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Gendered Impacts of Code Critiquers on Self-Efficacy in First-Year
Engineering Students

Introduction

The demand for skilled programmers in industry continues to grow. However, research has
shown that women often face challenges in developing programming skills, primarily due to
lower levels of programming self-efficacy [1], [2]. This discrepancy has contributed to persistent
gender gaps in technology-related fields. There remains a critical research gap regarding the
differential impact of educational interventions on programming self-efficacy across genders,
particularly in engineering. Addressing this gap is essential to promote gender equity in
programming and to support the success of all students in the field.

Self-efficacy refers to an individual’s belief in their ability to succeed in specific tasks or
challenges [5]. This belief can be both general and domain-specific, meaning that a person might
feel confident in one area, such as math, but not in another, such as programming.
Domain-specific self-efficacy, in this context, refers to the belief in one’s ability to successfully
perform programming tasks [6]. Developing programming self-efficacy is particularly important
for first-year engineering students as it correlates with deeper engagement in programming tasks,
greater persistence through challenges, and better academic performance [6], [7].

Conversely, low programming self-efficacy can lead to disengagement and attrition from
engineering programs [7], [9]. This issue is particularly critical for female students, who often
start with lower programming self-efficacy compared to their male peers, affecting their
engagement and persistence in the field [10], [11]. Addressing this gap is essential for promoting
gender equity in engineering education [12].

However, there is a notable research gap regarding the differential impact of educational
interventions on programming self-efficacy by gender. Existing studies rarely disaggregate data
by gender, missing the opportunity to tailor interventions to diverse needs [8], [13].

The primary goal of this study is to evaluate the effectiveness of the WebTA intervention in
improving programming self-efficacy among first-year engineering students. In particular, the
study aims to investigate whether the use of WebTA can help address known gender disparities
in programming self-efficacy, with a focus on enhancing female students’ confidence and skills
in programming.

To achieve these objectives, the study is guided by the following research questions:



1. How does the WebTA intervention affect programming self-efficacy in first-year
engineering students?

2. Are there gender-specific impacts of the WebTA intervention on programming
self-efficacy, particularly for female students?

By answering these questions, the study seeks to provide insights into the potential of immediate
feedback tools like WebTA to improve programming outcomes and contribute to reducing gender
disparities in the field.

Literature Review

Self-efficacy, a concept central to Bandura’s social cognitive theory, significantly influences how
individuals think, behave, and feel. In education, self-efficacy predicts students’ motivation,
learning, and academic achievement [5]. Specifically, in programming, self-efficacy refers to a
student’s confidence in their ability to perform coding tasks. High programming self-efficacy is
linked to greater engagement with challenging programming tasks and better performance in
programming courses [14]. Conversely, low programming self-efficacy can lead to avoidance
behaviors, poorer outcomes, and reduced interest in pursuing further studies in computer science
[8]. In engineering education, engineering self-efficacy (ESE) is crucial for student persistence
and success. ESE is shaped by mastery experiences, vicarious learning, and supportive feedback,
all of which can help students build confidence in their engineering abilities [16]. Similarly,
programming self-efficacy (PSE) is domain-specific to coding tasks, and high PSE is linked to
greater engagement and improved performance in programming courses [14]. Conversely, low
PSE can lead to avoidance behaviors, poor academic outcomes, and reduced interest in pursuing
further studies in computer science [7]. By fostering positive experiences and providing
constructive feedback, educators can enhance both engineering and programming self-efficacy,
leading to improved learning outcomes and persistence in the field.

Gender Differences in Programming Self-Efficacy
In this paper, we use the terms “male” and “female” to refer to gender, although these terms are
typically used for sex. This choice was made because our survey asked participants to
self-identify as male, female, or non-binary.

