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Abstract
The confidence gap, that is, the difference in self-assessed confi-
dence between genders regarding the ability to succeed in a given
task, has been previously reported and studied in the context of
computer science education. In this paper, we investigate the preva-
lence of the confidence gap during subsequent introductory and
advanced Python programming courses – attended by a range of
students from CS majors to non-university students taking the
courses as free MOOCs – from a variety of perspectives, including
student perceptions of what constitutes as ‘good’ or a ‘bad’ grade,
what they predict as their own grade at the start of the course, and
previous exposure to programming in various contexts. Our results
provide both an updated snapshot into the evolving confidence gap,
and additional data about students’ beliefs on how well they are
likely to perform in university-level programming courses targeted
at first-year students.
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1 Introduction
The existence of the ‘gender gap’ in computing is unlikely to come
as a surprise to anyone even broadly involved with computing edu-
cation. Much has been written about women’s lower participation
in computer science, to the point where some authors have iden-
tified persistent – even harmful – narratives and frames through
which the issue has traditionally been investigated [32]. Often, the
gap is attributed to factors such as the image of computer science
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and computer scientists, limited knowledge about the field, and a
view that computing is ‘boring’ [32].

Previous works have also observed significant differences in
self-efficacy (one’s belief in their own skills and knowledge) on
all levels of schooling [12, 16, 22, 25, 35]. The gendered difference
in self-efficacy is sometimes referred to as confidence gap, a phe-
nomenon where women tend to rate themselves significantly lower
in confidence, self-efficacy, and ability to learn and succeed when
compared to men. Studies have concluded with conflicting results
on whether the gap narrows with accomplishments [7] or whether
the phenomenon persists, even when building experience [10].

Investigations of these phenomena are complicated by the fact
that they are not constant globally. For example, investigations of
STEMfieldsmore broadly have pointed at a curious ‘paradox’ in that
the general STEM gender gap seems to bewider in countries that are
‘associated with liberal modernity’ [18]. While the methodologies
of some of the earlier works on this ‘gender-equality paradox’
have been questioned [26], further works since then have both
corroborated the general finding [18] and even proposed underlying
mechanisms [3].

Despite the plethora of attention, we are not aware of previous
works investigating how student perceptions of what constitutes
a ‘good’ or a ‘bad’ grade relates to the confidence gap, at least in
the context of a Northern European university-level introductory
programming course. This left us unclear to whether a part of the
gap could be explained (in our context) by a situation where women
– especially those who might have outperformed their peers in sub-
jects such as mathematics on lower levels of schooling – had higher
standards for what they would consider ‘doing well’. Furthermore,
as previous works have identified differences in self-efficacy in
even nearby countries [30], and the issue is much discussed, we
want to investigate whether there have been changes in the gap
in the context of Finland. Motivated by these observations, this
manuscript seeks to answer the following research questions:

RQ 1: How prominent is the gender confidence gap in a Finnish
introductory programming MOOC in 2024?

RQ 2: How does the confidence gap evolve as students continue
from an introductory programmingMOOC into a subsequent
advanced programming MOOC?

RQ 3: Can the gender confidence gap be explained by differences
in grade perceptions?

Through these questions, we both deepen the understanding
of the gender confidence gap in the context of Northern Euro-
pean/Nordic countries and provide an updated snapshot of how
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various efforts to address the problem have (not) improved the
situation.

The rest of this article is structured as follows: First, in Section 2,
we provide a brief overview of some related works on gender, com-
puter science, and the confidence gap. We then describe in Section 3
the educational context of this study, and our data collection and
analysis method. The results of this analysis are then presented in
Section 4. Finally, Sections 5 and 6 provide our interpretation of
the results, limitations of this study, and some potential avenues of
future work as well as our overall conclusions.

