
iJEP | Vol. 16 No. 5 (2026)	 International Journal of Engineering Pedagogy (iJEP)	 125

JEP International Journal of 

Engineering Pedagogy 

iJEP  |  eISSN: 2192-4880  |  Vol. 16 No. 5 (2026)  | 

Tzou, W.-S., Ma, C.-H., Yeh, Y., Simarmata, M. T. A. (2026). Achievement Goal Motivation Influences Self-Efficacy in AI-Supported Collaborative 
Programming: Mediating Roles of Growth Mindset and Mastery Experience. International Journal of Engineering Pedagogy (iJEP), 16(5), pp. 125–143. 
https://doi.org/10.3991/ijep.v16i5.62296

Article submitted 2026-05-12. Revision uploaded 2026-07-14. Final acceptance 2026-07-20.

© 2026 by the authors of this article. Published under CC-BY.

Online-Journals.org

PAPER

Achievement Goal Motivation Influences Self-Efficacy 
in AI-Supported Collaborative Programming: Mediating 
Roles of Growth Mindset and Mastery Experience

ABSTRACT
This study designed an AI-integrated collaborative problem-based learning (CPBL) course 
aimed to bolster programming self-efficacy among undergraduate and to elucidate the 
underlying psychological mechanisms that drive self-efficacy. A total of 179 Taiwanese 
undergraduates participated in an 18-week intervention that integrated AI toolkits, CPBL 
frameworks, and instructional scaffolding to facilitate interdisciplinary application. To achieve 
our goals, two instruments were developed to measure programming-specific achieve-
ment goals and mindsets. The results indicated that the AI-supported CPBL environment 
effectively fostered a growth mindset, mastery experiences, and self-efficacy in programming. 
Mediation model analysis revealed that growth mindset and mastery experience functioned 
as dual mediators linking achievement goal orientation to self-efficacy. Notably, mastery goals 
exerted a markedly stronger influence on self-efficacy compared to performance goals. The 
findings highlight the necessity of prioritizing mastery-oriented pedagogy in the design of 
AI-integrated programming curricula.
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1	 INTRODUCTION

In recent years, programming education has attracted significant global attention 
in many developed countries [1], particularly in the current digital era, where pro-
gramming ability has become an essential interdisciplinary competence [2]. Despite 
its importance, programming is characterized by a steep learning curve and high 
cognitive demand. Even among computer science majors, the complexity of syntax 
and logical abstraction often leads to significant attrition or course withdrawal [3]. 
This challenge is further compounded for non-specialist students, who may lack  
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the foundational mental models required for rapid proficiency. It has been found 
that non–computer science majors tend to exhibit low programming self-efficacy [4].  
Developing programming self-efficacy [5] is therefore critical for fostering pro-
gramming competence. To cultivate learners’ programming self-efficacy, both 
instructional factors and learners’ psychological characteristics must be considered. 
By understanding key psychological mechanisms, instructors can design more 
effective training that enhances learners’ resilience, confidence, and long-term 
success in programming education.

To improve the effectiveness of programming instruction, research has increas-
ingly focused on the development of instructional tools and techniques [6]. In 
response, this study developed a training course integrating AI toolkits into collabo-
rative project-based learning (CPBL). The goal was to explore the psychological 
factors that may influence the development of programming self-efficacy in an 
AI-supported learning environment. To ensure the robustness of the learning 
environment, training effects were also examined.

This study focused on three psychological factors: achievement goals, growth 
mindset, and mastery experience. Achievement goal theory is one of the most 
prominent and empirically supported frameworks for understanding learning 
motivation [7]. Growth mindset refers to the belief that one’s abilities can be devel-
oped over time [8]. A strong achievement goal orientation may foster a growth 
mindset. Together, these two motivation-related traits can influence the develop-
ment of mastery experiences. Furthermore, mastery experience is considered the 
most powerful source for enhancing self-efficacy [9], [10]. Based on these theoretical 
connections, we hypothesize that growth mindset and mastery experience serve 
as mediators between achievement goals and programming self-efficacy in an 
AI-supported learning context.

Achievement goals are generally categorized into mastery goals, which focus on 
improving one’s own competence, and performance goals, which focus on demon-
strating competence relative to others [7]. While mastery goals are consistently 
found to benefit learning, the effects of performance goals are more variable [11].  
Accordingly, this study examines how different achievement goal orientations 
influence programming self-efficacy through the mediating roles of growth mindset 
and mastery experience in an AI-supported Python programming environment.

2	 LITERATURE REVIEW

2.1	 Constructs of achievement goals

Achievement goal theory generally distinguishes between two primary goal 
orientations. Mastery goals emphasize learning and self-improvement. Learners 
with mastery goals tend to adopt deep learning strategies and persist in the face of 
challenges. In contrast, performance goals focus on demonstrating competence rel-
ative to others. Learners with performance goals often prioritize outcomes and may 
avoid challenging tasks to protect their self-image [12], [13].