Research consistently shows that female students often report lower programming self-efficacy
than their male peers, despite achieving similar academic outcomes [8], [10]. This disparity is
influenced by societal stereotypes portraying computing as male-dominated, leading to
stereotype threat and further reducing self-efficacy [17], [18]. Female students also tend to have
less prior exposure to programming, which contributes to lower confidence levels [7]. Classroom
environments that emphasize competition may exacerbate these differences, whereas
collaborative and supportive settings can help close the self-efficacy gap by building confidence



through peer learning [11]. Addressing these disparities is essential for promoting gender equity
in programming.

Immediate Feedback and Self-Efficacy
Immediate feedback is crucial for enhancing self-efficacy by providing learners with timely
information that helps them achieve mastery experiences—the most powerful source of
self-efficacy [5]. In programming, immediate feedback helps students quickly identify and
correct mistakes, preventing the accumulation of misconceptions and promoting a more accurate
understanding of coding concepts [22]. Research shows that immediate feedback significantly
enhances learning outcomes by reinforcing correct responses and quickly rectifying errors,
leading to increased confidence and better performance [23]. In programming education,
immediate feedback reduces anxiety and promotes self-regulation, which are critical for building
self-efficacy [24].

Studies on Code Critiquers and Immediate Feedback Mechanisms
Code critiquers and immediate feedback tools are effective in enhancing programming education
by providing real-time evaluations of students' code [25]. found that students receiving
immediate feedback through an automated code critiquer showed higher engagement and
learning gains. Similarly, [26] reported that automated feedback tools helped students identify
and correct errors early, reducing frustration and deepening their understanding of programming
concepts.

Leinonen and Vihavainen [27] demonstrated the positive effects of AI-driven automated
feedback systems on students’ self-efficacy in large-scale programming courses. The work by
[28] highlighted the role of formative feedback in online coding platforms, particularly in
maintaining engagement and retention during remote learning caused by the COVID-19
pandemic.

A study by [29] emphasized that code critiquers tailored to novice programmers can significantly
boost programming self-efficacy, which is critical to student success in engineering education.
This aligns with findings from the RICA project, which focused on immediate feedback
regarding antipatterns in student code, reinforcing the role of feedback in improving students’
mental models and coding practices [30].

Rivers and Koedinger [32] emphasized that immediate feedback fosters self-regulation, leading
to better learning outcomes and higher self-efficacy. These studies suggest that immediate
feedback mechanisms are critical for improving both the technical skills and confidence of
programming students.



WebTA and Programming Self-Efficacy
WebTA, a code critiquing tool that provides immediate, formative feedback on programming
tasks, shows promise in reducing the self-efficacy gap between genders in programming. By
offering personalized, immediate feedback in a low-pressure setting, WebTA can help female
students build confidence in their programming abilities, which is often lower than that of their
male peers [30]. The tool’s private, tailored feedback allows students to learn from mistakes
without the fear of public scrutiny, supporting incremental learning and mastery experiences.
WebTA's ability to reduce anxiety and support gradual skill development can enhance
programming self-efficacy, particularly for those who initially struggle with coding tasks.

Methodology

WebTA is a web-based tool designed to improve programming self-efficacy by providing
immediate feedback on students' coding practices. WebTA, a code critiquing tool that provides
immediate, formative feedback on programming tasks, was initially developed for use with Java
programming. The research team was directly involved in transitioning WebTA from Java to
MATLAB, aligning with the course’s focus on MATLAB programming. The rationale for
selecting WebTA over other tools lies in its proven ability to provide real-time feedback and its
proven effectiveness in Java-based environments motivated its selection for this study. This study
represents the first comprehensive evaluation of WebTA’s effectiveness in a MATLAB
programming environment.

It identifies common coding mistakes (antipatterns) and reinforces effective coding techniques
(good patterns). Using a traffic light system, WebTA categorizes feedback as:

● Green Light: Good practices that should be continued.
● Yellow Light: Potential issues that could lead to errors if not addressed.
● Red Light: Critical mistakes that must be corrected for the code to run properly.



Figure 1: Traffic light system

Figure 2: Example feedback students received

This system offers clear, actionable feedback, helping students quickly identify and correct
mistakes while reinforcing positive coding behaviors, which is especially beneficial for
beginners.

