weakly correlated with confidence. Performance is weakly correlated with
confidence correct and negligibly correlated with confidence incorrect.

Table 8 Descriptive statistics

N

Degree Program Valid Missing Mean Std. Deviation

Confidence Correct Undergraduate 232 2 3.827 0.761

Graduate 134 0 3.872 0.876

Confidence Incorrect Undergraduate 234 0 3.596 0.701

Graduate 134 0 3.525 0.963

Performance Undergraduate 234 0 49.74% 16.70%

Graduate 134 0 56.00% 16.83%

Self-Rated Experience Undergraduate 227 7 2.449 0.732

Graduate 132 2 2.633 0.773
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Table 9 Pearson correlations

Confidence Confidence Confidence Self-Rated

Overall Correct Incorrect Performance Experience

Confidence Pearson Correlation 1 .771** .848** .062 -.264**

overall Sig. (2-tailed) .000 .000 .235 .000

N 368 366 368 368 359

Confidence Pearson Correlation .771** 1 .826** .289** -.271**

correct Sig. (2-tailed) .000 .000 .000 .000

N 366 366 366 366 357

Confidence Pearson Correlation .848** .826** 1 .142** -.259**

incorrect Sig. (2-tailed) .000 .000 .006 .000

N 368 366 368 368 359

Performance Pearson Correlation .062 .289** .142** 1 -.051

Sig. (2-tailed) .235 .000 .006 .336

N 368 366 368 368 359

Self-Rated Pearson Correlation -.264** -.271** -.259** -.051 1

experience Sig. (2-tailed) .000 .000 .000 .336

N 359 357 359 359 359

**. Correlation is significant at the .01 level (2-tailed).

6.1.1 Confidence

As can also be seen from the boxplots in Fig. 4, in mean students express a higher confidence
when giving a correct answer than when giving an incorrect answer.

When giving a correct answer graduate students express a higher confidence (M = 3.872,
SD = .876) than undergraduate students (M = 3.827, SD = .761). When giving an incorrect
answer, however, graduate students (M = 3.525, SD = .963) express a lower confidence than
undergraduate students (M = 3.596, SD = .701).

Fig. 4 Confidence for correct and incorrect answers depending on degree program
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6.1.2 Performance

It can be seen from the boxplots in Fig. 5, that in mean graduate students perform better
(M = 56.001%, SD = 16.832%) than undergraduate students (M = 49.735%, SD = 16.699%).

6.1.3 Experience

As can be seen from the boxplots in Fig. 6, undergraduate students rate their experience
(M = 2.449, SD = .732) lower than graduate students (M = 2.633, SD = .773).

6.1.4 Comparisons

The scatterplot in Fig. 7 illustrates average confidence for correct and incorrect answers for
each individual student. Remember that confidence was measured on a 5-point semantic
differential scale ranging from one to five, with one representing highly unconfident and
five representing highly confident. It can be seen that most participants had a higher confi-
dence when giving a correct answer than when giving an incorrect answer. However, a few
participants had a wide gap between their confidence averages.

The scatterplot in Fig. 8 illustrates the individual students’ performances and their self-
rated experiences. It can be seen that there seems to be no strong connection between a
student’s self-rated experience and their performance.

6.2 Data Set Preparation

We combined the data sets from four previously conducted and reported experiments.
For the original analyses, we removed outliers that hinted at irregularities such as partici-
pants completing the experiment too quickly, which raised suspicion that these participants
answered questions randomly to finish as fast as they could. This was the case for five par-
ticipants of Experiment 1, who took less than five minutes to review 34 natural language
stakeholder intentions, and six participants of Experiment 4, who took less than one minute
to review twelve natural language stakeholder intentions. We removed all data from these
participants. Beyond outlier removal in the original experiments, we removed no further
data sets for the observational study.