To extend the explanatory power of the theory, Elliot and McGregor [14] 
proposed a 2 × 2 model that differentiates between approach and avoidance 
orientations within both mastery and performance goals. The four resulting cate-
gories are: (1) Mastery-approach (e.g., striving to fully understand learning content);  
(2) Mastery-avoidance (e.g., striving to avoid missing important concepts); 
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(3) Performance-approach (e.g., striving to outperform others); and (4) Performance-
avoidance (e.g., trying to avoid being judged poorly for poor performance). Among 
these orientations, mastery-approach goals are most consistently associated with 
adaptive outcomes, including higher self-efficacy, greater intrinsic motivation, and 
sustained academic achievement [15], [16].

Research has shown that achievement goal orientation plays a crucial role in 
computer-supported collaborative learning [17]. Furthermore, peer cooperation 
and competition have both been found to be positively related to mastery‐approach 
goals [18]. Although achievement goal theory has been widely applied across edu-
cational domains, its application in programming education remains limited. To 
address this gap, the present study incorporates achievement goals to examine their 
role in programming learning. For this purpose, we first developed an inventory to 
measure programming achievement goals.

2.2	 Constructs of mindsets

Mindset theory offers a valuable framework for understanding how students 
interpret challenges and respond to setbacks [19]. Originally, the concept of mind-
set referred to an individual’s beliefs about intelligence [8]. Two core beliefs define 
this construct: a fixed mindset, in which intelligence is viewed as static, and a 
growth mindset, in which intelligence is seen as malleable and capable of devel-
opment through effort and effective strategies [8], [20]. Students who endorse a 
growth mindset are more likely to embrace challenges as opportunities for devel-
opment [21]. This belief promotes adaptive learning behaviors, such as persistence, 
self-regulation, and the adoption of effective learning strategies [22]. Furthermore, a 
growth mindset is positively associated with academic performance [23].

Importantly, mindset is domain-specific; individuals may hold different beliefs 
across different areas. Consequently, mindset research has expanded to diverse 
fields, such as creativity [24] and STEM education [25]. However, mindset has rarely 
been examined in the context of programming education.

To specify the explanatory power of creativity mindsets, Yeh et al. [26] proposed 
a 2 × 2 model that distinguishes between growth and fixed mindsets with internal 
and external attributions. The four types of mindsets are as follows: (1) Growth–
internal mindset: Belief that ability can be improved through self-directed learning; 
(2) Growth–external mindset: Belief that ability can be improved through supportive 
learning environments or assistance from others; (3) Fixed–internal mindset: Belief 
that ability is an innate talent and cannot be improved through self-directed learn-
ing; and (4) Fixed–external mindset: Belief that ability cannot be improved even with 
strong external support. Based on this theoretical framework, this study developed 
an inventory to measure programming mindset.

2.3	 The relationship between programming achievement goals, growth 
mindset, mastery experience, and self-efficacy during training

Programming self-efficacy, defined as a learner’s belief in their ability to successfully 
design, structure, implement programming solutions, and solve problems, is a critical 
factor influencing motivation and achievement in programming education [27], [4].  
For students from non-computer science backgrounds, low self-efficacy is often 
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associated with anxiety, disengagement, and even course attrition [28]. Fostering 
programming self-efficacy is therefore essential for supporting these learners.

Prior research has suggested that programming self-efficacy is associated with 
students’ prior programming experiences and performance outcomes [29], [30]. 
Meta-analytic evidence also indicates that mastery experience is the most influential 
source of self-efficacy [31]. Mastery experiences enhance learners’ sense of com-
petence and self-confidence, particularly when tasks are iterative, feedback-rich, 
and demand active problem-solving [32]. In programming education, mastery 
experience involves acquiring coding skills and applying them to solve real prob-
lems. It is, therefore, crucial for building programming self-confidence.

Furthermore, social cognitive theory posits that self-efficacy is shaped by an 
interplay of personal, behavioral, and environmental influences [33]. Motivation 
serves as the foundation for learner engagement in programming tasks and shapes 
their mindset [34]. Research indicates that highly motivated learners, particularly 
those with a mastery goal orientation, are more likely to adopt a growth mindset, 
believing that programming skills can be developed through persistence [35]. In the 
same vein, it is found that students with a growth mindset are more likely to persist 
through errors and debugging, achieving incremental successes in programming 
tasks [36]. This mindset, in turn, fosters sustained engagement and the accumulation 
of mastery experiences, which ultimately strengthen programming self-efficacy.

In summary, the relationship between programming motivation and 
self-efficacy can be conceptualized as a serial mediation model: achievement goal 
motivation → growth mindset → persistence and mastery experience → enhanced 
programming self-efficacy.