2 Related Work
Despite long-standing efforts, computer science remains a heavily
male-dominated field in most universities. A fairly recent longitu-
dinal study from a large computer science program in the United
States reports that while the number of women majoring in com-
puter science has increased, they still represent only some 28 % of
recent majors [1]. Similarly, at the University of Helsinki, located
in Finland, around 25 to 28 % of the accepted applicants to the
computer science programme are women – while an improvement
from the 20 % observed a decade ago, the gender balance remains
very skewed.1

This gender imbalance in computer science studies has negative
effects on women’s sense of belonging, which, in turn, can affect
academic performance and persistence, as well as career motivation
[14]. While both male and female students in computer science
experience uncertainty about belonging [14], the effects are more
prominently reported by women due to, for example, negative
stereotyping related to competence and lack of similar peers and
role models [14, 21, 36]. In work life, gender imbalance can further
exacerbate the lack of belonging, hindering, for example, women’s
willingness to negotiate their salaries [28]. Gender imbalances have
been noted, for a very long time [13], to introduce a gendered
bias to the developed tools and technologies [20]. In academic
settings, though Cohoon et al. [8] report that women’s authorship
in computer science articles rose from 7 % in 1967 to 27 % in 2009, a
more recent article by Wang et al. [33] states that the growth seems
to be stagnating or even decreasing. Lack of belonging remains
significant even for women who persist in academia [11].

Attempts to alleviate the issues of lack of sense of belonging for
women in computer science have been made, with efforts such as
increasing the mentions and visibility of female professionals in
materials [21], providing role models [34], applying more gender-
neutral interests to examples and exercises [5, 34], and allowing
for anonymity while commenting and answering on online course
platforms [15, 27]. While anonymity typically increases female stu-
dents’ interactions, it also prevents visible representation of gender,
which, in turn, does not help to alleviate negative stereotyping
or bring visible representation that could help with the sense of
belonging [15, 29].

One of the suggested reasons for the continuous underrepresen-
tation of women in computer science is the confidence gap, that is,
women reporting lower self-confidence and self-efficacy than men.
The phenomenon has been reported in, for example, computing

1Relevant statistics only available in Finnish: https://www.helsinki.fi/fi/hakeminen-ja-
opetus/hae-kandi-ja-maisteriohjelmiin/tilastoja-opiskelijavalinnoista

aptitude [2] and belief in performance in programming courses
[9, 24]. Just like the gender imbalance in computer science [18],
the confidence gap in computing abilities is not a global phenom-
enon [7]. Even within the Nordic countries, Tømte and Hatlevik
[30] found that from survey results collected alongside PISA2 2006
assessment, “Norwegian women reported higher levels of tech-
nological self-efficacy than Norwegian men, while Finnish men
reported higher levels of self-efficacy than Finnish women.” Addi-
tionally, the confidence gap has been shown to narrow over time
[7].

The confidence gap is evident in most of the STEM fields, but is
especially prominent in computer science [6]. Some studies indi-
cate that despite the differences in previous computing experience,
women exhibit more uncertainty and lack self-efficacy at the very
beginning of their computer science studies. Murphy et al. [23]
report in a multi-institutional study conducted in the US that al-
though female students start their studies with less programming
experience on average, they start to catch up in skill measured
by grade already during the introductory courses, and are fully
comparable to their male student peers by the end of Bachelor’s
degree. However, this study did not investigate student retention,
so with the somewhat alarming dropout rates of early computer
science courses [17], it is possible that the cohort at the end of the
course or Bacherlor’s programme is vastly different from the one
in the beginning.

Similar results about prior experience in computer usage and
students’ comfort in using technology have been found in secondary
education [25]: while female students report less experience and
self-confidence in computer science topics than male students, by
the end of the course, this gap narrows considerably. Indeed, the
confidence gap is often visible at very early stages – Kallia et al.
[16] report that even in K-12, on average, boys are more confident
in their ability to succeed in computing tasks, while girls tend to
underestimate their skills and ability to learn computing in the first
place.

Regardless, several studies have indicated that there are no sta-
tistically significant differences between genders in programming
course performance [4, 12, 19, 35], even when a confidence gap can
be measured [12, 35]. In cases where a performance gap exists, it is
usually explained by a lack of previous programming or computing
experience, at least partially [4, 9]. Moreover, while feelings of suc-
cess may alleviate some of the effects of the confidence gap, lower
sense of belonging, gendered stereotyping, and the resulting prob-
lems with self-efficacy are still prevalent with women in computer
science [6].