Fig. 5 Performance of
undergraduate and graduate
students
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Fig. 6 Experience of
undergraduate and graduate
students

Fig. 7 Scatterplot comparing
each student’s average
confidence in correct and
incorrect answers

Fig. 8 Scatterplot comparing
each student’s performance and
self-rated experience
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6.3 Hypothesis Testing

The data collected is nearly normally distributed. Table 10 shows the results of the
Kolmogorov-Smirnov and the Shapiro-Wilks tests. As can be seen, for some variables the
tests indicate non-normality, however, in large samples these tests are known to show sig-
nificant results even for small and unimportant effects, i.e. small deviations from a normal
distribution (Field (2013)). Additionally, according to the central limit theorem, for sam-
ples larger than 30, the sampling distribution of the data will take the shape of a normal
distribution regardless of the shape of the population from which the sample was drawn,
consequently the research literature recommends using parametric tests for analyzing such
data (cf. Lumley et al. (2002)). Due to this, we are confident in the reliability of parametric
tests in this setting (cf. Field (2013)). In addition, we had a need to investigate the reliabil-
ity of our measurement for self-rated experience. Self-rated experience is determined as the
mean of the measurements of several questions rated on a 5-point semantic differential scale.
Hence, it must be ensured that the aggregation of these different questions to one measure-
ment for experience is fair (i.e., that the different items are not inconsistent. We, therefore,
conducted tests for Cronbach’s alpha. We determined a good reliability of α(6) = .841.
Consequently, we assume our questionnaire for determining self-rated experience to be suf-
ficiently reliable (cf. DeVellis (2017)). Note that this only means that the various items we
use to define the construct self-rated experience are not contradictory. However, it does not
prove that they actually measure participants experience nor that they are indeed causally
related, as we will discuss in Section 7.2.

6.3.1 Hypothesis Tests Regarding Underlying Assumptions

Regarding the assumption that graduate students perform better than undergraduates, our
results show that on average, graduate students (M = 56.00%, SD = 16.83%) performed
highly significantly better than undergraduates (M = 49.74%, SD = 16.70%), t(366) = 3.45,
p = .001. Therefore, we accept HA.1A.

Table 10 Tests of normality

Kolmogorov-Smirnova Shapiro-Wilk

Statistic df Sig. Statistic df Sig.

Confidence Undergraduate .065 234 .019 .972 234 .000

Overall Graduate .095 134 .005 .961 134 .001

Confidence Undergraduate .062 232 .030 .944 232 .000

Correct Graduate .118 134 .000 .924 134 .000

Confidence Undergraduate .074 234 .003 .950 234 .000

Incorrect Graduate .092 134 .007 .963 134 .001

Performance Undergraduate .043 234 .200* .989 234 .065

Graduate .092 134 .007 .981 134 .061

Self-Rated Undergraduate .087 227 .000 .977 227 .001

Experience Graduate .114 132 .000 .977 132 .026

* This is a lower bound of the true significance.

a Lilliefors Significance Correction
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Regarding the assumption that graduate students have higher confidence than undergrad-
uates, our results show that on average, graduate students (M = 3.54, SD = 0.88) are not
significantly more confident than undergraduates (M = 3.46, SD = 0.79), t(254.50) = 0.83,
p = .409. Therefore, we cannot reject HA.20.

Regarding the assumption that graduate students self-rate their experience higher than
undergraduates, we found out that on average, undergraduate students (M = 2.45, SD = .73)
rated their experience significantly lower than graduate students (M = 2.63, SD = .77),
t(357) = 2.24, p = .025. Hence, we can accept HA.3A.

6.3.2 Hypothesis Tests Regarding Confidence and Correctness (RQ1)

On average, confidence was higher when giving a correct answer (M = 3.84, SD = 0.80)
than when giving an incorrect answer (M = 3.57, SD = 0.81). This difference was highly
significant t(365) = 11.05, p < .001. Hence, we accept H1.1A.