WebTA has been partially implemented into the ENG1101 classroom for three semesters. In
Spring of 2023, students were expected to submit three of their MATLAB assignments to
WebTA, which included tasks such as writing functions and implementing conditional
statements. After receiving feedback from WebTA, students were required to address the
feedback and revise their code before submitting their final versions to the Learning



Management System (Canvas). Assignments included taking a screenshot of a green traffic light
as proof of successful completion. Similarly, four assignments were assigned for Fall of 2023
and three for Spring of 2024. This system provides clear, actionable feedback, helping students
quickly identify and correct mistakes while reinforcing positive coding behaviors, particularly in
areas such as functions and conditional logic, which is especially beneficial for beginners.

Positionalities Statement
The research team for this project comprised faculty from CS, Psychology and Human Factors,
and Engineering Fundamentals, as well as grad student researchers in Computer Science,
Engineering, and Human Factors. The team had varying levels of programming experience and
training, ranging from individuals with extensive programming expertise, those with formal
training in how to teach programming, those who teach programming with little formal training
in it, and to those new to MATLAB programming. This diversity in programming experience
allowed the team to approach the project from multiple perspectives, ensuring that the WebTA
tool was accessible to a broad range of students and effectively integrated into the educational
setting.

The faculty team was responsible for overseeing the project, ensuring ethical standards, and
coordinating data collection and analysis. The CS and Psychology and Human Factors graduate
students, focused on the technical implementation of WebTA and its integration into the
educational setting.

Study Setting and Participants
ENG1101 is an introductory engineering course that includes a MATLAB programming
component. It is a core requirement for first-year engineering students and is designed to
introduce fundamental programming concepts using MATLAB. The course is offered in multiple
sections, but for the purposes of this study, we focused on a single section with 70 students. This
decision was made to ensure consistency and to capture the unique experiences of a single cohort
without introducing variations across multiple sections.

All students in the selected section received the WebTA intervention as part of the course
curriculum. Participation in the study was voluntary, with 63 of the 70 students consenting to
participate, resulting in a 90% participation rate.

No control group was used in this study, as only one offering of the class was available in the
spring semester. The lack of a control group is acknowledged as a limitation, and this is
discussed further in the limitations section. The fall semester includes several offerings of
ENG1101. Current research is repeating this work in the fall semester with control groups (class
offerings in which the intervention is not implemented).



Participants
The gender distribution of the participants was as follows: 37 (58.7%) identified as male, 26
students(41.3%) identified as female, and one student (1.6%) identified as non-binary. This
breakdown reflects a slightly higher proportion of male students, which is consistent with
broader trends in engineering education where male students often outnumber their female
counterparts. The inclusion of both male and female students was crucial for examining the
gender-specific impacts of the WebTA intervention on self-efficacy in programming and
engineering. By analyzing the experiences of these students, the study aimed to gain insights into
how such educational tools can support all learners, particularly those from underrepresented
groups in engineering and computer science. For the purpose of maintaining confidentiality
while reporting results, women and non-binary students are reported as a group.

Instruments Used for Assessment
Longitudinal Assessment of Engineering Self-Efficacy (LAESE)
The LAESE scale was employed to measure students' self-efficacy in engineering tasks. This
instrument assesses various dimensions of engineering self-efficacy, including students’
confidence in their ability to succeed in engineering courses, solve technical problems, and
persist in their engineering studies [15]. The assessment of engineering self-efficacy among
students will be focused on several constructs, each measured through specific items that provide
a comprehensive understanding of students’ confidence and perceived abilities within the field of
engineering, including Factor1: Engineering Self-Efficacy, Factor 2: Engineering Career
Expectations, Factor 3: Sense of Belonging, and Factor 4: Coping Self-Efficacy.

Computer Programming Self-Efficacy Scale (CPSES)
The CPSES was used to evaluate students’ self-efficacy specifically related to programming.
This scale measures students' beliefs in their ability to complete programming tasks, debug code,
and learn new programming concepts [13]. The assessment of programming self-efficacy among
first-year engineering students will focus on several key constructs, including Factor 1:
Independence and Persistence; Factor 2: Complex Programming Tasks; Factor 3:
Self-Regulation; and Factor 4: Simple Programming Tasks.