2.4	 Artificial intelligence-supported CPBL

Collaborative project-based learning promotes both knowledge acquisition 
and teamwork by engaging learners in real-world problem-solving projects. CPBL 
emphasizes process-oriented, context-related, and student-centered learning [37]. 
Research on CPBL has shown that collaboration fosters shared responsibility, moti-
vation, and essential teamwork skills [38]. Active peer interaction enables students 
to articulate ideas, solve problems collectively, and, in turn, develop confidence and 
self-efficacy [39].

In programming education, CPBL provides opportunities for guided practice, 
allowing students to build mastery experiences that strengthen their self-efficacy [40].  
This approach is particularly effective for non–computer science majors, as it 
situates programming within meaningful, interdisciplinary contexts [41], [42]. 
Moreover, CPBL enables students to collaboratively engage in authentic, complex 
projects that promote the development of knowledge and skills while systemati-
cally completing interconnected learning tasks to achieve the project goals. This 
approach has been shown to significantly enhance college students’ programming 
performance [37].

On the other hand, the interdisciplinary nature of CPBL further encourages 
learners to integrate IT and programming skills into broader problem-solving con-
texts [41], [42]. The integration of AI support into CPBL offers additional benefits. AI 
can provide instant assistance, personalized feedback, and adaptive guidance, all of 
which have been shown to enhance programming performance [43]. For example, 
the use of a generative AI tool, MindScratch, has been found to help learners com-
plete creative programming projects [44]. Moreover, it was found that incorporating 
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ChatGPT into weekly programming practices improved students’ programming 
self-efficacy [4]. Building on these strengths, the present study developed an 
AI-supported CPBL framework aimed at enhancing learners’ growth mindset, 
mastery experience, and programming self-efficacy.

2.5	 Present study and hypotheses

Given the growing importance of Python programming and the potential of 
AI-supported CPBL, we designed an 18-week training course, by which we examined 
how achievement goals influence programming self-efficacy. To achieve these objec-
tives, we developed two instruments: the inventory of programming motivation 
(IPMo) and the inventory of programming mindsets (IPM).

We further anticipated that different types of achievement goal motivation—
specifically, mastery goals and performance goals—might exert distinct effects on 
self-efficacy. The following hypotheses were proposed:

•	 H1: Growth mindset would mediate the influence of achievement goal motivation 
on programming self-efficacy among non–computer science college students.

•	 H2: Mastery experience would mediate the influence of achievement goal motiva-
tion on programming self-efficacy among non–computer science college students.

•	 H3: Growth mindset and mastery experience would jointly mediate the influ-
ence of achievement goal motivation on programming self-efficacy among 
non–computer science college students.

•	 H4: Mastery goal motivation would exhibit stronger overall explanatory power in 
predicting programming self-efficacy compared to performance goal motivation.

Notably, in an exploratory manner, we also examined the training effects on 
mastery experience and self-efficacy in programming, as well as fixed and growth 
mindsets toward programming. The effects of achievement goal motivation were 
not assessed because the study did not include any manipulation of this construct. 
Instead, we assumed that achievement goal motivation would influence students’ 
learning processes during the training.

3	 METHOD

3.1	 Participants

A total of 179 college students (88 females, 80 males, and 11 unspecified) who 
had participated in the inventory development also took part in the training course. 
All participants were undergraduate students from the School of Life Science, with 
a mean age of 19.45 years (SD = 8.74), enrolled in the liberal education course 
Programming Language and Data Processing offered by the Department of Bioscience 
and Biotechnology at a public university in Taiwan. This study was conducted as 
part of a regular university course. Participation involved no risk beyond normal 
educational activities. All data were anonymized before analysis. Participation in 
research analysis was voluntary, and informed consent was obtained from all par-
ticipants at the outset of the study. Each participant received a reward equivalent to 
approximately USD 7.

https://online-journals.org/index.php/i-jep


	 130	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 16 No. 5 (2026)

Tzou et al.

3.2	 Instruments

Four instruments were used in this study: the IPMo, the IPM, the Inventory of 
Programming Mastery Experience (IPME), and the Inventory of Programming Self-
Efficacy (IPSE). The first two inventories were developed in this study. All instruments 
employed a 6-point Likert scale ranging from 1 (strongly disagree) to 6 (strongly agree).

IPMo and IPM. The development of the IPMo and IPM involved a series of reli-
ability and validity analyses to assess internal consistency and construct validity. 
The final version of the IPMo consisted of nine items across two factors: Mastery 
goal (5 items) and Performance goal (4 items) (refer to Table 1). The IPM comprised 
ten items across two factors: Growth mindset (5 items) and Fixed mindset (5 items) 
(refer to Table 2). Details of the scale development process are provided in Section 4.1.