6.3.3 Hypothesis Tests Regarding Self-Rated Experience and Performance (RQ2)

A partial correlation was conducted to evaluate the relationship between performance
and self-rated experience while controlling for degree program. When we control degree
program on the relationship between performance and self-rated experience, we find the fol-
lowing partial correlation r = .03, p (one-tailed) = .282. This shows that independent of the
degree program, better performing students do not rate their experience higher than weaker
performing students. We therefore cannot reject H2.10.

6.3.4 Hypothesis Tests Regarding the Impact of the Degree Program on Confidence
and Correctness (RQ3)

On average, confidence when giving a correct answer was higher for graduate students
(M = 3.87, SD = 0.88) than for undergraduate student (M = 3.83, SD = 0.76). This difference
was not significant t(364) = 0.512, p = .609. Therefore, we cannot reject H3.10.

On average, confidence when giving an incorrect answer was lower for graduate stu-
dents (M = 3.53, SD = 0.96) than for undergraduate students (M = 3.60, SD = 0.70). This
difference was not significant t(214,75) = -0.738, p = .461. Thus, we cannot reject H3.20.

6.3.5 Hypothesis Tests Regarding the Impact of the Degree Program on Self-Rated
Experience and Performance (RQ4)

For undergraduates, performance was not significantly correlated with self-rated experi-
ence r = .09, p (one-tailed) = .099. Similarly, for graduate students, performance was not
significantly correlated with self-rated experience r = -.06, p (one-tailed) = .250. A com-
parison of these two correlations using Fisher’s z shows no significant difference between
the correlations z = 1.31, p = .189. Therefore, we cannot reject H4.10.

6.3.6 Summary of Hypothesis Tests

Table 11 summarizes the results of the hypothesis tests. The accepted alternative hypothe-
ses as well as the not rejected null hypotheses are recapped. Section 6 will subsequently
elaborate on the results and discuss the implications and inferences of these.
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Table 11 Overview of accepted alternative hypotheses and not rejected null hypotheses

Hypothesis Result Finding

HA.1A Accepted On average graduate students performed better than undergraduates

HA.20 Not rejected Confidence does not vary significantly between graduates and undergraduates

HA.3A Accepted On average graduate students rated their experience higher than undergraduates

H1.1A Accepted Student confidence is higher for correct answers than for incorrect answers

H2.10 Not rejected There is no correlation between students’ performance and their self-rated

experience

H3.10 Not rejected There is no difference in confidence correct between undergraduate and

graduate students

H3.20 Not rejected There is no difference in confidence incorrect between undergraduate and

graduate students

H4.10 Not rejected The correlations between performance and self-rated experience do not vary

between graduate and undergraduate students

7 Discussion

7.1 Implications

While we discuss the implications of the hypothesis tests in this section, we must keep in
mind that the experiments dealt with tasks related to perceiving, interpreting, and decision
making on conceptual models. Hence, we will limit the interpretation of the results to stu-
dents’ self-perception regarding their experience and their confidence in contrast to their
performance to the field of conceptual modeling.

Major findings include:

– In RQ1 we aimed at finding out whether the confidence students claim for answer-
ing a question is a good predictor for the correctness of this question. Therefore, we
determined whether students are aware if an answer they have given is likely to be cor-
rect or not. The results show that for concrete tasks students can indeed assess whether
their answer is more likely to be correct or incorrect. Hence, self-rated confidence for
a concrete task can be seen as good predictor for the correctness of this task.

– Regarding RQ2, we wanted to determine whether self-rated experience is a good pre-
dictor for performance. Therefore, we investigated if better performing students rate
their experience higher. First, we can state that there is no significant correlation
between students’ performance and their self-rated experience. Consequently, we can
state self-rated experience is not a good predictor for students’ performance.