Data Collection Process
Prior to the implementation of WebTA, all participants completed baseline assessments using the
LAESE and CPSES scales. These assessments were designed to capture the students' initial
levels of self-efficacy in both engineering and programming [15], [13]. After several weeks of
using WebTA, participants were reassessed using the same LAESE and CPSES instruments. The
post-intervention assessments were aimed at identifying any changes in self-efficacy that
occurred as a result of the intervention.



Statistical Analysis Methods
Paired t-tests were conducted to compare pre- and post-intervention scores on the LAESE and
CPSES scales. These tests were used to determine whether the observed changes in self-efficacy
scores were statistically significant [34]. This analysis provided insights into how the
intervention differentially affected male and female students in terms of their engineering and
programming self-efficacy [35].

Results

This section presents a summary of the key findings from the study. The analysis explores
the impact of the code critiquer intervention on students’ self-efficacy across different
constructs, measured by both the CPSES and LAESE factors. To evaluate the overall
impact of the intervention, paired t-tests were conducted to compare pre- and
post-intervention self-efficacy scores within each group. Additionally, independent t-tests
were used to examine potential gender differences, assessing whether the intervention
had differential effects on male and female students’ self-efficacy.

Pre and Post Intervention Scores
In this study, both paired and independent samples t-tests were conducted to analyze the data. A
paired sample t-test was used to examine the means of two related groups—pre- and
post-intervention scores on the CPSES and LAESE scales—assessing whether the mean
difference between these scores was significantly different from zero and thus indicative of an
intervention effect. Additionally, an independent sample t-test was employed to compare mean
scores between distinct groups, examining potential differences unrelated to paired conditions. A
significance level (alpha) of 0.05 was applied to both tests, consistent with common
practice in educational research where 0.05 is frequently used as the threshold for
significance [40]. However, some studies may adopt a more stringent level, such as 0.01,
depending on the research context and objectives.



Figure 3: Pre and Post mean Intervention Score

Recall the CPSES factors (or constructs) of Independence and Persistence; Complex
Programming Tasks, Self-Regulation, and Simple Programming Tasks. Figure 3 illustrates the
comparison of pre- and post-intervention average scores for both male and female participants
across four factors of the CPSES and LAESE scales. In the CPSES factors, both genders
demonstrate an increase in average scores post-intervention, with some gender differences noted
in the degree of change. For example, in CPSES Factors 1 (Independence and Persistence), and
4 (Simple Programming Tasks), females show a more pronounced improvement, closing the
initial gap with males. Conversely, in CPSES Factor 2, males show a smaller pre-intervention
baseline but achieve comparable scores post-intervention.

Recall the LAESE factors (or constructs) of Engineering Self-Efficacy, Engineering Career
Expectations, Sense of Belonging, and Coping Self-Efficacy. The LAESE factors, however,
exhibit minimal changes between pre- and post-intervention scores for both genders. Across all
four LAESE factors, the scores remain relatively stable, with only minor fluctuations. In LAESE
Factor 4, Coping Self-Efficacy, there is a slight decline in post-intervention scores for females,
while male scores remain relatively consistent.

These trends set the stage for the subsequent statistical analysis, where paired and independent
samples t-tests were conducted to determine the significance of these observed differences.



Paired T-TEST
To assess the impact of the code critiquer intervention on students’ self-efficacy, statistical
analyses were conducted on pre- and post-intervention scores. The focus of the analysis was to
determine whether significant changes occurred in self-efficacy levels after the intervention and
whether these changes differed by gender. Paired t-tests were employed to evaluate within-group
differences in self-efficacy over time, while independent t-tests were used to compare
gender-based differences in the intervention’s effect. The following sections detail the results of
these analyses.