IPME and IPSE. The IPME [45] was used to measure participants’ mastery experi-
ence in Python programming. The scale was validated through both exploratory and 
confirmatory factor analyses. It comprised five items across two factors: Foundational 
ability (3 items) and Advanced ability (2 items). The correlation between the two fac-
tors was .810 (p < .001), and the correlations between each factor and the total score 
were .965 and .936 (ps < .001). Cronbach’s α coefficients were .930 for the overall 
scale, .909 for Foundational ability, and .857 for Advanced ability. Example items 
include: “I can apply basic programming syntax in my code” (Foundational ability) 
and “I can use programming to explore what interests me” (Advanced ability).

The IPSE [45] was used to assess participants’ self-efficacy in Python programming. 
The scale was validated through both exploratory factor analysis (EFA) and confirma-
tory factor analysis (CFA). It consists of seven items across two factors: Application 
self-efficacy (4 items) and Learning self-efficacy (3 items). The correlation between the 
two factors was .843 (p < .001), and the correlations between each factor and the total 
score were .973 and .945 (ps < .001). Cronbach’s α coefficients indicated excellent inter-
nal consistency, with values of .943 for the overall scale, .912 for Application self-effi-
cacy, and .899 for Learning self-efficacy. Example items include: “I believe I can adapt 
example code to solve similar problems” (Application self-efficacy) and “I believe I can 
learn and understand basic programming syntax” (Learning self-efficacy).

3.3	 Experimental design and procedures

Fig. 1. Experimental design and key features of the instructional design
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Data for inventory development were collected via SurveyCake (https://www. 
surveycake.com), with no time constraints imposed on participants. For the exper-
imental teaching, the study aimed to enhance students’ growth mindset, mastery 
experience, and self-efficacy through an 18-week instructional course. During the 
first week, participants completed a pretest assessing achievement goal motivation, 
growth mindset, mastery experience, and self-efficacy. They then engaged in the 
18-week training course, after which they completed a posttest containing the same 
measures as the pretest. We anticipated that the training course would enhance 
participants’ programming motivation, growth mindset, mastery experiences, and 
self-efficacy. See Figure 1 for the experimental design and the key features of the 
instructional design.

The course was conducted in a blended learning format via the TronClass teach-
ing platform. The instructor—also the first author—has over 20 years of experience 
teaching the Programming Language and Data Processing course. The instructional 
design was organized into three stages:

1.	 Python basics (Weeks 1–7): This stage introduced fundamental Python syntax 
and the use of comments. Problem-based learning was emphasized through 
hands-on coding exercises, weekly assignments, and group discussions.

2.	 Data analysis and visualization (Weeks 8–14): This stage focused on progres-
sively developing students’ data analysis skills, including data visualization 
with Matplotlib, exploring relationships among variables, and applying linear 
regression models. Learning activities centered on practical applications of the 
taught techniques.

3.	 Maker projects and reflection (Weeks 15–18): This stage implemented CBPL 
using the Flag’s Maker Workshop: Learning Python Through Maker Activities 
kit. Students engaged in peer sharing, discussion sessions, and reflective prac-
tices throughout the project process. Three projects were completed with an 
ESP32-powered AI maker kit: a Morse Code Communicator, a Lie Detector, and 
a Pulse Oximeter. The Morse Code Communicator required students to program 
LED blink patterns to simulate Morse code. The Lie Detector used a galvanic skin 
response (GSR) sensor to detect changes in skin conductivity, analyzing fluctu-
ations to infer stress levels and potential deception. Finally, the Pulse Oximeter 
employed an optical sensor to measure blood oxygen saturation (SpO₂) and 
pulse rate, with real-time data processing and display via the ESP32. Together, 
these projects showcased how sensing technologies and microcontrollers can be 
applied in interactive and wearable systems. Examples of applications using the 
AI kit are illustrated in Figure 2.

To support active learning, the course integrated multiple technologies—including 
Python, multimedia resources, PowerPoint slides, and a software development 
kit—aimed at strengthening conceptual understanding, facilitating hands-on prac-
tice, promoting collaboration and discussion, and enhancing problem-solving skills 
and confidence. A central resource was the kit Flag’s Maker Workshop, which pro-
vided structured tasks to increase student engagement and reinforce practical 
Python skills and self-efficacy through group CPBL. The instructional design followed 
a scaffolding approach, gradually guiding students from foundational concepts to 
applied projects and reflection. Notably, throughout the course, students participated 
in peer sharing, collaborative project development, and in-class presentations.

https://online-journals.org/index.php/i-jep
https://www.surveycake.com
https://www.surveycake.com


	 132	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 16 No. 5 (2026)

Tzou et al.