– For RQ3, we investigated whether there is a difference in the relation between con-
fidence and correctness for graduate and undergraduate students. Graduate students
and undergraduate students are comparably confident independent of the correctness of
their answers. We did neither find graduate students to be more confident when giving a
correct answer compared to undergraduate students nor did we find graduate students to
be less confident when giving an incorrect answer compared to undergraduate students.
Hence, there is no effect discernable with respect to the degree program.

– For RQ4, we investigated whether there is a difference in the relation of self-rated
experience and performance between graduate and undergraduate students. Graduate
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students, which must be considered more experienced than undergraduate students,
rate their experience higher than undergraduate students. Hence, students seem to be
somewhat aware of their overall experience. This finding is in line with results for the
assumption that graduate students in fact perform better than undergraduate students.
However, the degree has an higher influence on self-rated experience than the actual
performance of students.

Although there is a significant difference between self-rated experience of gradu-
ates and undergraduates, this does not lead graduate students to more accurately rate
their experience with respect to their performance than undergraduates. Hence, grad-
uate students (who are more experienced than undergraduates) are better performing
and rate their experience higher than undergraduate students. However, their self-rated
experience is not better correlated with their actual performance.

In summary, for self-rated experience, we can, thus, conclude that self-rated experience
is not a good predictor for performance in model comprehension tasks. This results from the
finding that no significant difference between self-rated experience and performance was
found. Furthermore, this is substantiated by the fact that - although graduate students do rate
their experience higher - the correlations between self-rated experience and performance do
not vary between graduate and undergraduate students.

However, the fact that graduate students have a better performance and rate their expe-
rience higher indeed shows that students advance due to their study and, hence, graduate
students can be seen as more experienced and that they are aware that they are more
experienced. Nevertheless, there is no strong correlation between self-rated experience and
performance on a within-subject basis such that self-rated experience is not a good predictor.

When it comes to confidence, we found that confidence can be used as predictor for
correctness of an answer in model comprehension tasks. Regarding the difference between
graduates and undergraduates, graduates are neither significantly more confident in giving
correct answers nor significantly less confident in giving incorrect answers. However, for
both groups confidence in a task is related to the correctness of the task. Thus, self-rated
confidence can be seen as a good predictor for the correctness of a decision regardless the
experience of a student.

The findings regarding the research questions have several implications for empirical
software engineering as well as for software engineering education. Students’ self-rated
experience is not a good predictor for their actual performance in model comprehension
tasks. Hence, the common approach to use self-rated experience as a selector for splitting
participants into treatment and control groups or as a selector for experiment participation
seems to be unreliable and should, therefore, not be used when it comes to experiments in
the field of conceptual modeling and model-based development. Obviously, the same holds
true for teaching conceptual modeling as students’ perception on how experienced they are
cannot be relied on. We will elaborate on the inferences that can be drawn from the results
of the observational study in more detail, after discussing the major threats to validity of the
investigation.

7.2 Threats to Validity

To address threats to validity of the observational study and the individual experiments,
which exist for this type of study (cf. Campbell and Stanley (1963); Zhang et al. (2014)), we
have employed certain strategies, which we will discuss in this section. In addition, we will
discuss the remaining threats to validity of the investigation with respect to the inferences
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that can be drawn. In the next subsections we will place emphasis on the threats for the
individual experiments as these are the most substantial. Nevertheless, a threat regarding
the overall setting of the observational study remains. Namely, it cannot be ruled out that
the aggregation of data from four distinct sets bears some risks. However, we did not detect
considerable deviations of the individual experiment data from the aggregated one. This can
be seen from the descriptive statistics for each individual experiment in Section 4. The data
shows that results regarding the research questions are in line between the four experiments.
By aggregating these data, we are confident that we can make more substantiated claims
regarding the generalizability of the findings for each research question.