Gender Factor Pre-intervention
Mean (SD)

Post-interventio
n Mean (SD)

t-statistic
s

p-value

Female CPSES
Factor 1

3.71 (1.41) 5.48 (1.15) 4.95 <0.05*

Female CPSES
Factor 2

2.07 (1.03) 4.84 (1.07) 9.52 < 0.05*

Female CPSES
Factor 3

3.99 (1.46) 4.85 (1.16) 2.34 < 0.05

Female CPSES
Factor 4

2.24 (1.38) 5.45 (1.14) 9.13 < 0.05*

Female LAESE
Factor 1

5.10 (1.11) 5.20 (1.34) 0.29 0.773

Female LAESE
Factor 2

5.78 (1.48) 5.36 (1.63) -0.98 0.332

Female LAESE
Factor 3

4.78 (1.09) 4.68 (1.43) -0.29 0.773

Female LAESE
Factor 4

6.24 (0.66) 5.61 (1.00) -2.02 < 0.05

Male CPSES
Factor 1

5.00 (1.37) 5.69 (1.00) 2.48 < 0.05

Male CPSES
Factor 2

3.86 (1.42) 4.80 (1.28) 3.01 < 0.05*

Male CPSES
Factor 3

4.63 (0.90) 5.05 ((1.18) 1.72 0.09

Male CPSES 3.67 (1.80) 5.54 (1.28) 5.17 < 0.05*



Factor 4

Male LAESE
Factor 1

5.34 (1.28) 5.49 (1.14) 0.52 0.605

Male LAESE
Factor 2

5.81 (1.47) 5.72 (1.29) -0.28 0.78

Male LAESE
Factor 3

5.06 (1.22) 5.23 (1.12) 0.6 0.554

Male LAESE
Factor 4

5.57 (1.65) 6.04 (0.93) 1.5 0.139

Table 2: Paired T-test
*denotes p-values also <0.01

CPSES
The paired t-test results for the CPSES (Computer Programming Self-Efficacy Scale) reveal
significant improvements in self-efficacy across multiple factors for both male and female
participants. For female participants, the mean score for CPSES Factor 1, Independence and
Persistence, increased from 3.71 (SD = 1.41) to 5.48 (SD = 1.15), with the t-test indicating
statistical significance (t = 4.95, p < 0.01) and a large effect size (Cohen’s d = 1.37). This
suggests a notable enhancement in programming-related self-efficacy. Similarly, CPSES Factor
2, Complex Programming Tasks, scores rose from 2.07 (SD = 1.03) to 4.84 (SD = 1.07) (t =
9.52, p < 0.01), with a very large effect size (Cohen’s d = 2.64), pointing to a substantial increase
in confidence in this specific area.

CPSES Factor 3, Self-Regulation, also showed significant improvement, with mean scores
increasing from 3.99 (SD = 1.46) to 4.85 (SD = 1.16) (t = 2.34, p = 0.023) and a moderate effect
size (Cohen’s d = 0.65). The largest shift was observed in CPSES Factor 4, Simple Programming
Tasks, where mean scores for female participants increased from 2.24 (SD = 1.38) to 5.45 (SD =
1.14) (t = 9.13, p < 0.01), with a large effect size (Cohen’s d = 2.53), suggesting a considerable
improvement in self-efficacy related to this factor.

For male participants, similar patterns were observed, with increases across the CPSES factors.
However, the degree of improvement varied slightly between genders, suggesting the possibility
of differential responses. These changes point to an overall enhancement in programming
self-efficacy, though it is essential to note that the absence of a control group prevents definitive
conclusions about the source of these changes. Other factors, such as external influences or
additional support mechanisms, may also have contributed to the observed improvements.



LAESE
The paired t-test results for the LAESE (Longitudinal Assessment of Engineering Self-Efficacy)
factors indicate more stability in self-efficacy scores over time, with fewer significant changes
observed compared to the CPSES factors. For female participants, the mean score for LAESE
Factor 1, Engineering Self-Efficacy, changed only slightly from 5.10 (SD = 1.11) to 5.20 (SD =
1.34), and the t-test results showed no significant difference (t = 0.29, p = 0.773) with a
negligible effect size (Cohen’s d = 0.08). This suggests that self-efficacy related to this factor
remained relatively stable over the study period.