3 Context and method
The present study was conducted in the context of two university-
level programming courses provided by University of Helsinki, a
research-oriented university in Finland. The courses are attended
by a variety of students ranging from computer science majors to
other university students to complete outsiders taking the courses
as free MOOCs.

2https://www.oecd.org/en/about/programmes/pisa.html
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The two courses, Introduction to Programming and Advanced
Course in Programming – both worth of 5 ECTS credits3 and in the
Finnish language – are presented to the students as a larger unit,
with a shared online learning material consisting of 7+7 sections,
each section roughly corresponding to one week’s work as expected
from a CS major. The course material consists of an online textbook
with several hundred embedded programming assignments, each
graded automatically. The first three sections have the students
work in-browser, while the rest of the assignments are completed
in the VSCode editor via a plugin4 [31].

Both courses were running continuously during this study with
no deadlines and with all assignments available from the start of
the study. Students could continue from the first into the second
at their own pace, and even skip the introductory part (first seven
sections) if they chose to and had the skills required for the ad-
vanced part. Those taking the courses as MOOCs do so without
first enrolling with the university. Instead, after completing 25 %
of assignments associated with each section of a course, they can
take an online exam. If they pass the exam, they can formally enroll
in the University of Helsinki Open University, thus allowing their
studies to be registered.

As is the standard in Finland, the coursework of the participants
enrolled in either via the university or the open university is graded
using a six-point scale: 0 (Fail), 1 (‘Passable’), 2 (‘Satisfactory’), 3
(‘Good’), 4 (‘Very good’) and 5 (‘Excellent’). The grading is not done
on a curve.

An invitation to take part in the study by filling out a question-
naire form was embedded in the material corresponding to the first
section of both the Introductory and the Advanced Course. The
questionnaire first provided the participants with an explanation
of the study and how their data would be processed if they took
part. It then asked for consent to use their responses together with
data from the course for this study. We then asked the students
for a user ID associated with the online course, as well as some
background information, namely age (in ranges), gender, student
status and whether they were CS majors, and their perception of
their previous success in mathematics and technical (for exam-
ple physics, chemistry, and computer science) subjects. We then
asked for information about their previous programming experi-
ence (whether they had studied programming before, whether they
had programmed as a hobby, and whether they had programmed
in the context of their work) as well as their agreement (on a 7-
step Likert scale) with a statement that they would do well on this
course. Finally, we explained the university grading scale and asked
for their view on what would constitute a ‘good’ grade on their
own part, what grade they would be content with, what grade they
would consider ‘bad’, and what grade they would expect to receive
from the instant course. All questions, other than the consent, were
optional.

The students were provided with one exercise point for submit-
ting the questionnaire form. Participation in the study was fully
voluntary, as the students were explicitly told that they could re-
ceive the point by simply denying the consent and leaving the rest
of the questions unanswered, as long as they provided the user ID.
3One ECTS credit corresponds to approximately 27 hours of work, meaning one course
accounts to about 135 hours of work.
4https://github.com/rage/tmc-vscode

They were also free to not interact with the questionnaire in any
way.

The study did not require ethical approval per local ethical guide-
lines, as the participants were 15 years of age or older, the study did
not deviate from informed consent, nor did it involve intervening
in the physical integrity of the research participants, expose them
to exceptionally strong stimuli, involve risk of causing mental harm
that exceeds the limits of normal daily life, or involve a threat to
the safety of participants or researchers or their family members
or others close to them.

As preprocessing, we normalized the responses to the questions
about grade perceptions and expectations, which were provided
by the participants as free text. For both the question about what
constituted a ‘good’ grade and what grade they would be content
with, if the participant provided a range of grades, the responses
were normalized to the lower provided grade (e.g. responding to
‘What grade would you be content with? ‘ with ‘4-5‘ would be coded
as 4), while the question on a ‘bad’ grade was coded to indicate the
highest grade they would consider ‘bad’.

4 Results
4.1 Participants
Prior to data analysis, we removed all responses that left some of
the grade-related fields empty, participants who either declined to
provide a gender5 or self-identified as something else than ‘man’
or ‘woman’ (due to the small number of such responses, statistical
analysis was not feasible for these participants), as well as partic-
ipants who responded using an obviously different grading scale.
This left us with 𝑁𝑖𝑛𝑡𝑟𝑜 = 391 participants from the Introductory
Course. The same process applied to the data from the Advanced
Course provided us 𝑁𝑎𝑑𝑣 = 127 participants. The age distributions
of both populations are shown in shown in Table 1.