Fig. 2. Examples of applications using the kit of “Flag’s Maker Workshop: Learning Python 
Through Maker Activities”

Notes: The Morse code for SOS was coded into the LED lights to send a message. The letter S (· · ·) is 
shown by three quick flashes, and the letter O (– – –) is shown by three long flashes. Together, the short 
and long flashes spell out SOS.

Notably, generative AI—primarily ChatGPT—was systematically integrated to sup-
port students’ learning in both individual and group assignments. At the beginning of 
the course, the instructor demonstrated how to formulate effective prompts. Throughout 
the learning process, the instructor also provided explicit guidance when students were 
unable to obtain useful responses from the generative AI on their own, particularly 
during the final Maker Project. In addition, students were taught how to improve their 
programming skills by interpreting and refining the feedback generated by ChatGPT. 
Within this AI-supported, collaborative problem-solving environment, students learned 
to leverage generative AI effectively to enhance and facilitate their learning.

4	 RESULTS

4.1	 Inventory development

For both inventories, internal consistency reliability and EFA with Promax 
rotation were conducted to establish reliability and preliminary construct validity. 
Subsequently, CFA using maximum likelihood estimation, along with inter-factor 
correlation analyses, was performed to further validate the construct structure.

Development of the IPMo. Exploratory factor analysis results for the IPMo 
revealed a two-factor structure—Mastery goal and Performance goal—across nine 
items. Factor loadings ranged from .697 to .966, accounting for 75.606% of the 
total variance (refer to Table 1). The correlation between the two factors was .575 
(p < .001), and the correlations between each factor and the total score were .892 
and .883 (ps < .001). Cronbach’s α coefficients indicated strong internal consistency, 
with values of .913 for the overall scale, .897 for the Mastery goal, and .916 for the 
Performance goal. Item–total correlations ranged from .591 to .788, further support-
ing the reliability of the scale.

Confirmatory factor analysis further supported the two-factor structure of the 
IPMo. The model fit indices were: χ² (N = 193, df = 26) = 124.151, p < .001; goodness-
of-fit index (GFI) = .877; adjusted goodness-of-fit index (AGFI) = .788; standardized 
root mean square residual (SRMR) = .059; root mean square error of approximation 
(RMSEA) = .140; comparative fit index (CFI) = .926; and normed fit index (NFI) = .909. 
The composite reliability (CR) values for the Mastery goal and Performance goal 
factors were .895 and .917, respectively, and the average variance extracted (AVE) 
values were .647 for Mastery goal and .738 for Performance goal.
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Table 1. Test items and factor loadings of the IPMo

No.
Factors and Items Factor Loadings

During the Learning of Programming 1 2

Factor 1: Mastery goal (α = .897)

3 I strive to avoid missing any important concepts during my learning. .923

2 I do my best to learn as many important concepts from class as possible. .893

6 I make an effort to integrate what I’ve learned, hoping to apply it effectively. .876

1 I try hard not to take a perfunctory approach, so as not to reduce the 
effectiveness of my learning.

.802

7 I strive to avoid a superficial understanding that prevents true comprehension 
and integration.

.697

Factor 2: Performance goal (α = .916)

9 I put in great effort to perform well so others won’t look down on me. .966

5 I work hard to avoid being ridiculed by others. .912

8 I strive to perform well to impress others. .908

4 I make an effort to perform well in hopes of gaining others’ recognition. .717

The development of IPM. Exploratory factor analysis revealed a two-factor 
structure—Fixed Mindset and Growth Mindset—across ten items. Factor loadings 
ranged from .814 to .902, accounting for 77.283% of the total variance (refer to 
Table 2). The correlation between the two factors was -.381 (p < .001). The correla-
tions between each factor and the total score were .551 (p < .001) for Fixed Mindset 
and .562 (p < .001) for Growth Mindset (refer to Table 2). Cronbach’s α coefficients 
indicated excellent internal consistency, with values of .929 for Fixed Mindset and 
.920 for Growth Mindset. Item–total correlations ranged from .758 to .851 for Fixed 
Mindset and from .744 to .846 for Growth Mindset.

Confirmatory factor analysis further supported the two-factor structure of the 
IPM. The model fit indices were: χ2 (N = 193, df = 34) = 133.550, p < .001; GFI = .871; 
AGFI = .791; SRMR = .046; RMSEA = .123; CFI = .937; and NFI = .918. CR values were 
.930 for Fixed Mindset and .919 for Growth Mindset, with AVE values of .702 and 
.727, respectively.