Similar patterns were found for the other LAESE factors, with both male and female participants
showing minimal changes in their self-efficacy scores pre- and post-intervention. This stability
suggests that the changes observed in programming-specific self-efficacy did not extend to
broader engineering self-efficacy. However, given the lack of a control group, it is important to
interpret these results cautiously. The stability in scores might reflect external influences or a
natural progression in participants’ self-efficacy unrelated to the intervention.

In summary, while the paired t-test results show significant improvements in programming
self-efficacy (as measured by the CPSES) for both genders, particularly in female participants,
the broader engineering self-efficacy (measured by the LAESE) remained largely unchanged.
Due to the absence of a control group, caution is required in attributing these changes directly to
the intervention, as other variables may have played a role in influencing the outcomes.

Following the analysis of within-group differences through paired t-tests, it is also important to
examine whether the observed changes in self-efficacy differ between male and female
participants. To explore potential gender-based differences in the impact on self-efficacy scores,
independent t-tests were conducted. These tests compare the mean differences between male and
female participants’ pre- and post-intervention scores, providing insight into whether there were
significant variations in how each gender responded. The independent t-tests allow for a more
nuanced understanding of any differential effects between genders, though, as previously noted,
the lack of a control group warrants caution in interpreting these results.

Independent t-test
The independent t-tests conducted to compare post-intervention self-efficacy scores between
male and female participants across the CPSES and LAESE factors revealed no statistically
significant differences between the two groups. For CPSES Factor 1, Independence and
Persistence, the mean score for males was 5.69 (SD = 1.00) compared to 5.48 (SD = 1.15) for
females, with a t-statistic of 0.76 and a p-value of 0.449. The effect size (Cohen’s d = 0.20) was
small, suggesting only a minor variation in self-efficacy levels between genders for this factor.



# Construct Male Mean
(SD)

Female Mean
(SD)

t-statistics p-value

1 CPSES
Factor 1

5.69 (1.15) 5.48 (1.15) 0.76 0.449

2 CPSES
Factor 2

4.80 (1.28) 4.84 (1.07) -0.12 0.905

3 CPSES
Factor 3

5.05 (1.18) 4.85 (1.16) 0.67 0.503

4 CPSES
Factor 4

5.45 (1.28) 5.45 (1.14) 0.32 0.754

5 LAESE
Factor 1

5.49 (1.14) 5.20 (1.34) 0.89 0.376

6 LAESE
Factor 2

5.72 (1.29) 5.36 (1.63) 0.94 0.350

7 LAESE
Factor 3

5.23 (1.12) 4.68 (1.43) 1.62 0.111

8 LAESE
Factor 4

6.04 (0.93) 5.61 (1.46) 1.34 0.187

Table 3: independent t-test

Similarly, CPSES Factor 2, complex Programming Tasks, showed comparable mean scores for
males (4.80, SD = 1.28) and females (4.84, SD = 1.07), with a t-statistic of -0.12 and a p-value of
0.905, indicating no significant difference. The negligible effect size (Cohen’s d = -0.03) further
supports the lack of variation in self-efficacy between genders for this factor.

For CPSES Factor 3, Self-regulation, males had a mean score of 5.05 (SD = 1.18) compared to
4.85 (SD = 1.16) for females. The t-statistic was 0.67, with a p-value of 0.503, indicating no
significant gender difference. The small effect size (Cohen’s d = 0.17) points to minimal
differences in self-efficacy levels.

In CPSES Factor 4, Simple Programming Tasks, male participants had a mean score of 5.54 (SD
= 1.28), while females scored 5.45 (SD = 1.14), with a t-statistic of 0.32 and a p-value of 0.754.
The effect size (Cohen’s d = 0.08) was negligible, indicating that self-efficacy levels were
virtually the same between the genders.