7.2.1 Threats to Internal Validity

Regarding the internal validity of the experiments two major threats must be discussed.
First, there is a threat from students either not seriously participating or trying to over-

perform. This would corrupt the measurement of performance. To avoid such threats, we
designed the individual experiments as online questionnaires to be conducted within 20-30
minutes and gave the students a time frame of 5 days to participate. Thus, we assume that
the duration of the experiments was adequate to ensure students did not lose interest during
participation and that internal threats to history, maturation, or mortality do not apply. Since
volunteers may bias the results because they are generally more motivated than the average
student, we decided to conduct the experiments as a mandatory part of our requirements
engineering courses and explicitly decided to give no bonuses or credits as motivation.
Therefore, the experiments were designed to also serve as teaching material, achieving a
learning effect on model perception. This was supported by extensive debriefings in class.
The experimental setup was carefully adopted to meet national laws as well as comply with
university’s ethics regulations on student participation in software engineering experiments.

Second, there is a threat of participants not giving correct estimations of their experience.
We tried to mitigate this threat by ensuring anonymous participation by the students. We
assume that students do not have a need to provide incorrect answers if they are aware that
the instructor cannot match the answers to individual students.

7.2.2 Threats to Construct Validity

The fact that our experiments use mandatory student participation without student grading
or other bonus forms aids in avoiding threats from evaluation apprehension. As we use a
minimum of teaching related to the experiment upfront and we do not use upfront brief-
ings, we also lower threats from hypothesis guessing by using naı̈ve subjects. In addition,
we only use quantitative measurements. Reliability of our self-defined measurement for
experience was controlled using Cronbach’s alpha. Cronbach’s alpha shows that the sin-
gle items that form the construct of self-rated experience are not contradictory, i.e., that
they might actually measure the same construct. However, the threat remains that the items
shown in Fig. 1 might not be adequate to actually measure students experience. Particularly,
it must be questioned whether students are capable of correctly estimating their experience.
However, in this paper, we do not want to investigate whether self-rated experience is an
adequate measurement for experience but whether self-rated experience is a good predictor
for performance.
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The example specifications were carefully adopted in close collaboration with indus-
try experts to fit the experiment setup. In addition, we used pretest groups to validate the
individual experiment setups and materials. Furthermore, the individual experiments were
designed based on commonly reported experiment designs for manual validation tasks.

The comparability of the graduate and undergraduate results for each individual exper-
iment could be harmed if the same participants would participate as graduate and as
undergraduate students. To avoid such effects, we conducted each experiment first with
graduate students, and then with undergraduate students afterwards.

An important threat remains regarding the measurements used for experience, confi-
dence, and performance. Regarding experience and confidence, we cannot ensure that our
measurements are indeed good measurements for experience and confidence of the partic-
ipants. Self-rated experience and self-rated confidence are subjective measurements where
each participant interprets the scales individually. Additionally, participants may lack the
ability to self-assess. Thus, there is a risk that self-rated experience does not actually mea-
sure the experience of the participants. Therefore, we refrain from concluding whether
self-rated experience is a good measurement for experience and whether experience is a
good predictor for performance. However, we feel confident to investigate whether self-
rated experience is a good predictor for student performance in model comprehension
tasks. The performance measurement is defined as the percentage of correct answers as is
commonly used in educational settings (see Section 3.3).

Since we want to generalize from undergraduate and graduate students to the level of
skills and experience, we need to assure that graduate students can be considered more
skilled and more experienced. For example, undergraduate students could also have work
experience, or already hold another degree.

7.2.3 Threats to External Validity

Threats to external validity in software engineering experiments typically stem from the
question whether the experiment results are generalizable to an industrial setting (Höst et al.
2000). While this is obviously not the case this time, it is also interesting to discuss whether
the results indicate bad student self-perception when it comes to model-based engineering or
if this is a general problem in model-based engineering. Experimental research in software
engineering has often concluded that there are only minor differences between professional
software developers and graduate software engineering students. In addition, our findings
indicate that there is no difference between the different experienced student participants
regarding their self-perception.