Table 2. Test items and factor loadings of IPM

No. Factors and Items
Factor Loadings

1 2

Factor 1: Growth mindsets (α = .920)

8 If I have good learning opportunities, my programming skills can improve 
significantly.

.897

7 As long as I am willing to learn, I can improve my programming skills. .886

4 If I have a good learning environment, my programming skills can improve. .859

2 With the help of teachers and teaching assistants, my programming skills 
will improve.

.823

1 My programming skills can be improved through self-learning, and it’s never 
too late to start learning now.

.814

(Continued)
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No. Factors and Items
Factor Loadings

1 2

Factor 2: Fixed mindsets (α = .929)

6 Even if there is a good learning environment, it’s still difficult for me to improve 
my programming skills.

.902

5 Even if I am willing to learn, it’s still hard for me to improve my 
programming skills.

.879

10 Even if I have great learning opportunities, my programming skills won’t 
improve much.

.869

9 Even if I study very hard on my own, my programming skills won’t improve 
significantly.

.867

3 It’s hard for me to improve my programming skills; self-learning doesn’t 
help either.

.815

4.2	 Improvement of programming self-efficacy, mastery experience, 
and mindset

To assess the effects of the training course, repeated measures ANOVA was 
performed with pretest and posttest scores as within-subject variables for pro-
gramming self-efficacy, mastery experience, growth mindset, and fixed mindset. 
Means and standard errors are presented in Figure 3. Results showed significant 
improvements in the overall and subscale scores of programming self-efficacy, 
Fs(1, 166) = 7.538–48.906, ps < .01, η

p

2 = .090–.228. Participants’ growth mindset also 
significantly increased, F(1, 166) = 5.248, p = .023, η

p

2 = .031, whereas their fixed 
mindset significantly decreased, F(1, 166) = 4.625, p = .033, η

p

2 = .027 (refer to Table 3).

Fig. 3. Means and standard errors of programming self-efficacy, mastery experience,  
and growth mindset in the pretest and posttest

Table 2. Test items and factor loadings of IPM (Continued)
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Table 3. Results of repeated measures ANOVA examining improvements in programming self-efficacy, 
mastery experience, growth mindset, and fixed mindset

Source MS F(1, 166) p ηη
p

2 Comparison

Self-Efficacy 18.821 48.906*** .000 .228 Posttest > Pretest

Application 15.955 34.829*** .000 .173 Posttest > Pretest

Learning 23.010 53.597*** .000 .244 Posttest > Pretest

Mastery experience 7.701 12.584*** .001 .142 Posttest > Pretest

Foundational ability 8.107 14.785*** .000 .163 Posttest > Pretest

Advanced ability 5.651 7.538** .008 .090 Posttest > Pretest

Mindset

Growth mindset 2.183 5.248* .023 .031 Posttest > Pretest

Fixed mindset 2.415 4.625* .033 .027 Posttest < Pretest

Notes: *p < .05. **p < .05. ***p < .05.

4.3	 The process model of motivation, growth mindset, mastery experience, 
and self-efficacy

We employed SPSS PROCESS to examine the potential mechanisms underlying 
the enhancement of programming self-efficacy during the training. Because we 
assumed that a fixed mindset would be negatively correlated with the other vari-
ables, we did not include it in the model. The correlation between the two types of 
achievement goals was .575 (p < .001). The mean scores (and standard deviations) for 
the overall motivation scale, mastery goal, and performance goal were 3.58 (0.80), 
3.79 (0.83), and 3.31 (1.00), respectively. To assess whether mastery goal and perfor-
mance goal motivations exerted distinct influences within the PROCESS framework, 
we conducted separate analyses for each motivational type. In the following model 
descriptions, The proposed mediation models are presented in Figures 4 and 5.

Model 1 (see Figure 4) examined the influence of mastery goal motivation on growth 
mindset, mastery experience, and programming self-efficacy. Three significant indi-
rect pathways were identified: (1) Mastery goal → Growth mindset → Self-efficacy: 
Mastery goal positively predicted growth mindset (β = .696, p < .001), which in turn 
predicted self-efficacy (β = .438, p < .001); total indirect effect = .305. (2) Mastery 
goal → Mastery experience → Self-efficacy: Mastery goal directly predicted mastery 
experience (β = .388, p < .001), which subsequently predicted self-efficacy (β = .456, 
p < .001); total indirect effect = .177. (3) Mastery goal → Growth mindset → Mastery 
experience → Self-efficacy: Mastery goal predicted growth mindset (β = .696, p < .001), 
which predicted mastery experience (β = .485, p < .001), which then predicted self- 
efficacy (β = .456, p < .001); total indirect effect = .154.