The LAESE Factor 1, Engineering Self-efficacy, scores showed similar results, with males
scoring 5.49 (SD = 1.14) and females scoring 5.20 (SD = 1.34). The t-statistic of 0.89 and
p-value of 0.376 suggest no significant difference, with a small effect size (Cohen’s d = 0.23)
pointing to a minor, non-significant difference in self-efficacy.

Overall, the results indicate that male and female participants exhibited similar self-efficacy
levels across all measured factors, with no significant differences between the groups. However,
due to the absence of a control group, these findings should be interpreted cautiously. It is
possible that factors outside the intervention may have influenced the results, and without a
control condition, it remains difficult to isolate the cause of any observed changes or similarities
in self-efficacy between genders.

Data Normality
Prior to conducting the t-tests, it was necessary to assess the normality of the data, as both paired
and independent t-tests assume normally distributed data. While normality becomes less critical
with larger sample sizes, typically over 30 participants per group, due to the Central Limit
Theorem (Field, 2013), it remains essential to formally test for normality, particularly when
sample sizes are smaller or the data distribution is uncertain. The Central Limit Theorem
suggests that, as sample sizes increase, the distribution of the sample mean differences
approaches normality, even when the underlying data is not perfectly normal (Ghasemi &
Zahediasl, 2012).

To ensure the data met this assumption, the Shapiro-Wilk test was employed to assess normality.
The Shapiro-Wilk test is frequently used in real-world applications across various fields,
including educational and psychological research, to evaluate whether data significantly deviates
from a normal distribution (Razali & Wah, 2011). This approach helped ensure the validity of the
subsequent t-tests, providing confidence that the assumptions of the statistical models were
adequately met.



Figure 4: LAESE Factor scores - Histograms and Q-Q plots

figure 5: CPSES Factor scores - Histograms and Q-Q plots



Figures 4 and 5 provide visual assessments of the data distribution for the CPSES and LAESE
factors, respectively, through histograms and Q-Q plots. These figures are essential in evaluating
the assumption of normality, which underpins the use of t-tests in this analysis.

For the CPSES factors in Figure 4, the histograms suggest that the majority of participants’
scores cluster around the mid-to-high range (4-7). Although the Q-Q plots demonstrate that the
data points largely follow the expected normal distribution line, slight deviations are present,
particularly in the tails. These deviations indicate that while the assumption of normality holds
reasonably well, the presence of some skewness or kurtosis in the data, especially at the
extremes, may influence the paired and independent t-tests’ outcomes. Despite these deviations,
the Central Limit Theorem mitigates concerns for large sample sizes, supporting the robustness
of the t-tests. However, caution should still be applied in interpreting any significant results,
given the small deviations from normality and the absence of a control group.

Similarly, Figure 5 shows the distribution of scores for the LAESE factors. The histograms
suggest more pronounced skewness, particularly for Factors 3 and 4, where a substantial portion
of the data is clustered in the higher score ranges. The Q-Q plots for these factors reveal a greater
departure from the normal distribution line at both tails, indicating a potential violation of the
normality assumption. This departure could impact the t-test results for the LAESE factors,
particularly for smaller sample sizes. The observed skewness might lead to a reduction in the
sensitivity of the t-tests, increasing the risk of Type I or Type II errors.

In conclusion, while the data largely approximates normality, as evidenced by the visualizations
in Figures 4 and 5, some deviations exist. These deviations, especially in the LAESE factors,
should be considered when interpreting the results of both the paired and independent t-tests.
Without a control group and with slight deviations from normality, the findings should be
approached with caution, acknowledging that other unmeasured factors may have influenced the
data distribution and the statistical outcomes.