In the context of both courses, most respondents were not major-
ing in computer science. Of the responses received from Introduc-
tion to Programming participants, 28 % (57 out of 204) of the men
and 14 % (26 out of 186) of the women majored in CS either at the
University of Helsinki or some other institute. The corresponding
numbers for the Advanced Course in Programming are 39 % (27
out of 69) of the men and 26 % (15 out of 58) of the women.

On the Introductory Course, 47 % (96 out of 205) of the men
and 21 % (39 out of 186) of the women indicated having previously
programmed as a hobby, with 10 % (21 out of 203) of the men and 4
% (8 out of 184) of the women indicated having programmed for
work. For the Advanced Course, 51 % (35 out of 69) of the men and
50 % (29 out of 58) of the women reported having programming as
a hobby, with 12% (8 out of 69) of the men and 5 % (3 out of 58) of
the women having programmed for work.

The genders report broadly equivalent prior exposure to pro-
gramming education. In the case of the Introductory Course, 37 %
(76 out of 204) of the men and 30 % (56 out of 186) of the women
had studied programming on a dedicated course, irrespective of the
education level; 17 % (34 out of 204) of the men and 16 % (29 out of
5In the Finnish language, the same term translates to both the English ‘gender’ and
‘sex’. Outside of a strictly biological (and mostly non-human) context, both ‘male’
and ‘man’ would also translate to the same word in Finnish. The same applies to the
Finnish equivalent of ‘female’ and ‘woman’. The rest of this manuscript uses ‘gender’,
‘man’, and ‘woman’ as translations of the survey instrument’s terms.
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Course Gender 15-17 18-20 21-25 26-30 31-35 36-40 41-50 51-60 61 or more

Introduction Men 5 31 46 29 34 20 31 5 4
Women 1 25 53 28 23 19 20 15 2

Advanced Men 2 15 15 8 6 6 10 4 3
Women 1 4 21 10 6 5 8 3 0

Table 1: Distribution of participant ages

186) of the women had studied programming as part of some other
course (e.g. high school mathematics); and 27 % (96 out of 204) of
the men and 54 % (101 out of 186) of the women had not studied
programming previously. On the Advanced Course, 49 % (34 out of
69) of the men and 41 % (24 out of 58) of the women had studied
on a programming course (not including the introductory course
analyzed in this paper); 17 % (12 out of 69) of the men and 10 % (7
out of 58) of the women had studied programming as part of some
other course; and 33 % (23 out of 69) of the men and 47 % (27 out of
58) of the women had not studied programming before.

Finally, we asked the participants about their (self-perceived) pre-
vious performance in “mathematical and technical subjects (physics,
chemistry, computer science etc.)”. Neither course showed statis-
tically significant differences between the gender groups on this
question, with both the Introductory Course (MWU U1=19566.0,
p=0.50) and the Advanced Course (MWUU1=2312.0, p=0.10) having
both groups responded with a median of ‘Good’.

We return to the similarities and differences between the groups
and the courses in the Discussion.

4.2 Views on ‘good’ and ‘bad’ grades
The responses from the Introduction to Programming participants
show a small but statistically significant difference (Mann-Whitney
U test U1=23298.5, p=0.00003) in terms of what grades they would
view as ‘good’ between the men (median 4, mean 4.11, std. 0.76)
and the women (median 4, mean 3.77, std. 0.79). This distribution
is shown in more detail in Figure 1.

Similarly, we observe a minor but statistically significant dif-
ference (MWU U1=22340.0, p=0.0019) in terms of what grade the
respondents viewed as ‘bad’ between the men (median 2, mean 2.08,
std. 1.02) and the women (median 2, mean 1.76, std. 0.87). Finally, we
observe a small difference (MWUU1=21638.0, p=0.013) between the
men (median 4, mean 3.57, std. 0.88) and women (median 3, mean
3.34, std. 0.83) in terms of what grade they would be content with.
While statistically significant as-is, this last p-value is no longer
statistically significant if a Holm-Bonferroni correction for multiple
comparisons is applied.