Again, the direct effect of Mastery goal on self-efficacy was not significant 
(β = .051, p = .361). Overall, the total indirect effect was significant (β = .635), and the 
total effect of Mastery goal on self-efficacy was strong (β = .687, p < .001), explaining 
47.1% of the variance (R2 = .471).
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Fig. 4. PROCESS model of mastery goal, growth mindset, mastery experience, and programming self-efficacy

Model 2 (see Figure 5 examined the influence of performance goal motivation 
on growth mindset, mastery experience, and programming self-efficacy. Three 
significant indirect pathways emerged: (1) Performance goal → Growth mindset → 
Self-efficacy: Performance goal positively predicted growth mindset (β = .359, p < .001), 
which in turn predicted self-efficacy (β = .444, p < .001); total indirect effect = .159. 
(2) Performance goal → Mastery experience → Self-efficacy: Performance goal did 
not significantly predict mastery experience (β = .097, p = .066), although mastery 
experience predicted self-efficacy (β = .468, p < .001); total indirect effect = .045. 
(3) Performance goal → Growth mindset → Mastery experience → Self-efficacy: 
Performance goal predicted growth mindset (β = .359, p < .001), which pre-
dicted mastery experience (β = .720, p < .001), which then predicted self-efficacy 
(β = .468, p < .001); total indirect effect = .121.

Notably, the direct effect of performance goal on self-efficacy was not significant 
(β = .056, p = .361). Overall, the total indirect effect was significant (β = .323), while the 
total effect of motivation on self-efficacy was weaker than in the other two models 
(β = .382, p < .001), explaining 14.6% of the variance (R2 = .146).

Fig. 5. PROCESS model of performance goal, growth mindset, mastery experience, and programming 
self-efficacy

5	 DISCUSSION

5.1	 Inventory development

Two inventories were developed in this study—the Inventory of Programming 
Achievement Goals and the IPM. Both demonstrated good reliability and validity. 
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Achievement goals are critical for fostering the ability to tackle challenging tasks 
[12], [11]. Accordingly, we created the Inventory of Programming Achievement Goals, 
initially developing items based onElliot and McGregor’s 2 × 2 model [14], which 
distinguishes mastery-approach, mastery-avoidance, performance-approach, and 
performance-avoidance goals. However, following reliability and validity testing, the 
items converged into two factors—Mastery goal and Performance goal—consistent 
with the earlier two-factor conceptualization of goal orientation [8].

Additionally, drawing on Yeh et al.’s 2 × 2 mindset framework [26], we devel-
oped items to measure four types of programming mindsets: Growth–internal, 
Growth–external, Fixed–internal, and Fixed–external. After reliability and validity 
analysis, these items also converged into two factors—Growth mindset and Fixed 
mindset—supporting the two-construct theory of mindset [19]. These two mind-
sets demonstrated a moderate negative correlation (r = -.649), indicating that they 
represent distinct, independent dimensions that should be assessed separately.

5.2	 Instructional effects on programming growth mindset, mastery 
experience, and self-efficacy

In an exploratory manner, we examined the training effects on mastery expe-
rience and self-efficacy in programming, as well as fixed and growth mindsets 
toward programming. The effects of achievement goal motivation were not assessed 
because the study did not include any manipulation of this construct and only the 
pretest data were collected. To address the need for cultivating Python programming 
self-confidence among non-computer science majors, we designed and implemented 
an 18-week integrative training course. The results suggest that the instructional 
strategies, such as AI-assisted CPBL, scaffolding, hands-on activities, the use of an 
online learning platform, multimedia presentations, and reflective practices, effec-
tively enhanced participants’ growth mindset, mastery experience, and self-efficacy 
in Python programming, while reducing their fixed mindset.

The course integrated diverse technologies to strengthen conceptual understand-
ing, foster collaboration and discussion, and develop problem-solving skills and 
confidence. A key component was the use of Python Maker Activities within a CPBL 
framework, which provided hands-on, real-world problem-solving experiences. These 
activities, combined with continuous feedback, created repeated opportunities for suc-
cess, thereby building students’ sense of competence and self-efficacy. This aligns with 
findings that CPBL supports mastery experiences and self-efficacy development [40].

The results also support prior evidence that AI-supported tools and adaptive learn-
ing platforms enhance personalization and engagement, enabling learners to improve 
their programming performance [43] and programming self-efficacy [4], as well as to 
complete creative programming projects [44]. Furthermore, the findings are consis-
tent with research showing that project-based learning strengthens self-efficacy [40] 
and programming performance [37]. Overall, these results underscore the value of 
thoughtfully designed, AI-supported CPBL that actively engages learners, promotes 
reflective practice, and scaffolds both self-learning and psychological growth.

5.3	 Relationship of motivation, growth mindset, mastery experience, and 
programming self-efficacy in collaborative and AI-supported learning

The PROCESS results showed that both forms of achievement goals, particularly 
mastery goals, demonstrated strong explanatory power for self-efficacy through 
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growth mindset and mastery experience in Python programming. The findings 
revealed that achievement goal motivation influenced self-efficacy through one 
direct pathway and three indirect pathways. Although none of the “achievement 
goal → self-efficacy” direct effects were significant, all total indirect effects were 
significant.