While we designed the experiment material in close collaboration with industry profes-
sionals to adequately represent industrial situations, we cannot rule out the possibility that
students might be more precise in their self-estimation when it comes to academic tasks that
are commonly used in university education. Also we must mention that students were asked
to rate themselves on a 5-point semantic differential scale ranging from “very experienced”
to “very inexperienced” and results could be different if they instead had been asked to rate
themselves compared to their fellow students.

Lastly, we must mention that the results might not be generalizable to all conceptual
modeling languages but might rather be limited to the modeling languages used in the
experiments (i.e., ITU message sequence charts, functional design languages and inter-
face automata). However, these modeling languages are comparable to a wide variety of
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commonly used languages (such as sequence diagrams, finite state machines, data flow dia-
grams, etc.). Therefore, we assume that the found effects hold at least for a large subset of
conceptual modeling languages.

7.2.4 Threats to Conclusion Validity

We used expert reviews of the experiment material and we used pretests to validate students’
ability to understand the material in the intended way. Note that pretest participants were not
chosen from the courses the participants were recruited in. Furthermore, we involved indus-
try professionals to ensure that the transformation of industrial examples into experiment
material did not corrupt the principle intention of industrial problems and examples.

Regarding the conclusions about the different measurements, we must state that self-
rated experience was measured on a personal level (i.e., how experienced does a person find
themselves) and confidence on a task level (i.e., how confident is a person they conducted a
certain task correctly). Therefore, we cannot conclude that confidence is a better predictor
than experience but only that self-rated confidence measured on a task level seems to be a
better predictor for performance than self-rated experience measured on a personal level.

7.3 Inferences

Findings from the experiments show that software engineering students’ self-assessment
of their experience is not correlated to their actual performance when it comes to perceiv-
ing and interpreting conceptual models. This implies that the common use of self-rated
experience in empirical software engineering as well as in software engineering education
must not be considered a good predictor for students’ actual performance in model com-
prehension tasks. In consequence, there is a need for a reliable measurement of students’
experience to serve as a control and selector variable in empirical software engineering and
to fairly group students in educational settings. However, as other researchers came to dif-
ferent results for self-assessment of students’ programming experience (e.g., Sillito et al.
(2008), Feigenspan et al. (2012)), this result can obviously not hold true for all areas of
software engineering research and education. But it must be considered a valid counter
example for the use of students’ self-rated experience, as it might not be restricted to con-
ceptual models and model-based development alone but might be also transferable to other
non-programming related areas of software engineering.

Our results show a considerable difference in students’ self-perception compared to other
research concerning programming, consequently our findings suggest that programming
and conceptual modeling have to be treated differently in an educational setting as well as in
empirical research. Our findings add to the body of research on teaching conceptual model-
ing in software engineering in so far as our findings show that there is a difference between
learning programming and conceptual modeling which will most likely need to be reflected
in different educational approaches for programming and modeling in software engineer-
ing. In addition, it must be considered that this difference might also exists for other areas of
software engineering that might either be similar to model-based development or different
from both programming and model-based development. As software education research so
far mainly emphasizes programming, we assume there is further need to investigate other
areas of software engineering as well.

Lastly, it must be considered that the identified problem situation with bad self-
perception and self-reflection might not be specific to students when it comes to conceptual
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models. This might indicate that when it comes to conceptual modeling, people in general
have a hard time rating themselves accurately, which should therefore also be the subject of
further investigation.

8 Conclusion

In this paper, we reported an observational study investigating the results of four exper-
iments conducted with a total of 368 student participants solving tasks regarding their
perception of conceptual models. We compared the students’ performance, self-rated expe-
rience, and confidence in decision making and distinguished between more advanced
graduate students and less advanced undergraduate students.

We found that the use of self-rated experience as a commonly chosen measurement for
participants’ experience is not a good predictor for performance in model comprehension
tasks. Since the use of self-rated experience is a common predictor for performance and thus
used as a selector and control in empirical software engineering as well as in software engi-
neering education, these findings show that there is a need for a more reliable measurement
for students’ experience.