For the Advanced Course in Programming, we observe no gap in
terms of views on what constitutes a ‘good’ grade (MWUU1=2018.5,
p = 0.929), with both gender groups reporting a median grade of 4
(men mean 4.188, std. 0.73; women mean 4.172, std. 0.75). Similarly,
we observe no gap in terms of what grade the participants report
being content with (MWU U1=1931.5, p=0.724), with both gender
groups reporting amedian grade 4 (menmean 3.48, std. 1.02; women
mean 3.57, std. 0.90). This pattern continues to the perceptions of
‘bad’ grades, with again no statistical difference (MWU U1=1931.0,

Figure 1: Responses to the question “What grade (fail, 1-5)
would you consider ‘good’ on your part?” from the Introduc-
tory Course survey. No responses were recorded for ‘fail’.
The difference between the two gender groups is statistically
significant (Mann-Whitney U test U1=23298.5, p=0.00003).

p=0.721) as both groups report a median grade of 2 (men mean 1.97,
std. 0.95; women mean 2.05, std. 0.87).

4.3 Confidence and predicted grade
When asked about their agreement with the statement that they’d
performwell on the course on a 7-step Likert scale (options ‘Strongly
disagree’, ‘Disagree’, ‘Somewhat disagree’, ‘Neither disagree or
agree’, ‘Somewhat agree’, ‘Agree’ and ‘Strongly agree’, coded as a
range from -3 to +3), we observe a statistically significant difference
(MWU U1=23365.0, p=0.00006) between the gender groups on the
Introductory Course. Men report a median value of ‘Agree’, while
women report a median value of ‘Somewhat agree’. For complete-
ness, we also report that the groups had mean values of 1.76 and
1.35, and standard deviations of 1.10 and 1.03, respectively, but note
that these values are not very meaningful for an individual Likert
item. This difference disappears in the case of the Advanced Course
(MWU U1=2259.5, p=0.191): both genders report a median value of
‘Agree’. The equivalent means are 1.91 (std. 0.95) for men and 1.53
(std. 1.31) for women.
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Figure 2: Responses to the question “What grade (fail, 1-5)
do you believe you’ll get from this course?” from the Intro-
ductory Course survey. No responses were recorded for ‘fail’.
The difference between the two gender groups is statistically
significant (Mann-Whitney U test U1=23017.5, p=0.0002).

When asked to predict their grade as a number, for the Introduc-
tory Course we observed a statistically significant difference (MWU
U1=23017.5, p=0.0002) between the gender groups. Whereas men
predict a median grade of 4 (mean 3.76, std. 0.98), women predict
a median grade of 3 (mean 3.40, std. 0.93). This data is shown in
more detail in Figure 2. This difference, however, disappears in the
case of the Advanced course in Programming (MWU U1=2092.0,
p=0.642), with both groups reporting a median grade of 4 (men
mean 3.88, std. 0.88; women mean 3.81, std. 0.85).

4.4 Descriptions of predicted grades
Next, we computed the difference between the self-reported ‘good’
grade and the grade the respondents anticipate receiving, e.g. de-
noting with ‘+1‘ a case where a respondent indicates they believe
they will receive the grade 5, and would consider the grade 4 ‘good’.
For the Introductory Course in Programming, we observe no statis-
tically significant (MWU U1=18512.5, p=0.58) difference between
the men (mean 0.36, std. 0.69) and the women (mean 0.37, std. 0.67).
Along the same lines, there was no statistically significant differ-
ence in the delta between the ‘bad’ grade and the predicted grade
(MWU p=0.20; men mean -1.67, women mean -1.63) or the grade
one would be content with and the predicted grade (MWU p=0.48;
men mean -0.19, women mean -0.06). The same pattern is present
in the data for the Advanced Course, with no statistically signif-
icant difference between genders in terms of the delta between
the expected and the ‘good’ grade (MWU U1=1985.5, p=0.935; men
mean 0.30, std. 0.67; women mean 0.36, std. 0.77), the delta between
the expected and the grade the respondents would be content with
(MWU U1=17786.0, p=0.20; men mean -0.185, std. 0.70; women
mean -0.06, std. 0.80), or the delta between the expected and the

‘bad’ grade (MWU U1=18350.0, p=0.482; men mean -1.67, std. 0.81;
women mean -1.64, std. 0.75).