Regarding the first indirect path (achievement goal → growth mindset → 
self-efficacy), mastery goal motivation yielded the largest total effect (.305), com-
pared to performance goal (.159), with a particularly strong effect on growth mind-
set (β = .696, p < .001). For the second indirect path (achievement goal → mastery 
experience → self-efficacy), the mastery goal also had a larger total effect (.177) than 
the performance goal (.045). Notably, although the total indirect effect was significant, 
the influence of performance goal on mastery experience was not significant. Finally, 
regarding the third indirect path (achievement goal → growth mindset → mastery 
experience → self-efficacy), mastery goal also had a larger total effect (.154) than 
performance goal (121). For the overall total effects (direct plus indirect), mastery 
goal motivation again produced the strongest effect (β = .687, R² = .471), substantially 
exceeding that of performance goal motivation (β = .384, R² = .146).

Overall, growth mindset and mastery experience consistently emerged as critical 
mediators between achievement goal motivation and programming self-efficacy, 
suggesting the view that self-efficacy is shaped by the interplay of motivation, mind-
set, and mastery experience. Moreover, the findings support that motivation plays a 
foundational role in shaping mindset [34].

Among the motivational types, mastery goal motivation produced the most 
coherent and effective pathway for enhancing programming self-efficacy. Within 
the CPBL framework of this training—characterized by reflective thinking, peer col-
laboration, and AI-supported activities—students with mastery goals appeared more 
willing to embrace challenges, thereby strengthening their growth mindset. This 
finding aligns with research showing that learners with a mastery goal orientation 
are more likely to adopt a growth mindset [35] and that the growth mindset serves 
as a key mediator between motivation and mastery experience [24]. It also supports 
the view that the quality of achievement goals plays a crucial role in shaping learn-
ers’ cognition, emotions, behavior, and ultimately, achievement outcomes [11].

In sum, the findings reinforce that effective programming instruction should 
address not only technical skill development but also the psychological read-
iness to persevere and succeed. This study provides an empirical profile of how 
non–computer science students’ achievement goal orientations interact with 
technology- and AI-supported training activities to build programming self-efficacy.

6	 CONCLUSIONS

Collaborative problem-based learning with AI-supported training holds strong 
potential for enhancing programming performance and self-confidence. In this 
study, these strategies and AI toolkits were integrated into an 18-week training 
course. Although the instructional effects required further examination, the findings 
suggest that AI-supported CPBL fosters a supportive learning environment with rich 
hands-on activities, contributing to the development of a growth mindset, mastery 
experience, and self-efficacy in programming. Importantly, growth mindset and 
mastery experience emerged as key mediators linking achievement goal motivation 
to self-efficacy.
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In conclusion, this study contributes to programming education in the following 
aspects: (1) Developing an AI-supported CPBL framework: It demonstrates how AI 
toolkits, CPBL, technological support, and scaffolding can be integrated to enhance 
Python learning and its interdisciplinary applications. (2) Revealing psychological 
mechanisms in programming learning: Growth mindset and mastery experience 
emerged as key mediators linking achievement goal motivation to self-efficacy, offer-
ing insights into how programming self-confidence is built among non–computer 
science majors. (3) Clarifying the role of achievement goal types: It highlights that mas-
tery goals exert a substantially stronger influence on programming self-efficacy than 
performance goals, highlighting the need to distinguish goal types in AI-supported 
CPBL design. (4) Conceptualizing and measuring programming mindsets: This study 
is among the first to conceptualize, distinguish, and validate the dual dimensions 
of programming mindsets, providing robust instruments for future research and 
instructional design in programming education.

7	 LIMITATIONS AND SUGGESTIONS

Although the training effects were examined, the primary focus of this study was 
to investigate how achievement goal motivation shapes programming self-efficacy 
through the mediation of growth mindset and mastery experience in an AI-supported 
collaborative learning environment. Consequently, a control group was not included. 
Nevertheless, the substantial instructional effects observed provide partial evidence 
of the effectiveness of our instructional framework, which may serve as a model 
for teaching students who are apprehensive about programming. Future research 
could incorporate a control group and compare outcomes across different AI tools 
(e.g., MindScratch) to evaluate relative learning benefits.

As the adoption of generative AI becomes increasingly widespread, it is no lon-
ger sufficient to simply teach students how to use AI for programming tasks. More 
critically, educators must scaffold learners in applying AI tools to solve authentic, real-
world problems through programming. Incorporating AI tools into CPBL warrants 
further empirical research to establish a stronger theoretical foundation. In doing 
so, personal traits such as motivation and mindset should be carefully considered, 
along with other potentially important psychological variables.

Finally, this study did not assess peer interaction during or outside the training 
course. Given its central role in CPBL, future research should examine the nature 
and impact of peer collaboration, potentially leveraging generative AI to facilitate or 
analyze these interactions.
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