Furthermore, we found that students seem to be aware whether an answer they are giving
is likely to be correct or not. Therefore, self-rated confidence for a single task can indeed be
used as a predictor for the correctness of this task.

Additionally, we differentiated between graduate and undergraduate students. While we
showed that graduates do perform better and do rate their experience higher, our findings
show no statistically significant differences between the two groups regarding the relation
between self-rated experience and performance or the relation between confidence and cor-
rectness. Hence, graduate students must not be seen as having better self-assessment of their
abilities.

Since our data comes from experiments conducted with students, the question remains
if this is an issue pertaining only to students or if the problem is more wide spread. There-
fore, future work needs to examine if the issue of unreliability of self-rated experiences as
predictor for performance is limited to students or if a broader problem exists.

In summary, we found self-rated experience not to be a good predictor for performance in
model comprehension tasks. This holds for undergraduates as well as for graduate students.
In contrast, we found the degree program as measurement for experience and self-rated
confidence measured on a task level to be more reliable predictors for student performance
in model comprehension tasks.

Appendix

Further Descriptive Statistics

As some object to the treatment of semantic differential scale data as continuous data, we
analyzed the data considering confidence and self-rated experience as ordinal data. Table 12
lists the observed variables. Instead of averaging correctness and self-rated experience, we
consider the median values for these analyses. Table 13 presents the descriptive statistics.
Note that performance is still measured on a ratio scale. Table 14 shows Spearman’s Rho
for all combinations of variables.
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Table 12 Observed variables

Name Type Scale Characteristic Description

Correctness Response Ordinal Correct incorrect Students’ answers are either correct

or incorrect

Performance Response Ratio 0%-100% The ratio of correctly answered questions

Confidence Explanatory Ordinal 1-5 The confidence a participant claims for

giving an answers

Self-Rated Explanatory Ordinal 1-5 The median value of participants’ self-

rated experiences

experience

Degree program Explanatory Nominal Undergraduate Participants are either enrolled in

graduate anundergraduate or a graduate degree

program

Hypothesis Testing (non-parametric)

As parametric tests cannot be used on ordinal data, we use non-parametric tests to evaluate
the hypotheses. In particular, we use Mann–Whitney U tests to compare graduate stu-
dents’ confidence to undergraduate students’ confidence, and graduate students’ self-rated
experience to undergraduate students self-rated experience. To compare students’ confi-
dence between correct and incorrect answers, we conducted a Wilcoxon signed-rank test.
For examining the relationship between students’ performance and their self-rated expe-
riences, we evaluated non-parametric partial correlations. We compare graduate students’
confidence when giving a correct answer to undergraduate students’ confidence when giv-
ing a correct answer and graduate students’ confidence when giving an incorrect answer to
undergraduate students’ confidence when giving an incorrect answer using Mann–Whitney
U tests. We also evaluate non-parametric correlations between performance and self-
rated experience for graduate and undergraduate students separately. Note that we do not

Table 13 Descriptive statistics

N Percentiles

Degree Program Valid Missing Median Minimum Maximum 25 50 75

Confidence Undergraduate 232 2 4.066a 1.0 5.0 3.469b 4.066 4.704

correct Graduate 134 0 4.311a 1.0 5.0 3.557b 4.311 4.917

Confidence Undergraduate 234 0 3.808a 1.0 5.0 3.169b 3.808 4.388

incorrect Graduate 134 0 3.781a 1.0 5.0 2.845b 3.781 4.469

Performance Undergraduate 234 0 50.00% 0.00% 87.50% 37.50% 50.00% 60.27%

Graduate 134 0 58.33% 4.17% 91.67% 41.67% 58.33% 66.66%

Self-Rated Undergraduate 227 7 2.461a 1.0 4.0 1.775b 2.461 3.028

experience Graduate 132 2 2.658a 1.0 5.0 2.071b 2.658 3.329

a. Calculated from grouped data.