4.5 Evolving confidences
As the two courses are both constantly running, data was collected
from both concurrently and reporting of identifiers that allowed
merging the datasets was optional, we only have data from 28
individuals where we can conclusively identify their responses to
both questionnaires. Of these 28, 19 are men and 9 are women. The
limited data makes statistical analysis difficult. We calculated the
between-courses deltas of what the participants viewed as ‘good’
(mean 0.07, std. 0.54) and ‘bad’ (mean -0.14, std. 0.70) grades, what
grades they would be content with (mean -0.14, std. 0.59), what
grade they predicted for themselves (mean -0.07, std. 0.72), and
their agreement with the ‘will perform well’ question (mean -0.11,
std. 0.83). None of these showed a statistically significant difference
between the two gender groups, with the smallest observed p-value
for the Mann-Whitney U test being p=0.411 for change in what was
considered the ‘bad’ grade.

4.6 Course progress
As noted previously, the main matter of the courses consisted of
more than a hundred individual exercises, with a fully optional final
exam. As only a fraction of the participants would take the exam,
we instead investigate how many points (i.e. completed exercises)
they received by the data collection cut-off date. Notably for this
analysis, the data collection date was not the end date of the course,
and thus the points analyzed here do not necessarily mean the final
point totals the participants would go to achieve, but rather only
represent a lower bound.

In the case of the Introductory Course, we observe that men
received (from parts associated with that course only) a median
point total of 88.0 (mean 94.3, std. 72.7), while the women’s median
was 68.5 (mean 77.3, std. 65.0), which is a statistically significant dif-
ference using the standard threshold (MWU, U1=21509.0, p=0.028),
but fails to achieve statistical significance if we correct for multi-
ple comparisons using Holm-Bonferroni. For the Advanced Course
(again, looking only at points relating to that course), the differences
are not statistically significantly different even prior to applying a
correction for multiple comparisons (MWU U1=2081.0, p=0.670),
with men attaining a median of 99.0 points (mean 90.4, std. 54.2)
and women having a median of 94.5 points (mean 89.1, std. 51.7).

We also analyzed the number of material sections from which
the students had attained any points. For the Introductory Course,
men obtained points from a median of 7 sections (i.e. all; mean 5.09,
std. 2.29), while women obtained points from a median of 5 sections
(mean 4.62, std. 2.39). This difference is barely statistically signifi-
cant prior to applying a correction for multiple comparisons (MWU
U1=21188.5, p=0.0412), but fails to reach the Holm-Bonferroni cor-
rected threshold. For the Advanced Course, we observe no statisti-
cally significant difference (MWU U1=2242.5, p=0.212) between the
men (median 7.0, mean 5.36, std. 2.22) and the women (median 6.0,
mean 5.00, std. 2.20).

Finally, we investigated whether there were differences in how
the respondents to the Advanced Course questionnaire fared in
the Introductory Course in terms of points obtained. We observed
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no statistically significant difference (MWU U1=2087.0, p=0.676)
between the men (median 172, mean 133.6, std. 79.5) and the women
(median 168, mean 126.5, std. 82.6). We will return to this result in
particular in the Discussion.

5 Discussion
Returning to our research questions, our data leads us to the fol-
lowing answers:

RQ 1: How prominent is the gender confidence gap in a Finnish
introductory programming MOOC in 2024? We observed a statisti-
cally significant (MWUU1=23365.0, p=0.00006, men median ‘Agree’,
women median ‘Somewhat agree’) difference between the gender
groups in terms of agreement with a claim that the respondent
would do well on the Introductory Course. We also found a statis-
tically significant difference in what the gender groups predicted
as their concrete grade (MWU U1=23017.5, p=0.0002, men median
4, women median 3). We interpret this as a strong signal that the
gender confidence gap still exists in university-level CS1 education
in Finland, despite long-standing efforts to reduce or eliminate the
effect. These findings replicate results from other studies in similar
contexts [2, 9, 24].