Discussion

Significance of Changes in Self-Efficacy Constructs
The results of this study indicated significant changes in self-efficacy across both CPSES and
LAESE constructs after the intervention. Paired t-tests revealed substantial improvements in
programming self-efficacy, particularly in CPSES factors where both male and female students
experienced notable gains ( Factor 1: Independence and Persistence; Factor 2: Complex
Programming Tasks; and Factor 4: Simple Programming Tasks). The increases observed in the
CPSES factors suggest that participants felt more confident in their ability to tackle
programming-related tasks. This enhancement in self-efficacy is important, as it is known to
positively influence students’ motivation, persistence, and performance in programming-related



coursework [5]. The significant improvements in areas such as problem-solving and coding
complexity imply that students felt better equipped to manage the demands of programming
tasks after the intervention [14] .

Differential Impact on Male Versus Female Students
The results of the independent t-tests highlight that the intervention had a relatively balanced
effect on both male and female students, with no statistically significant gender differences in
post-intervention self-efficacy scores across both CPSES and LAESE constructs. However, the
effect sizes for female students across all CPSES factors were larger, suggesting that female
students might have experienced more pronounced improvements in self-efficacy, particularly in
areas where their initial scores were lower. Additionally, the pre-post changes were significant
for female students across all CPSES factors. These findings align with previous research
suggesting that targeted interventions can help narrow the self-efficacy gap between male and
female students in technical domains such as programming [11, 6]. The increase in female
students’ self-efficacy levels is encouraging, as it may help to address the gender disparity in
confidence often observed in computing fields.

Implications for Educational Practice
The findings underscore the importance of integrating interventions that support self-efficacy
development, particularly for underrepresented groups in technical fields. Although the
independent t-tests did not reveal significant gender differences, the overall gains in self-efficacy,
especially among female students, highlight the potential of targeted educational tools to address
confidence disparities [16]. Educators should consider incorporating similar interventions that
offer structured feedback and guidance to students, as these tools may be effective in enhancing
self-efficacy and ultimately improving student outcomes in programming and engineering
education [19].

Enhancing Programming Self-Efficacy
The improvements seen in programming self-efficacy across all participants point to the value of
focusing on this construct in programming and engineering curricula. As programming
proficiency becomes increasingly important in engineering and technology fields, it is crucial
that students feel confident in their coding abilities [4]. The intervention, by improving
self-efficacy, likely contributed to students feeling more capable in their programming tasks.
Such interventions, which provide immediate and constructive feedback [21], could be expanded
in future courses to support students in building essential technical skills and maintaining
confidence in their abilities.

Limitations of the Study
One of the primary limitations of this study is the absence of a control group, which restricts the
ability to isolate the effects of the intervention from other factors that could have influenced the



observed improvements in self-efficacy. While the paired t-tests provided insights into changes
within the same cohort over time, future studies would benefit from including a control group to
establish more robust causal claims [34]. Furthermore, although the sample size was sufficient to
detect significant changes, larger and more diverse samples would enhance the generalizability
of the findings. Expanding the study across different institutions and educational contexts would
provide a clearer picture of how similar interventions impact a broader range of students.

Generalizability of Findings
The generalizability of these findings is somewhat limited, given that the study was conducted
with a specific cohort of students within a single institution. Future research should seek to
replicate these results across multiple institutions and disciplines to determine the broader
applicability of the intervention [38]. Additionally, longitudinal studies tracking the long-term
effects of improved programming self-efficacy on academic and career success would provide
valuable insights into the lasting impact of such interventions on students in programming and
engineering fields [39].

Conclusion

This study demonstrated that the WebTA code critiquing tool significantly improved
programming self-efficacy among first-year engineering students, with particularly notable gains
for female students. These findings underscore the effectiveness of targeted educational
interventions in boosting self-efficacy, which is essential for success in programming. Tools like
WebTA, which provide immediate feedback, can be instrumental in addressing confidence
disparities and promoting gender equity in programming fields.

Recommendations for Future Research

Future research should focus on larger and more diverse samples, including underrepresented
genders, to validate these findings and explore the broader impact of interventions like WebTA.
Additionally, examining other demographic factors, such as race and socioeconomic status, could
provide deeper insights into how different groups benefit from educational tools. Longitudinal
studies would further help understand the long-term effects of such interventions on academic
and career outcomes in programming.
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