b. Percentiles are calculated from grouped data.
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Table 14 Spearman’s rho

Confidence Confidence Confidence Self-Rated

Overall Correct Incorrect Performance Experience

Confidence Correlation Coefficient 1 .686** .751** 0.050 .211**

overall Sig. (2-tailed) 0.000 0.000 0.335 0.000

N 368 366 368 368 359

Confidence Correlation Coefficient .686** 1 .675** .257** .210**

correct Sig. (2-tailed) 0.000 0.000 0.000 0.000

N 366 366 366 366 357

Confidence Correlation Coefficient .751** .675** 1 .085 .238**

incorrect Sig. (2-tailed) 0.000 0.000 0.105 0.000

N 368 366 368 368 359

Performance Correlation Coefficient 0.050 .257** .085 1 .073

Sig. (2-tailed) 0.335 0.000 0.105 0.168

N 368 366 368 368 359

Self-Rated Correlation Coefficient .211** .210** .238** .073 1

experience Sig. (2-tailed) 0.000 0.000 0.000 0.168

N 359 357 359 359 359

**. Correlation is significant at the 0.01 level (2-tailed).

compare graduate students’ and undergraduate students’ performance again, as performance
is measured on a ratio scale.

Hypotheses Tests Regarding Underlying Assumptions

Regarding the assumption that graduate students have higher confidence than undergradu-
ates, our results show that on average, graduate students (Mdn = 3.756) are not significantly
more confident than undergraduates (Mdn = 3.606), U =14570.00, z=-1.15, p = .248.
Therefore, we cannot reject HA.20.

Regarding the assumption that graduate students self-rate their experience higher than
undergraduates, we found out that on average, undergraduate students (Mdn = 2.461) rated
their experience significantly lower than graduate students (Mdn = 2.658 ), U = 12598.50,
z = -2.56, p = .011. Hence, we can accept HA.3A.

Hypotheses Tests Regarding Confidence and Correctness (RQ1)

On average, confidence was higher when giving a correct answer (Mdn = 4.143) than when
giving an incorrect answer (Mdn = 3.800). This difference was highly significant z = -7.054
< .001. Hence, we accept H1.1A.

Hypotheses Tests Regarding Self-Rated Experience and Performance (RQ2)

A non-parametric partial correlation was conducted to evaluate the relationship between
performance and self-rated experience while controlling for degree program. When we con-
trol degree program on the relationship between performance and self-rated experience, we
find the following non-parametric partial correlation rs = .05, p (one-tailed)= .178. This
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shows that independent of the degree program, better performing students do not rate their
experience higher than weaker performing students. We therefore cannot reject H2.10.

Hypotheses Tests Regarding the Impact of the Degree Program on Confidence
and Correctness (RQ3)

On average, confidence when giving a correct answer was higher for graduate students
(Mdn = 4.311) than for undergraduate students (Mdn = 4.066). This difference was not
significant U = 14079.50, z = -1.58, p = .114. Therefore, we cannot reject H3.10.

On average, confidence when giving an incorrect answer was lower for graduate stu-
dents (Mdn = 3.781) than for undergraduate student (Mdn = 3.808). This difference was not
significant U = 14972.00, z = -0.74, p = .457. Thus, we cannot reject H3.20.

Hypotheses Tests Regarding the Impact of the Degree Program on Self-Rated
Experience and Performance (RQ4)

For undergraduates, Spearman’s rho shows that performance for undergraduate students was
not or at least only with a negligible effect (Rea 2014) correlated with self-rated experience
rs = .12, p (one-tailed) = .039. For graduate students, performance was not significantly
correlated with self-rated experience rs = -.10, p (one-tailed) = .120. Therefore, we cannot
reject H4.10.
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