RQ 2: How does the confidence gap evolve as students continue from
an introductory programming MOOC into a subsequent advanced pro-
gramming MOOC?. Our analysis failed to identify the same gender
confidence gap in the data for the Advanced Course using both the
agreement question and the predicted grade. On the surface, this
could be viewed as a signal that the confidence gap disappears as
students are exposed to programming. However, our data also indi-
cates that there are material differences in the women respondents
between the two courses. For one, the percentage of women who
had programmed as a hobby rose from 21 % on the Introductory
Course to 50 % on the Advanced Course, while the equivalent num-
bers for men were a more consistent 47 % and 51 %. Furthermore,
we observed a nearly statistically significant difference between
the men’s and the women’s point totals obtained from the Intro-
ductory Course participants (MWU U1=21509.0, p=0.028; median
88.0, 68.5; does not reach a Holm-Bonferroni corrected threshold),
but the Introductory Course point totals for those responding to
the Advanced Course survey were much closer (MWU U1=2242.5,
p=0.212; median 172 vs. 168). Further data and study is needed,
but we hypothesize that a major contributor in the “disappearance”
of the gender confidence gap is actually the dropping out of low-
confidence women. This could be at least partially supported by
previous findings that indicate that women may adjust their self-
efficacy beliefs earlier than men [19], meaning that early difficulties
with programming may cause them to drop out more easily.

RQ 3: Can the gender confidence gap be explained by differences in
grade perceptions? We found no evidence to support this hypothesis.
If anything, our data points towards the opposite on the Introduc-
tory Course: there is a statistically significant albeit small difference
between grade expectations in terms of what constitutes a ‘good’
grade (MWU U1=23298.5, p=0.00003) and what constitutes a ‘bad’
grade (MWU U1=22340.0, p=0.0019). In both cases, men’s responses
have a higher means than the women’s responses at 4.11 vs. 3.77
and 2.08 vs. 1.76, respectively. This difference is not identifiable

from the data for the Advanced Course, possibly relating to the
above hypothesis on the women population meaningfully changing
due to women dropping out more than men.

As always, the above results need to be understood in their con-
text. Importantly, our data contains responses from a mixture of
people taking the courses as part of their CS major, those taking
them as a minor subject, and those taking them as a free MOOC
course. As the amount of statistical analyses was already relatively
large in comparison to the respondent population, we elected not
to investigate differences between these groups in the present work.
Second, as our data comes from a Finnish language course, and
thus we do not expect a meaningful number of international par-
ticipants, these results should not be necessarily interpreted as
extending beyond the context of Finnish students. Indeed, previ-
ous works have shown differing results between even nearby and
closely related countries [30]. Furthermore, some of our analyses
produced p-values that reached the traditional threshold of statisti-
cal significance (0.05), but not a threshold that corrects for multiple
comparisons using the Holm-Bonferroni method. We believe these
results should be investigated further using another – potentially
larger – dataset.

Our results suggest a need to look deeper into the degree to
which changing student perceptions are caused by changing stu-
dent beliefs (e.g. increasing self-efficacy and confidence on the part
of women students), and to what degree they are caused by chang-
ing student populations (e.g. low-self-efficacy and low-confidence
students dropping out). In the future, we intend to explore this
further in the context of our CS programme as a whole, rather than
only individual courses.

6 Conclusion
We set out to provide an updated snapshot of the status of the
gender confidence gap in CS1 education in the Northern European
context, as well as to test whether the gender confidence cap could
be in part explained by women demanding more of themselves than
men. Our results indicate that the gender confidence gap lives on
in the Finnish context despite long-standing efforts to reduce or
eliminate it completely. Our data also led us to a hypothesis that the
‘improvement’ observed in the confidence gap as studies progress
could be explained (at least in part) by low-self-efficacy and low-
confidence women dropping out, rather than their self-efficacy and
confidence improving. Further work is needed to investigate this
hypothesis. Our results also indicate that the gender confidence gap
– at least in the context of Finland – is not explainable by women
having higher expectations in terms of e.g. what numeric grade
they consider ‘good’. In fact, our data suggests the opposite, even if
the effect is small in magnitude.
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